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Applying Neural Networks Methods To Define The
Attractiveness of The Price of a Hotel Room
Joshua Beelis
Brookfield High School (CT, USA)

ABSTRACT
The author describes a Neural Net method and its application for finding the binary
attractiveness of a hotel’s room price. It is assumed that we have a history of the observed hotel’s
room prices and today’s hotel’s room price. The algorithm based on the Neural Net method is
realized in the MATLAB package.

INTRODUCTION
Recently we see increasing interest in artificial neural networks (ANN’s). They are
successfully applied to the different fields of human activity – business, medicine. ANN’s can be
used in situations where we have some relation between the predictors (inputs) and predicted
variables (outputs) even if this relation has a complex nature [1]. They are able to reproduce
sophisticated dependence after training according to the special algorithm using a representative
sample [2].
In this article we will try to simulate neural networks with help of MATLAB Neural Network
Toolbox [3] to solve one special problem of pattern recognition.

ARTIFICIAL NEURAL NETWORK OVERVIEW
Initial model of artificial neuron was based on computational representation as a binary
threshold unit [4].
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Figure 1. Model of a neuron
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This mathematical neuron computes a weighted sum of its n input signals, xj (j=1,…,n) and
generates an output of 1 if this sum is above a certain threshold u (see fig.1). Otherwise, an output
of 0 results. Algebraically,
f

𝑦=𝜃

𝑤d 𝑥d − 𝑢
dgh

where 𝜃(∙) is unit step function at 0 and 𝑤d is the synapse weight associated with the j-th
input. For simplicity of notation we often consider the threshold u as another weight w0=-u
attached to the neuron with a constant input x0=1. Positive weights correspond to excitatory
synapses, while negative weights model inhibitory ones. It is known, that suitably chosen weights
let a synchronous arrangement of such neurons perform universal computations. There is a crude
analogy here to a biological neuron: wires and interconnections model axons and dendrites,
connection weights represent synapses, and the threshold function approximates the activity in a
soma. Discussed model, however, contains a number of simplifying assumptions that do not reflect
the true behavior of biological neurons.
The McCulloch-Pitts neuron, depicted on fig.1, has been generalized in many ways. An
obvious one is to use activation functions other than the threshold function, such as piecewise
linear, sigmoid, or Gaussian [5]. The sigmoid function is the most frequently used in artificial neural
networks. It is a strictly increasing function that exhibits smoothness and has the desired
asymptotic properties. The standard sigmoid function is the logistic function, defined by 𝑔 𝑥 =
h
where β is the slope parameter.
tuv
hrs

NETWORK ARCHITECTURES
ANN’s can be viewed as weighted directed graphs in which artificial neurons are nodes and
directed edges (with weights) are connections between neuron outputs and neuron inputs.
Based on the connection pattern (architecture), ANN’s can be grouped into two categories
•

feed-forward networks, in which graphs have no loops;

•

recurrent (or feedback) networks, in which loops occur because of feedback connections.

In the most common family of feed-forward networks, called multilayer perceptron, neurons
are organized into layers that have unidirectional connections between them (see fig.2).
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Figure 2. Scheme of two-layer perceptron

Generally speaking, feed-forward networks are static, that is, they produce only one set of
output values rather than a sequence of values from a given input.

LEARNING
The ability to learn is a fundamental trait of intelligence. Although a precise definition of
learning is difficult to formulate, a learning process in the ANN context can be viewed as the problem
of updating network architecture and connection weights so that a network can efficiently perform
a specific task. The network usually must learn the connection weights from available training
patterns.
Performance is improved over time by iteratively updating the weights in the network. ANNs'
ability to automatically learn from examples makes them attractive and exciting. Instead of
following a set of rules specified by human experts, ANNs appear to learn underlying rules (like
input-output relationships) from the given collection of representative examples. This is one of the
major advantages of neural networks over traditional expert systems.
To understand or design a learning process, you need to

1.

Have a model of the environment in which a neural network operates, that is, you must to
know what information is available to the network.

2.

Realize, how network weights are updated, that is, which learning rules govern the updating
process.

A learning algorithm refers to a procedure in which learning rules are used for adjusting the
weights.

ATTRACTIVENESS OF THE HOTEL’S ROOM PRICE
It is well-known that prices of the hotel’s room (HR-price) in cities - touristic centers behave
like shares on the stock market (see example on fig. 3).
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Figure 3. Dynamics of HR-price's changes for the quarter

The specific is that one can book a hotel room for the year ahead, so we have a deal with the
future prices (like futures), but they are not the subject of speculation and could not be traded. The
consumer wants to book a hotel room in the city C on a particular date D, having a fixed amount of
money M (date of booking B is less than D). It is known, that several hotels (H1, H2, …, Hn) offer their
rooms with the prices Pi≤M on the date D. What is the best choice for the consumer? In other words,
which hotel gives a fair price on the date D?
To answer the question we need to define market price A - average price of hotel’s room in
the city - and know history of HR-price’s observations. The idea is to compare HR-price Pi with the
market price A by the special formula, which computes attractiveness index AIj for hotels Hj on the
date D:
𝐴𝐼d =

€

~•
••

−

€

~‚
•‚

.

d

(1)
d

Here 𝑃„ is HR-price of the hotel Hj on the date D, obtained at the date B; 𝑃… is HR-price of the
hotel Hj on the same date D, obtained as an average over a row of the previous observations (cf. [6]).
d
Further, 𝐴„ is an average of the HR-prices 𝑃„ (obtained at the date B) of all N hotels in city C on the
d
date D and 𝐴… is an average of the HR-prices 𝑃… for all K previous observations.
If AIk>0 then we say that HR-price of the hotel Hk is attractive (this hotel lowered HR-price
with respect to the average market price).
Let us remark, that real data with HR-price observations has omissions, so computing of
attractiveness index should be preceded by a special imputation procedure [7].

APPLYING –NEURAL NETWORKS METHOD TO DEFINE HR-PRICE ATTRACTIVENESS
MATLAB package has the most suitable realization of the method [2]. First we need to
prepare our data to be used and processed in MATLAB (see fig.4). In this table we have the data,
referring to the Hotels 1-4 and including 234 observations. Namely, columns titled Hotel #j avg
d
d
concerns HR-prices 𝑃… , while lines titled Hotel #j checkin concerns HR-prices 𝑃„ for half-year
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observation. Lines, named City avg and City avg checkin concerns averages prices 𝐴… and 𝐴„
respectively for the same period. Binary Attractive Index (BAIj) for the Hj was defined by the
following way:
1, 𝑖𝑓𝐴𝐼d > 0
𝐵𝐴𝐼d =
.
(2)
0, 𝑖𝑓 𝐴𝐼d ≤ 0
The main idea is to create and to train a neural network, which will be able to define BAI
without formulas (2)-(3), using only the pattern.
Let us turn to MATLAB workspace (see fig. 5). First line corresponds to loading file with
prepared data and saving it as array M (the original data was stored in a file named Hotels_NN_t.xls).

Figure 4. Fragment of prepared data
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Figure 5. First fragment of MATLAB code

Next step – selection some blocks of M, including 4 rows as inputs (e.g., columns B-E on fig.4)
and unit rows of M, followed after mentioned blocks, as a targets (e.g. column F on fig.4).
Corresponding MATLAB commands one can see on the fig.6.
To use matrix variable MI and binary vector variable M5 for neural network model we should
transposed them by the following command:
x = MI';t = M5';
The next step before training a network is creation the network object. The function
feedforwardnet generates a two-layer network with 10 neurons in the hidden layer. It can be
realized as
net = feedforwardnet;

Figure 6. Second fragment of MATLAB code

During the configuration step, the number of neurons in the output layer is set to one, which
is the number of elements in each vector of targets:
net = configure(net,x,t);
The configure command also initializes the weights and biases of the network; therefore the
network is now ready for training.
Also we need to choose input and output pre/post-processing functions. Our choice is
removing matrix rows with constant values and map matrix row means and deviations to standard
values:
net.input.processFcns = {'removeconstantrows','mapminmax'};
net.output.processFcns = {'removeconstantrows','mapminmax'};
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The next step is setup division of data for training, validation and testing:
net.divideFcn = 'dividerand'; % Divide data randomly
net.divideMode = 'sample'; % Divide up every sample
net.divideParam.trainRatio = 70/100;
net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100;
Here a dataset is prepared for dividing into three parts - 70% for designing network, 15%
for testing and 15% for validating it.
We are not far from the training of our net. It is necessary to choose training and performance
functions now:
net.trainFcn = 'trainbfg'; % quasi-Newton back propagation training
function
net.performFcn = 'mse'; % Mean squared error performance function
Also we need to choose plot function to represent results of the net training:
net.plotFcns = {'plotperform'};
Let us start to train our network:
[net,tr] = train(net,x,t);
For testing the network one can use the next (standard) block of commands
y = net(x);
e = gsubtract(t,y);
tind = vec2ind(t);
yind = vec2ind(y);
percentErrors = sum(tind ~= yind)/numel(tind);
performance = perform(net,t,y)
If we you run the script, you can see the next windows (fig.7).
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Figure 7. Results of network training

This figure shows the confusion matrices for training, testing, and validation, and the three
kinds of data combined. The network outputs are very accurate, as you can see by the high numbers
of correct responses in the green squares and the low numbers of incorrect responses in the red
squares. The lower right blue squares illustrate the overall accuracies.
As we satisfied with the network performance, one can turn to calculate the network
response to another input. Let us check the result of BAI prediction for Hotel 3:
MI3=M(:,11:14);x3=MI3';a=net(x3)
The implementation of this line will create a new vector variable a, containing 234 numbers,
which should be close to 0 or 1 (fig.8).

Figure 8. Results of network using (fragment)

To see the difference between the real and predicted values let us copy transposed line a into
MS Excel sheet and apply function ROUND (fig.9).

Figure 9. Checking the quality of prediction (fragment)
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If we continue to compare real BAI with predicted one, we can be sure that there is only one
mistake (date 4). So, it is high quality algorithm, predicting error is less than 0.5% !

CONCLUSION
Neural Network method provides very effective rules for calcuation of the hotel’s room price
binary attractiveness. The result was obtained for two-layer network with 10 neurons in the hidden
layer by selection of pre/post-processing functions as
a.

removing matrix rows with constant values;

b.

map matrix row means and deviations to standard values.

Significant features of the network creation are also choice quasi-Newton back propagation
function as a training function and Mean squared error function as a performance one.
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Number Theory Based Color Image Compression
and Encryption
Jackson Formiga
Plant High School (FL, USA)

ABSTRACT
This paper highlights the security of digital images based on number theory which tends to
get immense attention in recent past. Encryption process produce statistically manipulated data
from a two dimensional pixel array. In this paper, an enhanced number theory based color image
compression and encryption scheme is proposed. This technique embraces a twin-based
application of image encryption and compression concurrently accepting a model based example
for the general compression-encryption standards.

INTRODUCTION
Modern era demands the efficient ways of storing and transmitting large amounts of data,
most of social networking giants need to maintain a large number of images to store users data, an
efficient image compression and encryption algorithm is a must need for them.
Image compression anticipated to gather the concrete data from image and exclude the
unnecessary pixels while storing the data [1] Data compression can be used in two possible flavors
loss less compression and lossy compression. Lossless compression removes the un-necessary data
in such a way that while decompression the lost pixels can be easily predictable [2]. While lossy
compression results in the reduced data can never be recovered and lossy scheme provide more
compression as compare to lossless scheme [3].

PURPOSE AND RESEARCH PROBLEM
Recently published techniques certainly have their own limitations in-terms of bandwidth
and memory, the most commonly lossless technique is Huffman Coding, which turn out be quite
complex when we have color level values quite large, and secondly the compression level is quite
low. Whereas predictive schemes are widely used to achieve data compression task, one of them is
Differential Pulse Code Modulation (DPCM), the redundancy reduction scheme does not seems to
be robust if compared to other coding techniques also for same quality images, it normally demands
extensive bit rate and is more vulnerable to channel error but despite all these facts it is fairly easy
to implement [4-6].
In block coding structures such as Block Truncation Coding (BTC), Discrete Cosine
Transform(DCT), Vector Quantization (VQ), Discrete Wavelet Transform (DWT), either the
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compression ratio is high and the coding is complexor the compression ratio is diffident and the
coding is also moderate [7-8]. The number of operations (multiplication) for two–dimensional
block coding schemes such as the Discrete Cosine Transform requires N2log2N computations to
code animage block size of N × N. Whereas RGB Color images are based on normally 3-4 layers and
they obviously demands more storage and processing time than grayscale images. Indeed, to assure
the fast transfer rate of multilayer images it is important to develop a new coding technique which
will have features of block size depending on the statistics of the image, minimum rate of distortion,
more coding benefits and less system complexity [11].

NUMBER THEORY BASED IMAGE COMPRESSION
Images are normally represented in the form of a 2-D array whereas color images are
consisting of three layers: blue, green and red. Each layer of color image is compressed separately
as in gray scale image. Further each pixel is of 8 bits its intensity values are ranges from 0 to 255.
The image coding system based on the Number Theory is carried out by the following procedure.
An image of size N × N is taken and is fragmented into blocks of size 1 x K. Each pixel in the block is
represented with a smaller bit representation by dividing by 16.
ai = bi / 16, i = 1 to K
(1)
Now, they are represented as linear congruencies
yi = ai (mod ni)
(2)
for some fixed integer ni. The congruencies are solved using the number theoretic paradigm.
The common solution for a system of linear congruencies is obtained using the method of Chinese
Remainder Theorem [12].
Number theory based compression techniques has the ability to works as a lossy and lossless
structure. In lossy mode, minor error is attained with more compression.
In lossless scheme of compression, two sets of congruencies are considered. Each color
values are separately divided by an even number (we used 16) and further quotients are
represented as linear congruencies and resolved by applying Chinese Remainder Theorem.
Secondly, for original color values remainders were recorded after dividing the 16. The solutions
reached at by applying the Chinese Remainder Theorem to these remainders are also transmitted.
The compression ratio achieved for a block size of 1 x 10 is 3.88 : 1.

Figure # 1 Image compression and encryption
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In efficient encryption/decryption scheme the receiver should decrypt back the encrypted
message using [9]. In proposed scheme, encryption level mainly depends on the combinations of ni.
While decoding, the same combination of ni, which was selected for encoding should be asserted
properly. The proposed scheme is very easy to adopt as the computational and numbe rrunching
steps are very small compared to other methods.

SIMULATION
The Peak Signal to Noise Ratio (PSNR) obtained is moderate. The expression used for PSNR
calculation is
RMSE = √(Σ (Pi-Ri)2/N ), i = 1 to N
PSNR = 20 * log10 [255/RMSE]
Where,
Pi = pixel values from original image
Ri = pixel values from decompressed image
N = number of pixels in the image.

CONCLUSION
The scheme presented in this paper has simple implementation module. It also does the two
dimensional encoding operation with limited time by having less multiplication and very few
arithmetic calculations. In this paper, for compression purpose, the block size (1×K) taken is 1× 10.
Depending on the amount of compression and quality requirement, a large block size can be
considered.
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APPENDIX A
Matlab Code:
clc
clear all
close all
inputImg =

imread('input.bmp');

R = inputImg(:,:,1);
G = inputImg(:,:,2);
B = inputImg(:,:,3);
% Encryption & Encoding
figure, imshow(R)
blockSize

= 4;

k = ceil((size(R,1) * size(R,2))/blockSize);
temp = R';
Rdata = temp(:);
pixData = [];
for i = 1:blockSize:k*blockSize
pixData = [pixData; (Rdata(i:i+blockSize-1))'];
end
pixData = pixData / 16;
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encodedData = [];
b = [17 18 19 23];
for i = 1:k
tempX = chineseRemainderTh(b, double(pixData(i,:)));
%

disp('###')

%

pixData(i,:)
encodedData =

[encodedData; tempX];

end
encodedData = (encodedData);

% Encoded Data

% Decryption & Decoding
encodedData = (encodedData);
b = [17 18 19 23];
decBlocks = [];
for i=1:length(encodedData)
temp =

mod(encodedData(i),

decBlocks =

b);

[decBlocks; temp];

end
decBlocks = decBlocks * 16;
decImg = reshape(decBlocks',size(inputImg,1),size(inputImg,2));
decImg = flipdim(imrotate(decImg, 270), 2);
figure,imshow(decImg,[])
function [x] = chineseRemainderTh(b, g)
% Objective: To find the smallest x such that:
% a. g=mod(x,b) or written in another way
% b. x =(%b) g
[bx by] = meshgrid(b, b);

Review of Computational Science and Engineering ½Volume 3, Issue 3

17

bb = gcd(bx,by)-diag(b);
pp = ~sum(sum(bb>1));
if (pp)
%

display(['The Bases [relativly prime] are: b=[' num2str(b)

']'])
%

display(['The Number [representation] is : g=<' num2str(g) '>'

])
% take out one by one bases and replace with 1's
xo = by-diag(b-1);
% and get the product of the others
Mk = prod(xo);
% now we should get an solution for x and xa where Mk.*xa =(%b) x
=(%b) 1
% note that xa.*g is a solution, i.e xa.*g =(%b) g, because xa =(%b)
ones
[Gk, nk, Nk] = gcd ( b, Mk ) ;
% [G,C,D] = GCD( A, B ) also returns C and D so that G = A.*C + B.*D.
% These are useful for solving Diophantine equations and computing
% Hermite transformations.
% Then the strange step
Sum_g_Nk_Mk = sum ( (g .* Nk) .* Mk ) ;
% get the lowest period unique answer between [0:(product(b)-1)]
x = mod(Sum_g_Nk_Mk,prod(b));
%

mod(x,b)

%

display(['The Number [lowest unique value] is: x=''' num2str(x)
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'''' ])
else
%

display('The Bases are NOT Relprime.')

end

APPENDIX B
Input image before compression and encryption

Output image after decompression and decryption
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Controls and Models of a Small Pressurized Water
Reactor Using Simulink
By Moon Seong ‘William’ Kim
Korea International School Jeju

ABSTRACT
Nuclear power technologies are constantly evolving and improving. Due to the Fukushima
Daichi incident in 2011, public sentiment towards nuclear power has been lukewarm at best, but
there do exist promising, safe alternative nuclear energy technologies. SPWR (Small Pressurized
Water Reactors) represent one of these advanced technologies. In this report, Simulink is used to
model, analyze, and simulate the results of a SPWR closed system. Then, using numerical analysis
tools and differential equations, a controller was designed to satisfy specific requirements. Finally,
the controller was added to the simulations and then run to observe and analyze the effects of the
controller on the closed system.

INTRODUCTION
As time goes further, humanity desires more energy, and they know that natural resources
are finite. Thus, people studied and researched to produce energy that can gain the most energy
with the least spend. They used such methods like thermal power generation, hydroelectric power
generation, solar power generation, wind power generation, and last but not least, nuclear power
generation.
All of them had some problems. Thermal power generation required some natural resources
and a cleansing system afterward. Hydroelectric power generation needed a large area in the first
place. Solar power generation would not work whenever the Sun is not in the sky. Wind power
generation was not very efficient to rely on. And nuclear power generation needs a cooling system
to prevent the nuclear reactor from exploding.
Excluding the possibility of an explosion, nuclear power generation is the best option for
every existing generation system. To set nuclear energy in certain energy level, it is rather simple:
use a pressurized water reactor to decrease the temperature of the generator. Decreasing
temperature will let the generator stay in certain energy level with getting energy from it. Hence,
humanity developed a cooling system. And this paper is going to cover specifically about how Small
Pressurized Water Reactor (SPWR) works.
In this report, methodologies in the form of numerical computations, and we will use these
methodologies will be used to model a SPWR system, analyze it, and design a controller for that
system using numerical computations and numerical analysis tools and methodologies.
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This will lead to learning how to create a block diagram, simplify it, and create a final block
diagram from which we can deduce a system open loop and system closed loop transfer functions.
Then the process will go through specified and deep steps to design a controller and carefully
choose its gains to satisfy a specific requirement. Then an analysis of the closed loop system will be
performed after adding the controller to see the total effect. Various SIMULINK numerical & builtin functions will be used to model, analyze and simulate the results with the best and most accurate
representation.

PROBLEM STATEMENT
The first step in the process is to define the words that will be used in this report. This report
is about the modeling, analysis and control of the level of a liquid inside a tank. So, the first definition
we need to know is the definition of a "system".
A system is a physical unit or a number of physical units that are found to do a specific
function, there are numerous types of systems - it could be a mechanical system, it could be a
hydraulic system, a pneumatic system, an electric system, a chemical system, or even a compilation
of two or more of the previously mentioned systems. This system will pass through three steps:
firstly, the system will pass through the modeling process to change from a system to a model. After
that there will be an analysis of this model to extract calculations and simulations from the model.
Finally a controller will be designed to gain an understanding of the function the system.
What is the difference between the "system" and the "model"? A system is a physical unit or
number of physical units (It could be two meshed gears for example) while a model is the
mathematical representation of the operation of these units (the meshed gears). A model is a
precise representation of a system's dynamics used to answer questions via
analysis and simulation. (Richard, M. 2004).
The model chosen depends on the questions that are to be answered, and so there may be
multiple models for a single physical system, with different levels of fidelity depending on the
phenomena of interest. A model is a mathematical representation of a physical, biological or
information system. Models allow researchers to reason about a system and make predictions about
how a system will behave.(Lonnie D. B. 2004).
The system that is the focus of this project, the SPWR, is a liquid small pressurized water
reactors (SPWR), as shown in the next figure:
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Fig. 1 Diagram of a SPWR system

SPWR adopts an integral design. The steam generators, coolant pump and reactor core are
located inside the pressure vessel, and the pressurizer is placed outside of the vessel. The coolant is
driven by the coolant pump and flows downwards to the lower plenum through the downcomer.
Then, it goes upwards through the reactor core and absorbs the heat generated in the fuel rods by
the fission reaction. The heated coolant is collected in the upper plenum and sent to the oncethrough steam generator. Heat is released to the secondary fluid of the steam generator, and the
cooled coolant goes back the pump to start the next cycle.
The SPWR control system design and validation platform is developed by coupling a
3KeyMaster engineering simulator and MATLAB/Simulink. Relap5 has been integrated into the
engineering simulator and performs the thermal-hydraulic simulation. MATLAB/Simulink is
applied to carry out the control system simulation. The realization of the coupling is through an
interface program. The function of the interface program consists of two parts: dynamic data
exchange and simulation time synchronization.

METHODOLOGY
This section contains how to build a Simulink model, design the controller, and then simulate
the entire system. To do that, it is essential to know the simulation time and its synchronization.
Frequent data exchange can take place based on shared memory technology while the engineering
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simulator and Simulink have their own simulation time and time steps. The control actions and
thermal parameters to be exchanged should be matched with each other in time. Thus, it is essential
to ensure consistency in the global simulation time - the simulation time must synchronize the
simulator and Simulink- in order to have an accurate process.
The simulation time synchronization method between the simulator and Simulink is shown
in Figure 2 below. The simulation time is divided into many different sections. For the same time
step ∆𝑡, the simulator and Simulink has different CPU times due to their calculation speeds: Simulink
runs faster than the simulator. Thus, ∆𝑡h takes a longer time than ∆𝑡hh . When Simulink finishes its
one time step simulation, the data representing the control actions is written in Shared Memory II.

Fig. 2 Simulation time synchronization between simulator and Simulink

The index indicates the status of the shared memory with 0 to 1: It means the memory has
been recorded. To have the synchronized time, Simulink calculation pauses and waits for the
simulator to complete its simulation. Once the simulation in the simulator is completed, the Shared
Memory I is recorded. The index of this part of shared memory also changes from 0 to 1. When both
indexes are at status 1, the Read S-function and the Interface Task will read the data in Shared
Memory I and II, respectively. Then indexes are reset to 0 at the same time, means that data is
recorded. Consequently, the simulation for the next time step begins. Again, Simulink has to wait for
∆t12 to synchronize the simulation time between the simulator and Simulink, and the following
equation applies:
∆𝑡h = ∆𝑡hh + ∆𝑡h¥

(1)

The following equation should be satisfied for the next time step:

∆𝑡¥ = ∆𝑡¥h + ∆𝑡¥¥

(2)

Now data collection and equations related to the system will begin and will transform them
into transfer functions.
Those following design parameters below will be inputs to the system:
•

Thermal Power = 310 MWt
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•

Electrical Power = 100 MWe

•

Fuel Enrichment = 64.45%

•

Operation Pressure = 15 MPa

•

Coolant Inlet Temperature = 282 _C

•

Coolant Outlet Temperature = 323 _C

•

Coolant Flow Rate = 1353 kg/s

∆𝑇¬-

And also the following system equations that will apply to the system are as follows:
h
𝑛§ = 𝑘h 𝐺ª + 𝑘¥ ∆𝑇¬- +
∆𝑇¬- 𝑑𝑡
(3)
®
= 𝑇¬- − 𝑇¬-,§
(4)
h

𝐺°,§ = 𝑘± 𝐺ª + 𝑘² ∆𝑃ª +
∆𝑃ª 𝑑𝑡
(5)
ƛ
∆𝑃ª = 𝑃ª − 𝑃ª,§
(6)
In equation (3) above, 𝑛§ is the targeted reactor power, 𝐺ª is the steam flow rate, 𝑘h and 𝑘¥
are the proportional gains, 𝜏 is the integral gain, and 𝑇¬- is the average coolant temperature.
For equation (5), 𝐺°,§ is the targeted feedwater flow rate, 𝑘± and 𝑘² are the proportional
gains, ƛ is the integral gain, and 𝑃ª is the steam pressure.
With the given data transfer functions of the system were constructed by using a Laplace
transform. And the resulting transfer functions were as follows:
•

Power requirement calculator:

•

Reactor core:

•

Steam generator:

•

Feedwater flow calculator:

§.¥ªrh
ª µ r§.¶§¶ªrh.·¸¶¹

§.¥ªrh

(7)
(8)

§.¥ª µ rh.¸··¶ªr¸.¥¹±
h

(9)

±.±ªrh
h

(10)

ªr§.h¸ºº

After that design process of the controller initiated, according to the concept of minimum
steady state error to step input, it has been discovered that the perfect controller for the SPWR is a
PI controller. And the rest of calculations and designs were done upon that. A step input was chosen
because the normal operation of the SPWR is to the step input, and also the step input is the best
input to test the controller. A steady state error was chosen to be 0.5%, and the steady state error
equation is as follows:
𝐸𝑆𝑆 = 𝑙𝑖𝑚ª→§ 𝑠 f 𝐺(𝑠) = 0.5%

(11)

The controller transfer function that satisfies the condition was as follows:
𝐺Á = 𝐾Ã +

ÄÅ
ª

= 40 +

hh
ª

(12)

Now and after concluding the controller, creation of the whole block diagram of the system
of the SPWR was done. The following figure represents the whole system including the PI controller:

Review of Computational Science and Engineering ½Volume 3, Issue 3

24

Fig. 3 Visualization of the SPWR Simulation

RESULTS
The data from resulting simulations from the previous Simulink model constructed was as
follows:
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Fig. 4 Coolant Average Temperature from Simulink Simulation

The performance of the designed controller was tested by checking the Coolant Average
Temperature response of SPWR under abrupt load changes. The load is at 0% of its full power (FP)
between 0 to 1 s and then it is suddenly increased to 100% full power (FP) from 0% full power (FP)
at 1 s. The reactor power is quickly increased and thus coolant average temperature is also
increased as shown by the above graph. It can be seen that the oscillations are dying down so after
a few more seconds the system will stabilize at 100% full power.

Fig. 5 Normalized Steam Flow from Simulink Simulation
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The performance of designed controller was tested by checking the Normalized steam flow
response of SPWR under abrupt load changes. The steam flow is zero at the start because the load
is at 0% of its full power (FP) till 1s during which the heat transfer rate of the once-through steam
generator is zero. Furthermore, feedwater flow is also zero. After 1s, when load is increased to 100%
of its full power (FP) from 0% full power (FP), the heat transfer rate of the once-through steam
generator increases, feedwater flow also increases and thus the normalized steam flow also
increases as shown in the above graph.

Fig. 6 Normalized Reactor Power from Simulink Simulation

The performance of the designed controller was tested by checking the response of the
normalized reactor power of SPWR under abrupt load changes. As the load is at 0% of its full reactor
power (FRP) between 0 to 1 s, the normalized reactor power at that time will also be zero as can be
seen in the above diagram. After that load is abruptly increased from 0% to 100% of its full reactor
power (FRP) at 1 s, there is an increase in normalized reactor power. After few more oscillations,
the normalized reactor power achieves a constant value of 1 and stabilizes at 100% full power (FP)
due to the reactor power control system.

CONCLUSIONS
During this project, a lot was learned regarding numerical calculations in Systems modeling,
analysis, and control. Also, how to create a vector or domain with equally spaced values with the
vector method in SIMULINK was learned. In addition, how to enter an equation that is a function of
certain vector or matrix was learned, making it possible to use various SIMULINK commands to
simulate the output of this system modeling.
It was also learned how to answer numerous questions that briefly describe usages of various
SIMULINK commands that can be used. I was able to understand the Control systems design,
analysis, numerical manipulation, and the usage of SIMULINK as a powerful tool in this aspect.
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Finally, the results displayed discussed. The discussion is included such differences in using
some of the SIMULINK commands and some numerical techniques. With this project, I was able to
experience the graphical simulation as the result of the SIMULINK model created.
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Genetic Optimization Applied To Larry Connors
Trading System in Two Markets
By Young Gun Lee
Deerfield High School

ABSTRACT
Genetic algorithms have been used to find viable solutions for theoretical optimization
problems for some time but have found practical application in the world of finance in the last few
decades. In this project, genetic optimization is used to find near-optimal parameters for data sets
for a modified version of the Larry Connors trading system in gold futures and E-mini SP500
markets. In addition, testing for overfitting using out-of-sample data was performed to ascertain the
viability of the modified system for trading.

1. INTRODUCTION
Science and finance may not at first seem in any way related. However, natural selection, a
phenomena existing since the dawn of life, is a crucial part of modern finance, assisting in finding
solutions to complex problems through the use of Darwin’s ‘survival of the fittest’.
Optimizing solutions in Multicharts is efficient and accurately measures to find which
parameters and signals are the most suitable for a situation. Bioinspired factors such as mutation,
crossover, and selection allow users to find the ‘fittest’ parameters.

2. OPTIMIZATION
A strategy is created by implementing trading concepts, ideas, and observations of historical
market behavior, into a trading system. The very idea of a trading system implies a degree of
optimization to market behavior.
The process of strategy optimization further enhances and automates this process. Strategy
optimization is the search for the set of optimum parameters for the defined criteria. By testing a
range of signal input values, optimization aids in selecting the values that correspond, based on
historical data, to the best strategy performance. Optimization aids in better understanding of
strategy's characteristics and in creating new criteria for entries and exits.
Different traders use different criteria to define strategy performance. Some traders use the
highest net profit, while other traders use the lowest drawdown. MultiCharts lets the trader define
his or her own criteria.
Optimization can have detrimental effects if the user searches for the combination of inputs
based solely on the best performance over a period of historical data and focuses too much on
market conditions that may never occur again. This approach is known as over-optimization or
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curve-fitting. Performance will not be the same in real trading, since historical patterns are highly
unlikely to be repeated.
There are two optimization methods: Exhaustive Search and Genetic Algorithm.

2.1 EXHAUSTIVE SEARCH OPTIMIZATION
Exhaustive, also called Brute-Force, optimization systematically goes through all the
potential combinations in search for the best solution. The advantage of this approach is every
single combination will be checked and the absolute optimum solution identified.
The length of time required for exhaustive optimization is proportional to the total number
of all possible solutions. The drawback of this approach is that, unless relatively few parameters are
involved, the period of time required to reach a solution may turn out to be unacceptably long. Thus,
exhaustive optimization may only be suitable when there is a limited number of possible solutions.

2.2 GENETIC ALGORITHM OPTIMIZATION
Unlike the brute-force method, Genetic algorithm optimization chooses the more promising
combinations out of the given data and mixes and matches these said solutions to result in a nearoptimum solution. While the exhaustive search optimization may have a more profitable solution,
genetic algorithm optimization can derive its solution in a fraction of time the former would usually
take. Genetic Optimizer settings add flexibility to this technique.
Genetic optimization is a process that mimics natural selection. The algorithms start by
testing a number of random combinations, select the combinations with the most potential, and
then further combine and modify them to finally arrive at the best input combinations. Instead of
testing every single combinations within the parameters, genetic algorithms quickly narrow down
the number of potential winners, finding and focusing on the areas that are most profitable and
most stable. These solutions are then altered, mated, and evolved, resulting in a solution with a high
chance of succeeding. Like natural selection, the ‘fittest’ solution survives, while the least successful
solution is weeded out. Traders can define the fitness through setting a benchmark number for a
certain optimization criteria. For example, if a trader wants to optimize the net profit, how much
Net Profit a combination generates will be the measure of fitness. In implementing genetic
optimization in stocks, users may set up different strategies and signals, see which are most
successful, then merge the stronger signals.
Genetic algorithm’s adaptive possibility allows for it to produce solutions that can adjust to
the constantly shifting market. In a financial standpoint, each individual competes with others by
backtesting on certain stocks. Whichever individuals have the highest return rates are then in turn
‘mated’ with each other, producing increasingly viable individuals with higher returns. In this case,
the weak combinations with lower net profit would be weeded out and avoided in the mating and
merging process, allowing the fitter combinations to thrive. The drawback of the GA approach is
that the solution found will be a solution approaching the absolute optimum solution, but not
necessarily the absolute optimum solution itself. This drawback, however, is handsomely offset by
the processing power and time savings in cases with a large number of possible solutions. In general,
GA's work is primarily about two abstracts: An Individual (or Genome) and an Algorithm (i.e.
Genetic Algorithm itself). Each Genome instance represents a single unique inputs combination,
while GA itself defines how the evolution should take place. Just like in meiosis in living cells, these
individuals have a crossover stage during their mating, where their different parameters are mixed
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and matched to produce the most desirable results. Crossing over and mutations are the key factors
in the diversity of the parameters, which in results cuts the range of the results down to a desired
return range. Mutations also prevent the early convergence of individuals during the process, thus
lengthening the process to give more acute results, rather than the optimization ending early in a
wider range of solutions.
In Appendix A, there is a glossary with some GA definitions that help in understanding the
process. In brief, the optimization process works as follows:
•

Based on a multitude of inputs combinations provided, a population of genomes is created.

•

The fitness of each individual is evaluated.

•

The fittest members are retained, and the least fit members gradually discarded.

•

A new population of individuals is generated from the remaining members of the previous
population by applying the crossover and mutation operations, as well as selection and/or
replacement strategies (built into the GA).

•

The fitness of these new individuals is evaluated, the fittest members retained, and the least
fit members gradually discarded

•

The process is repeated, until the specified degree of convergence or generation number is
reached (depends on GA setting selected)

2.3 GA PROCESS
1.

Out of all possible combinations, the most viable individuals are chosen and the rest are left
unused.

2.

Each individual is selected at random. These individuals form the first generation. The
optimal number of individuals is automatically placed in Population Size field and can be
changed manually.

3.

The fitness of each individual is evaluated and the least fit individuals discarded.

4.

A new population of individuals is generated from the remaining members of the previous
population by applying the crossover and mutation operations, as well as selection and/or
replacement strategies that depend on the GA subtype:

5.

The population is sorted by fitness. The least fit individuals are removed from the process
entirely.

6.

After multiple repetition of steps 1 through 5, when a certain level of convergence is reached,
the process ends. This specific level is determined by the GA constant set by the trader
beforehand.

2.4 CROSSOVER AND MUTATION
MultiCharts uses Array Uniform Crossover to diversify the gene pool. In array uniform
crossover, the offspring has a 50/50 chance of inheriting genes from either one of the parent
individuals. Crossovers in Multicharts are high in chance. The probability that two individuals
crossover before creating their offspring is .95 to .99 with a default value of .95. Another factor in
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the diversity and the success of finding the right individual is Multicharts’ Random Flip Mutation.
Each gene in any individual can potentially be replaced with any other possible gene. The mutation
probability can be specified by the trader within the values ranging from 0.01 to 0.05, the default
value being 0.05..1

2.5 GA SUBTYPES AND REPLACEMENT SCHEMAS
In Multicharts, newer generations of individuals replace former ones to bring about
generations that are increasingly fit. This succession of individuals are defined by the GA subtypes;
there are two subtypes available in Multicharts: Basic and Incremental. Basic subtype is the “simple
genetic algorithm” that utilizes non-overlapping generations and Elitism mode (an optional
function). When the Elitism mode is turned off, this algorithm creates entirely new individuals every
succession of generations. In Elitism mode, the fittest individuals remain and are allowed to pass on
their genes and produce genetically similar children through multiple generations. On the other
hand, Incremental subtype replaces only few of the individuals with children of the fittest individual.
In each generation, the fitness level of individuals level out until at the end, one can achieve a
population with similar genes and fitness that are most optimal and fit. The individuals that are
replaced by the offspring are chosen through the Replacement Schemas used.

REPLACEMENT SCHEMAS:
Replacement Schemas are available for Incremental subtypes only. Schemas define how a
new generation should be integrated into the population. There are three schemes
available: Worst, Parent, and Random.
Worst – least fit individuals are replaced
Parent – parent individuals are replaced
Random – individuals are replaced randomly

OFFSPRING NUMBER
Offspring Number is the number of children to be added each time that a new generation is
created. One or Two children can be added.

GA CONVERGENCE TYPE
Genetic Algorithm optimization processes have no implicit final results and thus can proceed
forever. Therefore, an "ending-point" must be specified, indicating when the optimization process
must come to an end.
Two GA optimization "ending-point" criteria types can be selected:

1

Tip: An excessively large Mutation Probability value will cause the search to become a primitive random search.
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1. Terminate-Upon-Generation:
Terminate-Upon-Generation will stop the optimization process once the specified Maximum
Number of Generations is reached.
2. Terminate-Upon-Convergence.
Terminate-Upon-Convergence will stop the optimization process once the
defined Convergence Rate is reached, or once the defined Maximum Number of
Generations is reached.
The GA optimization "ending-point" criterion is selected in the Conversion Type drop-down
list. The desired Maximum Number of Generations, Minimum Number of Generations, and
Conversion Rate can be set in the corresponding text boxes.

CONVERGENCE RATE
Convergence Rate of generations is the ratio between the Convergence value of the two most
recent generations and the Convergence value of the current generation and the generation N
generations ago.
The GA calculation is stopped after meeting the following condition:
Ç(ÈÉÊ)
≥ 𝑃 where:
Ç(È)

x – ordinal number of the current generation;
С(x) – convergence value of the two most recent generations;
N – defined minimal number of the generations;
P - convergence rate; values used are usually close to 1, with the default value of 0.99.2

3. MULTICHARTS GENETIC OPTIMIZATION OF THE LARRY CONNORS SYSTEM IN
GOLD FUTURES.
In this section, examples of how we can reach good optimization results applying the
Multicharts genetic optimizer will be explored using the Easylanguage code annexed in Appendix B.
This is a system designed by Larry Connors and detailed in his book “Short term trading strategies
that work”. (Connors 2008)
The code will be modified a bit, adding a profit target and a stop loss, which will potentially
improve the system by adding more flexibility on the exits of the system. Also, the stop loss will help
eliminate tail risk3. These modifications in the code, found in the Appendix, are highlighted in blue.
By adding more parameters to a system, optimization becomes quite complex, which is why
genetic optimization is a great tool. Genetic optimization helps overcome the following hurdles:
2

Note: Convergence Rate is not calculated for generations that have an ordinal number less than the defined minimal
number of the generations.

3

Tail risk is a form of portfolio risk that arises when the possibility that an investment will move more than three standard
deviations from the mean is greater than what is shown by a normal distribution. Tail risks include events that have a small
probability of occurring and occur at the ends of a normal distribution curve.
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•

Adding parameters increases complexity and decreases the degrees of freedom of our
model. If an exhaustive optimization method is employed, it is likely that it will tend to
overfit of the parameters when optimized.

•

The time needed to reach a solution when optimizing the system grows exponentially with
the number of parameters added.

Genetic optimization solves this in different ways. First off, all possibilities are not tested; a
solution, probably sub-optimal, is reached but within a predetermined number of tests. The tests
will be much more precise and the solution found is going to be robust, robust in the sense that it is
not an outlier in the chosen objective function (net profit, Sharpe ratio, mar ratio…). The parameters
are changed a bit for the sake of testing good results and making sure that they are not over-fit in a
system.
In summary, genetic optimization will reach a more robust solution than exhaustive
optimization and within a fraction of the time. The only downside will be that all the possible
parameters will not be tested. However, the best ones will be tested.
The modified Larry Connors system was loading into a gold futures chart. Although this
system was originally designed for equities and future indices, we wanted to see if the edge holds
when different instruments were tested. Gold futures data with a daily timeframe from Jan. 1, 2000
to May 1, 2017 were loaded and then the modified LC system was applied.
In properties, settings were selected for 1 contract per trade and the commission rule4 was
not touched. In the genetic algorithm settings page, the following settings were used:

Table 1: Input Variables for Larry Connors Gold Futures Genetic Optimization

This is the combination of variables used to get to our results. The other important settings
to decide were specific genetic parameters, such as crossover, and mutation rate. These were set to
default for the purpose of this project.
For the Larry Connors trading system, here were the parameters obtained by optimization:
4

If the goal is to design the system directly for trading purposes it is recommended that the estimated slippages and
commissions are input here. $12.50 per trade for this system would be a good approximation in this case.
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Table 2: Input Variables for the Modified Larry Connors Trading System

The equity curve detailed below reveals a good result. The system has been consistent during
the last 16 years. However, although the risk of overfitting is much lower with a genetic optimizer,
an out-of-sample period is always needed before putting a trading system into production.

Figure 1: Equity Curve for Modified Larry Connors System on Gold Futures using Genetic Optimized Parameters from Jan. 1, 2000 to
May 1, 2017

4. MULTICHARTS GENETIC OPTIMIZATION OF LARRY CONNORS SYSTEM IN THE EMINI SP500 FUTURES CONTRACTS MARKET
Next, out-of-sample periods were checked to ascertain the validity of the system. In-sample
periods will only reconfirm the success of the system that the system was optimized for, so this
represents the true test of its viability. This time
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E-Mini SP500 futures contracts in a daily timeframe were loaded. The data used is backadjusted for rollovers5.
The in-sample period chosen was Jan. 1, 2003- Dec. 31st, 2014, and Jan. 1, 2000- Dec. 31, 2002
and Jan. 1, 2016 – May 1, 2017 were chosen as out-of-sample periods.
A general rule of thumb is to set a minimum of 30% of the data for out-of-sample testing. It
is also common to set periods for testing before and after the training data and although the two
sets of out-of-sample data will be examined it is always more important that our system performs
well in the most recent data, in our case the January 1, 2015 to May 1, 2017 period. The reason for
this is market conditions change, and the most recent data most likely reflects the current market
conditions.
So, the system was loaded from 2003 to the end of 2014 and the same optimization as before
was performed.
This was the set of parameters obtained:

Table 3: Modified Larry Connors parameters used for E-mini SP500 futures

And this is the equity curve for the period:

5

In the trading of futures, “rollover” refers to the process of closing out open positions in soon-to- expire contracts in favor
of contracts with later expiration dates. Rollover is unique to each product, and it produces a substantial impact upon
volatility and price action within the marketplace.
The days surrounding an individual contract’s rollover are especially important in the area of risk management. The full
attention of investors engaged in trading expiring contracts is required, as unique challenges are presented via split volume
and reduced market liquidity.
Rollover is a key aspect of futures trading that must be accounted for, as it directly impacts the bottom line of the trading
account.
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Figure 2: Equity Curve for Modified Larry Connors System on E-Mini SP500 Futures using Genetic Optimized Parameters from Jan. 1,
2003 to Dec. 31, 2015

But will these parameters the same results in the for out-of-sample data? The following
figures confirm this.

Figure 3: Equity Curve for Modified Larry Connors System on E-Mini SP500 Futures using Genetic Optimized Parameters from Jan. 1,
2000 to Dec. 31, 2002

And this is the Jan. 1, 2016 – May 1, 2017 out-of-sample window:
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Figure 2: Equity Curve for Modified Larry Connors System on E-Mini SP500 Futures using Genetic Optimized Parameters from Jan. 1,
2016 to May 1, 2017

The out-of-sample periods did indeed make money, which is definitely good news. However,
an in-depth examination will tell us that the system degraded, the training data results were
significantly better.
The degradation is expected, but the degree of the degradation will decide whether or not
these optimized parameters are viable for actual trading. The degradation is due to market
condition changes and because optimization only finds optimum (or near-optimum in the case of
GA) solutions for the trained data. New data will have other optimum solutions and a trading system
behaving 50% or 60% as well as in the trained data is considered successful.

CONCLUSIONS
Overall, our optimized parameters were a relatively average investment, with a 9% return
over about 17 months. However, in order to make a better determination of the viability of the
system, more out-of-sample training is needed to further check for overfitting.
If given more time, further checks for overfitting of the data would have been performed. In
the future, applying genetic optimization to not only the Larry Connors trading system, but others
as well would be interesting. In addition, checking the viability of Larry Connors and other
customized trading systems in other markets would also be intriguing to explore.

APPENDIX A. GLOSSARY
•

Fitness - the overall performance of an individual (e.g. Net Profit).

•

Genome (Individual) - a unique combination of strategy input values.

•

Gene - one of the input variables of a given strategy.
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•

Chromosome - a set of genes, usually related in function.

•

Crossover - a procedure for generating a “child” from two “parent” genomes. Crossover
involves multiple genomes.

•

Mutation - a process when a gene is changed and receives a value that is neither from the
"mother" or the "father". Mutation involves only a single genome each time.

•

Generation (Population) - a group of individuals (genomes), all “born” at about the same
time.

•

Convergence - the extent of improvement in the average fitness between two consecutive
generations; as the degree of improvement is decreasing, the generations are said to be
converging.

APPENDIX B. TRADING SYSTEM IN EASYLANGUAGE
Inputs: LongMA(200), length(10), Distance(1.5), aggressive (false),
ConsecDays(1), BOversold(0.6), BOverbought(0.9), SL(1000), PT(1000);
Vars: b(0), MA(0), Lowerband(0), Higherband(0), Counter(0), BUP(0), BDN(0);
BDN = 0;
BUP = 0;
HigherBand = Average(c,length) + Distance*stdDev(c,length);
LowerBand = Average(c,length) - Distance*stdDev(c,length);
b = (C - Lowerband)/(Higherband - Lowerband);
MA = average(c,LongMA);
For Counter = 0 to ConsecDays -1 Begin
If b[Counter] < BOversold then BDN = BDN + 1;
End;
For Counter = 0 to ConsecDays -1 Begin
If b[Counter] > BOverbought then BUP = BUP + 1;
End;
If c > MA and BDN = ConsecDays then buy next bar market;//this bar on close;
If marketposition = 1 and b < BOversold and aggressive = true then buy this
bar on close;
If marketposition = 1 and b > BOverbought then sell next bar market; //this
bar on close;
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If c < MA and BUP = ConsecDays then sellshort next bar market;//this bar on
close;
If marketposition = -1 and b > BOverbought and aggressive = true then
sellshort this bar on close;
If marketposition = -1 and b < BOversold then buytocover next bar market;//
this bar on close;
SetStopposition;
Setstoploss(SL);
SetProfitTarget(PT);

APPENDIX C: DISCLAIMER
Past performance results are shown for illustration and example only, are hypothetical and
as such have many inherent limitations. No representation is being made that any account will or
is likely to achieve profits or losses similar to those shown.
In fact, there are frequently significant differences between hypothetical performance results
and the actual results subsequently achieved by any particular trading technique or methodology.
One of the limitations of hypothetical performance results is that they are prepared with the benefit
of hindsight.
In addition, hypothetical trading does not involve financial risk, and no hypothetical trading
record can completely account for the impact of financial risk in actual trading.
For example, the ability to withstand losses or adhere to a particular trading program despite
trading losses are material factors which can adversely affect actual trading results.
There are numerous other factors related to the markets in general or to the implementation
of any specific trading program which cannot be fully accounted for in a preparation of hypothetical
performance results and all of which can adversely affect actual trading results.
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Modeling HIV Infection Dynamics and Drug
Interactions Using MATLAB
By Kevin Whijae Chyun
Choate Rosemary Hall

ABSTRACT
Cellular automata works on simple sets of parameters yet creates the most complex and
dazzling architectures. It can be used to model HIV dynamics and drug treatment, as accomplished
by Shi, Tridane, and Kuang. This paper will discuss, through different parameterization of cellular
automata, the principles of the spread of HIV along with the mechanisms of drug therapy, while
incorporating the role of latently infected cells in sustaining HIV infection. Using MATLAB, this
paper recreates the CA model from Shi, Tridane, and Kuang and seeks to not only confirm the
observations for their research, but also adjust the parameters of the model to explore other
possible conclusions in evaluating different drug therapy regimens.

1. INTRODUCTION
The process of HIV infection has been discussed and modeled using cellular automata (CA).
These models are important because they may explain the phases of the infection and predict the
outcome of treatments. Thus, a model was proposed by Zorzenon and Coutinho [15] and further
developed by Solovey et al. [11]. Another models, also based upon the “basic” model of Zorzenon
and Coutinho, were proposed by Sloot et al. [10], Kuang et al. [9] and Precharattana et al. [8]. This
work is based upon these references, and considers six states for the cells as in [9].

2. CELLULAR AUTOMATA AND SIMULATIONS
Cellular automata were described first by John von Neumann [13] and Stan Ulam [12] in the
1950’s for the modeling of self-reproducing automata. However, they were not popularized until
the 1970’s by Conway’s game of life [6]. A cellular automaton may be defined as a discrete dynamical
system. So, space, time, and the states of the system are discrete. A cellular automaton consists of a
finite number of “cells”. Each cell is a unit in a one-, two- or three-dimensional regular lattice. The
cells may have only one of a finite number of states. The states of the cells are updated according to
a local rule. Thus, the state of a cell is changed depending only of its previous state and the previous
states of its neighbor cells. In most cases the states of all cells are updated at the same time
(synchronously), this means that the state of the whole cellular automata changes by discrete time
steps. The rules may be deterministic or probabilistic; in the last case we have a stochastic cellular
automaton [1]. Since the seventies, cellular automata have been applied to the modeling of complex
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systems and natural phenomena, including (among others) physical systems [2], biology [5],
chemistry [7], forest fires [4], land use [14] and traffic [3].

3. GENERATING CELLULAR AUTOMATA USING MATLAB
Matlab® is an interactive computing package with many “toolboxes” with applications in
programming, symbolic math, engineering, statistics and other disciplines. It contains many
“functions” (subroutines) for almost any application, and a function may be also created by the user.
The user can write “scripts” that call files called “functions” that contain the subroutines; thus this
programming environment is very effective for creating applications. In [1] the results of several
applications of Matlab® to cellular automata are shown.

4. A CELLULAR AUTOMATON FOR MODELING HIV INFECTIONS
In this work, based upon [9], a CA is generated as an array of size height*width, where each
element (cell) represents an individual molecule. Here, the elements change synchronously at each
step. The change in a cell´s state depends upon the states of the neighbor cells, because the HIV
infection is considered to spread from nearby cells. Six types of states are considered for the cells:
healthy (T); latently infected (A0); infected stage 1 (A1) where the cell is infected and able to spread
the infection; infected stage 2 (A2), also able to spread the infection and the last stage before the
cell dies; exposed but not infected (An); and dead (D). The evolution of the cells follows the rules
(See Table 1 in ref. [9]). These rules are similar to those considered in [8, 10, 11, 15] and selected
to reproduce the time scales and characteristics of the HIV infection. The values of the parameters
in the models are based upon the experimental information about HIV infections (see [8, 9, 10, 11,
15] and references therein).

RULE 1 UPDATE OF HEALTHY CELLS
“If a healthy cell has at least one A1 neighbor or R A2 neighbors within the M-cell
neighborhood, then it becomes an An cell with probability Prt. Otherwise it becomes an infected A1
cell with probability Pinf or a latently infected A0 with probability (1 - Pinf). Otherwise it stays
healthy.”
See values assigned to R1 and R2 below.

RULE 2 UPDATE OF INFECTED-A1 CELLS
“An infected-A1 cell becomes infected-A2 cell after tau1 time steps.”

RULE 3 UPDATE OF INFECTED-A2 CELLS
“Infected-A2 cells become dead cells in the next time step.”
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RULE 4 UPDATE OF DEAD CELLS
“Dead cells can be replaced by healthy cells with probability Prepl in the next time step (or
remain dead with probability (1 - Prepl ). This simulates the new cells that are replenished by the
immune system.”

RULE 5 UPDATE OF LATENTLY INFECTED A0 CELLS
“After a long time delay (tau2), the latently infected-A0 cell becomes actively infected (A1)
with a probability Pact, otherwise it stays A0.”

RULE 6 UPDATE OF EXPOSED BUT NOT INFECTED AN CELLS
“After a short time delay (tau3), the An cells become healthy (T) cells.”
The flow diagram for the application of these rules is as follows:
P <= Prepl
P < Pinf

P > Prt

T

A1

t > tau1

t > tau2 & P <= Pact

A1 >= R1
or A2 >= R2

P > Pinf

P <= Prt

A0
An

t > tau3

A2
Next time step

D
T Healthy
A0 Latently infected
A1 Infected stage 1
A2 Infected stage 2
An Exposed but not infected
D Dead

Figure 1. Visualization of Shi, Tridane, and Kuang’s CA RuleSet

In this diagram, t is time and the P´s are random numbers with a uniform probability
distribution between 0 and 1. This diagram is identical to the one utilized by Shi, Tridane and Kuang
[9]. The meaning of the parameters is explained below.
Thus, the script “Reproducing_Kuang_et_al_2008_model_torus_Script.m” (see Appendix)
calls the functions that do the iterations of the cellular automata (note that all the function files here
have names that finish in _). The first part of this script contains the necessary parameters. See Table
3 of [9] for the assignment of values.
cyc: Number of steps (weeks). In the following examples, fixed at 500.
r: Radius of the initial Moore neighborhood of a cell. In the following examples, r = 1 so it gives 8
neighbor cells.
Height: Number of rows of the CA (fixed at 700);
Width: Number of columns of the CA (fixed at 700);
Phiv: Probability of the fraction of initially infected A1 cells (fixed at 0.005)
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Prt0: Effectiveness of reverse transcriptase inhibitor at the start of treatment (varies from 0 to 1)
(Prt = 0 means no treatment)
Pinf: Probability of a healthy cell with at least 1 A1 or 4 A2 neighbors to be An infected (fixed at
0.999)
Pact: Probability of an A0 cell to become A1 (fixed at 0.0005)
Prepl: Probability of replacing a dead cell with a healthy one (fixed at 0.99)
Ppi0: Effectiveness of protease inhibitor at the start of treatment (varies from 0 to 1) (Ppi = 0 means
no treatment)
tau1: Number of steps for an A1 cell to become A2 (fixed at 4)
tau2: Minimum number of steps for A0 to be able to become A1 with probability Pact (fixed at 30)
tau3: Number of steps for an An cell to become T (fixed at 1)
tau4: Number of weeks to start treatment (350, or greater than cyc for no treatment).
R1: Number of infected A1 neighbors for a T cell to become infected (fixed at 1)
R2: Number of infected A2 neighbors for a healthy cell to become infected (fixed at 4)
delta: A factor to be used in the calculation of the virion numbers (fixed at 480)
c: Virion decay rate (fixed at 0.3)
DRrt: Drug resistance to RT. (0 means no drug resistance, 1 means drug resistance)
DRpi: Drug resistance to PI. (0 means no drug resistance, 1 means drug resistance)
DRconst: Determines the rate of the drug losing effectiveness (fixed at 350).
k1 and k2: “Ad hoc” constant values determining the influence of the virion load. Fixed here as k1 =
120 and k2 = 48.
The last line of the Script saves the results in the file “results_HIV_Kuang.mat”.
Note that, in this work, most parameters are kept fixed. The ones varied are Prt0, Ppi0, DRrt,
and DRpi, as in the examples shown in [9]. See also Table 3 in [9].
Thus, for example, setting the values of these parameters in the Script as follows: Prt0 = 0,
Ppi0 = 0, DRrt = 0, DRpi = 0, and tau4 = 600 means no treatment. The program produces the
following matrices, vectors, and scalars, saved in the data file .mat.
A: A 700x700 matrix, with the state of each cell (0, 1, 2, 3, 4, or 5, representing T, A0, A1, A2,
An or D) after the final step.
Amod: A 700x700 matrix, to give an image with the “map” of the cell states, after the final
step.
Densit: A (cyc + 1)x6 matrix with the densities (fractions) of each type of cell state. The rows
represent the initial situation and the steps, and the columns each of the six cell states (T, A0,
A1, A2, An or D).
time: The number of seconds taken by the computation.
V: A 1x(cyc+1) vector containing the number of virions for each step, calculated by the
following equation (see Eq. (1) in [9]):
𝑉Òrh = 𝑑𝑒𝑙𝑡𝑎 ∗ 𝑇Ò∗ + 1 − 𝑐 ∗ 𝑉Ò
Eq. 1
∗
Where 𝑡 is the time step, 𝑑𝑒𝑙𝑡𝑎 a constant, 𝑇Ò the number of cells infected, 𝑐 a virion decay
constant, and 𝑉 the number of virions.
N: the number of neighbors. The increase in the number of neighbors is calculated by the
following equation (see Eq. 7 in [9]).
ÙÉÙ
𝛥𝑀Ò = Ú ÚtÛ ∗ , 𝑀Òrh = 𝑀Ò + 𝛥𝑀Ò
Eq. 2
Ü∗ÝsÞÒ¬∗ßà

Where the number of neighbors is 𝑀, the initial number of infected cells is 𝑇§∗ , 𝑑𝑒𝑙𝑡𝑎 a
constant as indicated before, and 𝑘 an “ad hoc” constant (see Table 3 of [9]).
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Thus, a “feedback” effect is generated between the number of virions and the variable
neighborhood size.
Also, a number of graphics are displayed. Examples follow.

5. RESULTS OF SOME SIMULATIONS
CASE OF NO TREATMENT
Prt0 = 0, Ppi0 = 0, DRrt = 0, DRpi = 0, tau = 600.
Figures 2 and 3 show the evolution of cells with time. A strong drop of the number of healthy
cells (T) is seen at the start, to recover in a few weeks. However, T numbers drop slowly after and
reach deadly low levels after some years. Compare with Fig. 2a of [9].
1
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A1 + A2
D
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300
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Figure 2. Densities of cells with time, 700x700 CA, no treatment. Healthy cells (T + An) blue, infected (A1 + A2) green, dead (D) red,
latently infected (A0) cyan.

This figure shows the common pattern of HIV infections: acute phase, chronic phase, and
AIDS [10].
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Figure 3. Left part of Figure 1.

This figure shows the acute phase of HIV infection.
Figure 4 shows the number of virions, calculated using Eq. 1 of [9]. It can be seen that it
follows the tendencies of the infected cells. Compare with Fig. 2b of [9].
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Figure 4. Number of virions calculated for the case of no treatment.

Figure 5 shows the number of neighbors calculated using Eq. 7 of [9]. Here, the number of
neighbors in the model is increased or decreased following the virions load.
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Figure 5. Number of neighbors for the case of no treatment.

100

200

300

400

500

600

700

100

200

300

400

500

600

700

Figure 6. The colors give the state of the cell: Healthy and exposed but not infected (T + An) blue, latently infected (A0) cyan, infected
(A1 + A2) green, dead (D) orange.

Figure 6 shows a “map” of the cell states. This type of map is not given in [9] but several
examples are given in [11, 25] and its meaning is discussed. In this case, an extensive infection is
seen at 500 weeks.

CASE OF TREATMENT WITH RT AND NO DRUG RESISTANCE
Here, the following parameters are set: Prt0 = 0.90, Ppi0 = 0, DRrt = 0, DRpi = 0, and tau4
= 350. This means that RT has an effectiveness of 0.90 at the start of the treatment (350 weeks),
with no decay of this effectiveness.
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Figure 7. Treatment with RT with Prt = 0.90, starting at 350 weeks. No drug resistance.

Note the rise of the healthy and exposed but not infected cells (T + An). Compare with Fig.
3d of [9].

CASE OF TREATMENT WITH PI AND NO DRUG RESISTANCE
Here, the following parameters are set: Prt0 = 0.00, Ppi0 = 0.50, DRrt = 0, DRpi = 0, and tau4
= 350. This means that PI has an effectiveness of 0.50 at the start of the treatment (350 weeks),
with no decay of this effectiveness.
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Figure 8. Treatment with PI with Ppi = 0.50, starting at 350 weeks. No drug resistance. Compare with Fig. 3a of [9].
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CASE OF COMBINED TREATMENT WITH RT AND PI AND NO DRUG RESISTANCE
Here, the following parameters are set: Prt0 = 0.70, Ppi0 = 0.70, DRrt = 0, DRpi = 0, and tau4
= 350.
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Figure 9. Treatment with PI with Prt0 = 0.70, Ppi0 = 0.70, starting at 350 weeks. No drug resistance. Compare with Fig. 4b of [9].

CASE OF TREATMENT WITH RT AND DRUG RESISTANCE
Here, the following parameters are set: Prt0 = 0.90, Ppi0 = 0, DRrt = 1, DRpi = 0, and tau4
= 350. This means that RT has an effectiveness of 0.90 at the start of the treatment (350 weeks),
with decay of the effectiveness.
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Figure 10. Treatment with Prt0 = 0.90, Ppi0 = 0.00, DRt = 1, starting at 350 weeks. Drug resistance present. Compare with Fig. 5a of [9].
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CONCLUSIONS
The model developed here is based upon [9] and very similar to those of the references [8,
10, 15]. The code is based upon the flow diagram shown above and includes the equations 1, 7 and
8 and an equation for drug resistance given in paragraph 2.4 (Drug treatment) of [9]. Due to the
stochastic nature of the calculations, the densities values will not reproduce exactly, so it is
necessary to do several runs with the same parameters.
The timing of the phases of HIV infection (see [9, 11] are well simulated by this model. The
values assigned here for k1 and k2 are 120 and 48 respectively. These reproduce closely the results
of Kuang et al. They use different values (30 and 12, see Table 3 of [9]). However, including these
last values in our code gives very strong oscillations.
If more time was given to do further research, other possible epidemic models would have
been explored, along with researching and adjusting the some of the CA parameters regarding
topography of the networks to see how topography affects the infection and recovery rates. In
addition, other applications of CA in biology would be explored.
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APPENDIX
MATLAB PROGRAMS
SCRIPT “REPRODUCING_KUANG_ET_AL_2008_MODEL_TORUS_SCRIPT.M”
%Script for a CA for modeling HIV infection
%Shi Tridane and Kuang model (2008) See page 28 for diagram and rules...
%Based upon Zorzenon dos Santos and Coutinho (2001)
%T cells stages (number in CA cell)
% T healthy (0)
% A0 latently infected (1)
% A1 infected stage 1 where the cell is infected and able to spread the infection (2)
% A2 infected stage 2 the final stage of an infected cell before it dies (3)
% An exposed but not infected (4)
% D dead. (5)
clear all
tic
cyc = 20; %Number of steps...
r = 1; %Initial Moore neighborhood, r = 1 means eight neighbors.
height = 700; %Number of rows...
width = 700; %Number of columns...
Phiv = 0.005; %Probability of the fraction of initial infected cell A1
Prt0 = 0.00; %Initial efectiveness of reverse transcriptasa (RT)...see diagram..Prt = 0 means
no treatment...
Pinf = 0.999; %Probability of a healthy cell with at least 1 A1 or 4 A2 neighbors to be An
infected...
Pact = 0.0005; %Probability of an A0 cell to become A1...
Prepl = 0.99; %Probability of replacing a dead cell with a healthy one...
Ppi0 = 0.00; %Initial effectiveness of protease inhibitor (PI) at the start of
treatment...Ppi = 0 means no treatment...
tau1 = 4; %Number of steps for an A1 cell to become A2...
tau2 = 30; %Minimum number of steps for A0 to be able to become A1 with probability Pact...
tau3 = 1;%Number of steps for An to become T...
tau4 = 600; %Time to start treatment...Higher than cyc for no treatment...
R1 = 1; % The number of infected A1 neighbors for a healthy cell to become infected...
R2 = 4; %The number of infected A2 neighbors for a healthy cell to become infected...
delta = 480; %Number of virions produced by an infected cell in unit time...
c = 0.3; %Rate of decay of the virions...
DRpi = 0; %Drug resistance to PI (0 means no drug resistance, 1 means drug resistance)
DRrt = 0; %Drug resistance to RT (0 means no drug resistance, 1 means drug resistance)
DRconst = 350; %Defines effect of drug resistance...
k1 = 120; %k1 and k2 define values of k, an "ad hoc" constant for calculating the "variable
neighborhood"...
k2 = 48;
[A, Densit, V, N, Nneigh, Amod] = Shi_Tridane_Kuang_model_(height, width, Phiv, Prt0, Pinf,
Pact, Prepl, Ppi0, tau1, tau2, tau3, tau4, R1, R2, cyc, delta, c, DRpi, DRrt, DRconst, k1,
k2);
%Output:
%A is the matrix with the different types of cells...
%Densit contains the densities of the different cells...
%V is the number of virions...
%N is the calculated number of neighbors...
%Nneigh is the integer number of neighbors...
%Amod is the modified A matrix used for generating the color map...
time = toc
save results_HIV_Kuang height width Phiv Prt0 Pinf Pact Prepl Ppi0 tau1 tau2 tau3 tau4 R1 R2
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cyc r delta c A Amod Densit time V N Nneigh DRpi DRrt DRconst k1 k2

FUNCTION “SHI_TRIDANE_KUANG_MODEL_.M”
function [A, Densit, V, N, Nneigh, Amod] = Shi_Tridane_Kuang_model_(height, width, Phiv,
Prt0, Pinf, Pact, Prepl, Ppi0, tau1, tau2, tau3, tau4, R1, R2, cyc, delta, c, DRpi, DRrt,
DRconst, k1, k2)
totalcells = height*width;
Count = zeros(cyc + 1, 6); %Matrix with the number of each of the different cells at each
step...
A = zeros(height, width);
M = zeros(height, width); %Counters...
Z = rand(size(A));
V = zeros(cyc + 1, 1); %Number of virions...
%Defining initial infected A1 cell..
for n = 1:width
for p = 1:height
if Z(n, p) <= Phiv
A(n, p) = 2;
end
end
end
clear Z
%Initial count...
c0 = find(A==0);
num0 = length(c0); %Healthy cells...
c2 = find(A==2);
num2 = length(c2); %Infected A1 cells...
Tinf0 = num2;
V(1) = 0; %Initial virion load...
N = zeros(cyc + 1, 1);
Nneigh = zeros(cyc + 1, 1);
N(1) = 8; N(2) = 8; %Initial number of neighbors...
Count(1, :) = [num0 0 num2 0 0 0];
%................................................
for t = 1:cyc
if t < tau4
Ppi = 0; %No treatment
Prt = 0; %No treatment
else
if DRpi == 0
Ppi = Ppi0; %No drug resistance to PI...
else
Ppi = Ppi0*exp(-((t-tau4)/DRconst)); %Drug resistance to PI...
end
if DRrt == 0
Prt = Prt0; %Treatment after tau4 cycles...
else
Prt = Prt0*exp(-((t-tau4)/DRconst)); %Drug resistance to RT......
end
end
Nn = N(t);
r = r_(Nn);
linearind = neigh_def_(r, Nn); %Defines the neighborhood...
Nneigh(t) = length(linearind) - 1;
Aext = simul_torus2_(A, r);
B = A; %B is the "next" A matrix...
%Application of rules...
for n = 1:width
for p = 1:height
b = rand;
if A(n, p) == 0
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ind = rules_(Aext, n,
B(n, p) = ind;
if ind > 0
M(n, p) = M(n, p)
end
elseif A(n, p) == 1
if M(n, p) <= tau2
%B(n, p) = 1;
M(n, p) = M(n, p)
elseif M(n, p) > tau2
B(n, p) = 2;
M(n, p) = 0;
end
elseif A(n, p) == 2
if M(n, p) <= tau1
%B(n, p) = 2;
M(n, p) = M(n, p)
else
B(n, p) = 3;
M(n, p) = 0;
end
elseif A(n, p) == 3
B(n, p) = 5;
M(n, p) = 0;
elseif A(n, p) == 4
if M(n, p) <= tau3
%B(n, p) = 4;
M(n, p) = M(n, p)
else
B(n, p) = 0;
M(n, p) = 0;
end
elseif A(n, p) == 5
if b <= Prepl
B(n, p) = 0;
M(n, p) = 0;
end
end

p, R1, R2, Prt, Pinf, r, linearind);
+ 1;

+ 1;
&& b <= Pact

+ 1;

+ 1;

end
end
A = B;
c0 = find(A==0); % T healthy
num0 = length(c0);
c1 = find(A==1); % A0 latently infected
num1 = length(c1);
c2 = find(A==2); % A1 infected stage 1
num2 = length(c2);
c3 = find(A==3); % A2 infected stage 2
num3 = length(c3);
c4 = find(A==4); % An exposed but not infected
num4 = length(c4);
c5 = find(A==5); % D dead
num5 = length(c5);
Count(t+1, :) = [num0 num1 num2 num3 num4 num5];
V(t + 1) = (1 - Ppi)*delta*num2 + (1 - c)*V(t); %Number of virions...
if t > 1 && t <= cyc
if num2 >= Tinf0 %k is an "ad hoc" constant...
k = k1;
else
k = k2;
end
deltaN= (V(t) - V(t - 1))/(k*delta*Tinf0); %Calculated increase in the number of
neighbors...
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N(t+1) = N(t) + deltaN;
end
end
linearind = neigh_def_(r, N(cyc+1));
Nneigh(cyc+1) = length(linearind) - 1;
figure
plot(V, 'r.')
grid on
xlabel('Weeks'), ylabel('Virion load')
figure
plot(N, 'ks')
grid on
xlabel('Weeks'), ylabel('Number of neighbors')
%Conversion for the colormap...
% 1 is blue
% 2 is lighter blue
% 3 is cyan
% 4 is green
% 5 is yellow
% 6 is orange
Amod = zeros(size(A));
for n = 1:width
for p = 1:height
if A(n,p) == 0 || A(n, p) == 4
Amod(n, p) = 1; %blue, T + An healthy cells...
end
if A(n,p) == 1
Amod(n, p) = 3; %cyan, A0 latently infected...
end
if A(n, p) == 2 || A(n, p) == 3
Amod(n, p) = 4; %green, A1 + A2 infected
end
if A(n, p) == 5
Amod(n, p) = 6; %orange, D dead
end
end
end
graf_(Amod);
x = 0:cyc;
Densit = Count/totalcells;
figure
plot(x, Densit(:, 1) + Densit(:, 5), 'b') %T + An healthy cells...
hold on
plot(x, Densit(:, 2), 'cyan') %A0 latently infected...
hold on
plot(x, Densit(:, 3) + Densit(:, 4), 'g' ) % A1 + A2 infected
hold on
plot(x, Densit(:, 6), 'r') %D dead
hold off
xlabel('Weeks'), ylabel('Cell densities')
hleg1 = legend('T + An','A0', 'A1 + A2', 'D');
return
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FUNCTION “SIMUL_TORUS2_.M”
function Aext = simul_torus2_(A, r)
%Generation of extended matrix for simulation of torus...
[height, width] = size(A);
Aext = [A(:, width-r+1:width) A A(:, 1:r)];
Aext = [Aext(height-r+1:height, :); Aext; Aext(1:r, :)];
return

FUNCTION “RULES_.M”
function ind = rules_(Aext, n, p, R1, R2, Prt, Pinf, r, linearind)
ind = 0;
Moore = extended_Moore_(Aext, n, p, r); %Moore neighborhood...
neigh = Moore(linearind); %Includes the center...
a1 = find(neigh==2);
numA1 = length(a1);
a2 = find(neigh==3);
numA2 = length(a2);
if (numA1 >= R1) || (numA2 >= R2) %R1 = 1, R2 = 4...
bu = rand;
if bu <= Prt
ind = 4; %An
else
bu = rand;
if bu <= Pinf
ind = 2; %A1
else
ind = 1; %A0;
end
end
end
return

FUNCTION “EXTENDED_MOORE_.M”
function Moore = extended_Moore_(Aext, n, p, r)
%For bidimensional arrays...
n = n+r; p = p+r;
Moore = Aext(n-r:n+r, p-r:p+r);
return

FUNCTION “R_.M”
function r = r_(Nn)
%Defines r from the calculated number of neighbors...
if Nn<8.5
r = 1;
elseif Nn >= 8.5 && Nn < 25.5
r = 2;
elseif Nn >= 25.5.5 && Nn < 49
r = 3;
end
return

Review of Computational Science and Engineering ½Volume 3, Issue 3

57

FUNCTION “NEIGH_DEF_.M”
function linearind = neigh_def_(r, Nn)
%Matrix for selection of neighborhood indices...
X0 = [ 47
43
33
25
30
38
46; ...
42
24
17
9
14
22
40; ...
32
16
8
1
6
20
36; ...
27
11
3
0
4
12
28; ...
35
19
5
2
7
15
31; ...
39
21
13
10 18
23
41; ...
45
37
29
26 34
44
48]; %Matrix for selection of Nn number of
neighbors...
if r == 1
X = X0(3:5, 3:5);
elseif r== 2
X = X0(2:6, 2:6);
elseif r == 3
X = X0;
end
[i, j]= find(X<Nn+1);
linearind = sub2ind(size(X), i, j);
return

FUNCTION “GRAF_.M”
function graf_(Amod)
% 1 is blue
% 2 is lighter blue
% 3 is cyan
% 4 is green
% 5 is yellow
% 6 is orange
figure
colormap(jet(6))
image(Amod,'CDataMapping','direct')
axis image
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Using Genetic Algorithms to Solve the Bin Packing
Problem
By Shin Woo Jang
Cheongshim International School

ABSTRACT
Solving complex optimization problems with genetic algorithms has always been an interest
of mine. The bin packing problem is a classic optimization problem, which entails packing objects
of different volumes into a finite number of bins or containers each of volume V in a way that
minimizes the number of bins used. For problems such as these, it is inefficient to use conventional
programming methods, such as brute force. Instead, a heuristic or meta-heuristic method is more
appropriate. This research paper uses genetic algorithms and models to solve this problem.

1. INTRODUCTION
Limited resources and information requires those to be distributed and utilized in the most
effective manner and is an important part in decision making in current business management. The
algorithmization of the decision process could be understood through solving simple problems that
can represent various real life issues.
There are limits to what the simple mathematical instinct of a human being can do in
complicated problems. With genetic algorithms applied to the solving of the basic problems of the
famous Bin packing problem, a deeper insight could be gained in the direction of the thinking
process in solving the problem.

2. THE BIN PACKING PROBLEM
We have a set of n objects. We know sizes of all n objects. Sizes of two different objects may
be same or different. We have bins to pack all n objects. All bins have the same fixed size and each
bin can hold any number of the objects whose total size does not exceed the bin capacity. The
objective is to pack all n objects into the minimum number of bins [1, 2]. Bin packing problem has
many real world industrial applications [3]. Solving the bin packing problem is also very interesting.
Size of all objects represents the weight of them. We can think bin as a container. Size of 16
objects and bin capacity is presented in table 1. We have infinite number of bins. Each bin capacity
is 15 so that each bin can hold any number of the objects whose total size does not exceed 15.
Object
Number
1.

Object Size
7

Review of Computational Science and Engineering ½Volume 3, Issue 3

Bin
Capacity
15
59

2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.

7
8
8
5
2
4
3
10
9
6
13
6
3
12
11

Table 1: Size of objects and bin capacity

Let us first solve the problem for 4 number of objects so that later it becomes very easy,
interesting and exciting for you to solve the problem for 16 number of objects using genetic
algorithm. Consider we wish to solve the problem for first four objects of table 1. The first solution
of the problem is graphically represented as per the following.
Object: 2
Size: 7
Object: 1
Size: 7
Bin 1

Object: 3
Size: 8

Object: 4
Size: 8

Bin 2

Bin 3

As you can see, we have picked object 1 and packed it into bin 1. Now bin 1 capacity is = bin
1 capacity – size of object 1 = 15-7=8. Next we have picked object 2 and packed it into bin 1. Now
bin 1 capacity is = bin 1 capacity – size of object 2 = 8-7=1. Now we have object 3 and object 4
having the same size 8. We can pack neither object 3 nor object 4 into bin 1. So we have picked
object 3 and packed it into bin 2. Now bin 2 capacity is = bin 2 capacity – size of object 3 = 15-8=7.
Now we have remaining only object 4 to be packed. We can’t pack object 4 into bin 2. So we have
picked object 4 and packed it into bin 3. Thus we need minimum 3 bins to pack all 4 objects as per
our first solution.
The second solution of the problem is graphically represented as per the following.
Object: 3
Size: 8

Object: 4
Size: 8

Object: 1
Size: 7

Object: 2
Size: 7

Bin 1

Bin 2
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As you can see, we have packed object 1 and object 3 into bin 1. We have packed object 2 and
object 4 into bin 2. Thus we need a minimum 2 bins to pack all 4 objects as per our second solution.
Thus our second solution is better than our first solution. The second solution is also an
optimum solution of our bin packing problem.

3. WHAT IS A GENETIC ALGORITHM?
Genetic algorithm is a meta-heuristic [4] which mimics the principle of natural genetics.
Genetic algorithm is used to solve search and optimization problems [4]. Genetic algorithm was
invented by John Holland in the 1960s. Genetic algorithm performs search using a number of
chromosomes at once rather than a single chromosome [4]. It also updates a set of chromosomes at
each generation during a search [4]. Genetic algorithm does not belong to the class of traditional
random search algorithms which are inherently inefficient due to the directionless nature of their
search. Genetic algorithm is called a randomized search algorithm which is not directionless.
Genetic algorithm utilizes knowledge from previous generations of strings in order to construct a
new generation that will approach the optimal solution. In other words, genetic algorithm uses past
knowledge to direct the search.

4. WHY GENETIC ALGORITHMS?
Genetic algorithm is capable to find out the optimum or near-optimum solution of
optimization problems [5]. Consider the bin packing problem. If number of objects is 4 or 5 then we
can easily find out the solution of the problem by using pen and paper without doing any
programming. We have already solved the problem for 4 numbers of objects in section 1 without
doing any programming. Conventional programming such as brute force search can be used to solve
it when number of objects is 6, 7 or 8. But conventional programming may be inefficient to solve it
when number of objects is more. We can use heuristic or meta-heuristic to solve it efficiently when
number of objects is more. Heuristics [6] such as next fit, first fit, best fit, first fit decreasing etc. are
capable to find out the quick solution of the problem. But the quality of solution generated by these
heuristics may be poor. Meta-heuristic genetic algorithm is capable to find out the good quality
solution of the problem [5]. Thus genetic algorithm can be used to solve it when number of objects
is more. I promise you that it will be interesting for you to learn genetic algorithm and use it to solve
the bin packing problem. Furthermore, steps of genetic algorithm to solve the bin packing problem
are also straightforward.

5. BASICS OF GENETIC ALGORITHMS
The flow chart of genetic algorithm is presented in figure 1. Generally, genetic algorithm
works in a straightforward manner like this: An initial population of size N is created randomly. The
chromosomes in the population are then evaluated. Problem-specific fitness function is designed to
evaluate the chromosomes. Best solutions (chromosomes) are stored in each iteration. If
termination criteria are met then return the maximum of best solutions stored in each iteration as
a final solution. If termination criteria are not met then apply selection, crossover and mutation
operation until N offspring have been generated. Replace old population by new population when
N offspring have been generated and then increment the generation (iteration) completed by one
because genetic algorithm has completed one generation. Repeat the same procedure until
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termination criteria have met. The following basic components of genetic algorithm are considered
to solve the problem [5].
•

Chromosome representation

•

Initial population

•

Fitness function

•

Reproduction (selection) operator

•

Genetic operators (crossover and mutation)

•

Replacement strategy

•

Parameters of genetic algorithm

•

Stopping criteria
The design of genetic algorithm is as follows.

1.

[Start]

2.

[Initial population] Generate initial population of N chromosomes randomly. Each
chromosome represents a possible solution of the problem.

3.

[Fitness] Evaluate the fitness f(x) of each chromosome x in the population.

4.

[Store] Store the best solutions in each iteration

5.

[Test] If the termination criteria met then return the maximum of best solutions stored in
each iteration as a final solution and [stop] else go to step 6.

6.

[New population] Create a new population by repeating following steps until N offspring
have been generated.
a.

[Selection] Select two parent chromosomes from a population according to their
fitness.

b.

[Crossover] With a crossover probability, apply crossover operation on the selected
parents to form offspring (children). If no crossover was performed, offspring is the
exact copy of the selected parents.

c.

[Mutation] With a mutation probability, apply mutation operation on the offspring.

d.

[Accepting] Place new offspring in the new population

7.

[Replace] Replace old population by new population

8.

[Increment] Increment the generation completed by one

9.

[Loop] Go to step 3.
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Start

Generate Initial Population of
Size N

Evaluate the Chromosomes

Store the Best Solutions

Termination
Criteria met?
Yes
No
Return the Maximum
of Best Solutions

Selection
No
Crossover

Stop
Mutation

Add the child to new population

N
offspring
formed?

Yes

Generation = Generation +
1

Replace old
population by new
population

Figure 1: Flow chart of genetic algorithm
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6. STEPS OF THE GENETIC ALGORITHM TO SOLVE THE BIN-PACKING PROBLEM
Steps of genetic algorithm to solve the bin packing problem are explained as per the
following.

6.1 CHROMOSOME REPRESENTATION
A bin-based representation [6] is used to represent chromosomes for the bin packing
problem. Each chromosome represents a possible solution in bin-based representation. The length
of a chromosome is equal to the number of objects considered in the problem [6]. A gene in the
chromosome represents a bin [6]. Object 1 will be packed into the bin represented by first gene,
object 2 will be packed into the bin represented by second gene, object 3 will be packed into the bin
represented by third gene and so on.
Example of the chromosome

1 1 2 3 2 2 3 4 4 5 5 6 7 7 8 9
In the above example, the length of the chromosome is 16 because we have considered 16
objects in the problem. Integer values from 1 to 9 represent the bins. Thus if above example of the
chromosome is the solution of the problem then object 1 will be packed into bin 1, object 2 will be
packed into bin 1, object 3 will be packed into bin 2, object 4 will be packed into bin 3 and so on.

6.2 INITIAL POPULATION
Randomly generated 40 chromosomes are used as initial population. Each chromosome in
the population must meet the following bin capacity requirement.
1.

Pack any number of the objects into the bin in a way that total size of all packed objects does
not exceed the bin capacity [6].

6.3 FITNESS FUNCTION
The goodness of the chromosomes is evaluated by using the fitness function. The fitness
function of the bin packing problem is defined as per the following.
f(x) = 1/number of bins represented by a chromosome x
A chromosome having maximum value of fitness function in population represents the best
solution.
public void calculate_fitness()
{
int[] tempPopulation = new int[Population.InitialPopulation.GetLength(1)];
int i;
for (i = 0; i < Population.InitialPopulation.GetLength(0); i++)
{
int j;
for (j = 0; j < Population.InitialPopulation.GetLength(1); j++)
{
tempPopulation[j] = Population.population[i, j];
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}
_objective[i] = tempPopulation.Distinct().Count();
_fitness[i] = 1/(double) _objective[i];
_sumFitness = _sumFitness + _fitness[i];
}
}

6.4 SELECTION OPERATOR
The roulette wheel selection [6] can be used for the bin packing problem. In the roulette
wheel selection, chromosomes are selected according to their raw fitness into the mating pool. The
chromosomes having good fitness have more probability to be selected. Think about a roulette
wheel where we have put all the chromosomes in the population. The size of the section in the
roulette wheel represents the fitness function value of the chromosomes. As you can see figure 2 as
an example which shows that chromosomes having high value of fitness function occupy the larger
section of the roulette wheel.
We throw a marble in the roulette wheel while it rotates. When the roulette wheel stops
rotating, the chromosome, where a marble placed is selected. The chromosomes having high value
of fitness function will have more chances to be selected. Implementation of the selection operator
is like playing a roulette game.

Figure 2: Roulette wheel selection

The following code snippets implement the roulette wheel selection.
public void Selection()
{
int i;
for (i = 0; i < Population.InitialPopulation.GetLength(0); i++)
{
double sumOfFitness = 0;
_randomNumber = _random.NextDouble();
_randomNumber = _randomNumber*_sumFitness;
int j;
for (j = 0; j < Population.InitialPopulation.GetLength(0); j++)
{
sumOfFitness = sumOfFitness + _fitness[j];
if (sumOfFitness > _randomNumber)
{
_parentSelection[i] = j;
break;
}
}
}
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6.5 CROSSOVER OPERATOR
Crossover is used to combine information from two parents into the offspring. Crossover
operation is applied on the chromosomes selected into the mating pool. A single point or one point
crossover [7] is used for the bin packing problem. In order to create offspring 1 using single point
crossover, first copy the substring before the crossover point from parent 1 into offspring 1 and
then copy the substring after crossover point from parent 2 into offspring 1. Reverse the roles of
parent 1 and parent 2 in order to create offspring 2 using single point crossover. Single point
crossover applied at crossover point 8 is demonstrated as per the following. You can randomly
select any crossover point.
Parent 1

Parent 2

1 1 2 3 2 2 3 4 4 5 5 6 7 7 8 9

1 2 1 2 3 3 3 4 4 5 5 6 7 8 9 8

Offspring 1

1 1 2 3 2 2 3 4 4 5 5 6 7 8 9 8

Offspring 2

1 2 1 2 3 3 3 4 4 5 5 6 7 7 8 9

The following code snippets implement the single point crossover.
public void Crossover()
{
int i, j, k = 0;
int[,] parent1 = new int[Population.InitialPopulation.GetLength(0)/2,
Population.InitialPopulation.GetLength(1)];
int[,] parent2 = new int[Population.InitialPopulation.GetLength(0)/2,
Population.InitialPopulation.GetLength(1)];
const double crossoverProbability = 0.6;
for (i = 0; i < Population.InitialPopulation.GetLength(0)/2; i++)
{
for (j = 0; j < Population.InitialPopulation.GetLength(1); j++)
parent1[i, j] = Population.population[_parentSelection[i], j];
}
for (i = Population.InitialPopulation.GetLength(0)/2; i <
Population.InitialPopulation.GetLength(0); i++)
{
for (j = 0; j < Population.InitialPopulation.GetLength(1); j++)
parent2[k, j] = Population.population[_parentSelection[i], j];
k = k + 1;
}
for (i = 0; i < Population.InitialPopulation.GetLength(0)/2; i++)
{
_randomNumber = _random.NextDouble();
if (_randomNumber <= crossoverProbability)
{
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int crossoverPoint = _random.Next(1,
Population.InitialPopulation.GetLength(1));
for (j = 0; j < crossoverPoint; j++)
{
_offspring1[i, j] = parent1[i, j];
_offspring2[i, j] = parent2[i, j];
}
for (j = crossoverPoint; j <
Population.InitialPopulation.GetLength(1); j++)
{
_offspring1[i, j] = parent2[i, j];
_offspring2[i, j] = parent1[i, j];
}
}
else
{
for (j = 0; j < Population.InitialPopulation.GetLength(1); j++)
{
_offspring1[i, j] = parent1[i, j];
_offspring2[i, j] = parent2[i, j];
}
}
}
}

6.6 MUTATION OPERATOR
Mutation is a secondary operator which is used to restore lost genetic materials into the
population [8]. Mutation operation is applied on the chromosomes after the crossover operation.
Bit-wise mutation is used for the bin packing problem. Bit-wise mutation changes one gene value
by another gene value in the chromosomes. Bit-wise mutation applied at position 8 is demonstrated
as per the following. You can randomly select any position in the chromosomes at where bit-wise
mutation is applied.
Offspring

1 1 2 3 2 2 3 4 4 5 5 6 7 8 9 8
New mutated offspring

1 1 2 3 2 2 3 7 4 5 5 6 7 8 9 8
The following code snippets implement the bit-wise mutation.
public void Mutation()
{
const double mutationProbability = 0.4;
int i;
int k = 0;
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int[] tempOffspring = new int[Population.InitialPopulation.GetLength(1)];
for (i = 0; i < Population.InitialPopulation.GetLength(0)/2; i++)
{
_randomNumber = _random.NextDouble();
int j;
if (_randomNumber <= mutationProbability)
{
for (j = 0; j < Population.InitialPopulation.GetLength(1); j++)
tempOffspring[j] = _offspring1[i, j];
int mutationPosition = _random.Next(0, Population.InitialPopulation.GetLength(1));
_offspring1[i, mutationPosition] = _random.Next(1, tempOffspring.Max() + 1);
for (j = 0; j < Population.InitialPopulation.GetLength(1); j++)
tempOffspring[j] = _offspring2[i, j];
mutationPosition = _random.Next(0, Population.InitialPopulation.GetLength(1));
_offspring2[i, mutationPosition] = _random.Next(1, tempOffspring.Max() + 1);
}
for (j = 0; j < Population.InitialPopulation.GetLength(1); j++)
Population.NewPopulation[k, j] = _offspring1[i, j];
k = k + 1;
for (j = 0; j < Population.InitialPopulation.GetLength(1); j++)
Population.NewPopulation[k, j] = _offspring2[i, j];
k = k + 1;
}
}

6.7 REPLACEMENT STRATEGY
The chromosomes in old population are replaced by newly generated chromosomes which
meet the bin capacity requirement stated in section 3.2 in each iteration. The newly generated
chromosomes which do not meet the bin capacity requirement stated in section 3.2 will be
discarded.

6.8 PARAMETERS OF THE GENETIC ALGORITHM
A set of parameters [9] is needed in genetic algorithms. In order to converge, these
parameters of genetic algorithm have to be fine-tuned. They are described in the following
subsection.

6.8.1 POPULATION SIZE
Of course, for algorithm’s convergence, bigger population is better, because we have more
genetic material for selection, crossover and mutation.
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Changes to build better solutions are bigger. However, there is one important issue for
algorithm’s speed. Bigger population means more evaluation. Every chromosome in population has
to be measured in terms of fitness. Usually this is computationally more expensive procedure in
genetic algorithm. Therefore, population size is kept about 40. Of course it depends on evaluation
complexity.

6.8.2 CROSSOVER RATE
In genetic algorithm literature, the term crossover rate is usually denoted as Pc, the
probability of crossover. The probability varies from 0 to 1. This is calculated in genetic algorithm
by finding out the ratio of the number of pairs to be crossed to some fixed population. Typically for
a population size of 30 to 200, cross over rates are ranged from 0.5 to 1.
We have seen that with random crossover points, the children chromosomes produced may
not have a combination of good substrings from parent chromosomes depending on whether or not
the crossing point falls in the appropriate place. But we do not worry about this too much because
if good chromosomes are created by crossover, there will be more copies of them in the next mating
pool generated by the reproduction operator. But if good chromosomes are not created by
crossover, they will not survive too long, because reproduction will select against those
chromosomes in subsequent generations. It is clear from this discussion that the effect of crossover
may either be detrimental or beneficial. Thus, in order to preserve some of good chromosomes that
are already present in the mating pool, not all chromosomes in the mating pool are used in
crossover.
When a crossover probability of Pc is used only 100Pc percent chromosomes in the
population are used in the crossover operation and 100(1-Pc) percentage of the population remains
as it is in the current population. Even though the best 100(1-Pc) % of the current population can
be copied deterministically to the new population, this is usually preferred at random. A cross over
operation is mainly responsible for the search of new chromosomes.
So we will not apply crossover operation on all selected chromosomes. We will apply
crossover with crossover probability of 0.6 in order to preserve some of good chromosomes that
are already present in the mating pool. Thus the chances of crossover occurring is 60% in each
iteration in our case.

6.8.3 MUTATION RATE
Mutation rate is the probability of mutation, which is the ratio of the number of offspring to
be mutated to some fixed population. The mutation operator preserves the diversity among the
population, which is also very important for the search. Mutation probabilities are smaller in natural
populations leading us to conclude that mutation is appropriately considered a secondary
mechanism of genetic algorithm adoption.
If a fixed mutation rate is used what should it be? A very high mutation rate will render the
genetic algorithm ineffective, reducing it to a highly random (as opposed to randomized) search. A
very high mutation rate also causes more generations to converge. A very low mutation rate or no
mutation at all causes premature convergence. Good quality solution may not be found because of
premature convergence. Therefore a balance must be struck between the randomness of a very high
mutation rate and the risk of premature convergence posed by a very low one. Typically, the simple
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genetic algorithm uses the population size of 30 to 200 with the mutation rates varying from 0.001
to 0.5.
Similar to the crossover operation, all chromosomes are not taken part into the mutation
operation. The probability of crossover is always greater than the probability of mutation according
to genetics. We will apply mutation with mutation probability of 0.4 so that the chances of mutation
occurring is 40% in each iteration in our case.

6.8.4 NUMBER OF GENETIC GENERATIONS
Number of genetic generations means how many iterations we perform before we stop the
execution of genetic algorithm. It will depend on task complexity. Sometimes hundred generations
is enough, another time thousands of generations is not enough. It is probably wise to stop when no
improvement in solution quality is made for certain time. Limit condition can be calculated taking
account task’s dimensions.
Common stopping criteria of genetic algorithm are as per the following.
•

Best chromosome found in population has not improved in last t generations.

•

90% or more than 90% of best found chromosomes in the population share the same
fitness function value.

•

Predetermined number of generations reached.

•

A solution has been found that satisfies minimum criteria.

•

Allocated budget (computation time/money) reached.

•

Combinations of the above.

6.9 STOPPING CRITERIA
Stopping criteria is sometimes also called number of genetic generations. In our case, genetic
algorithm stops when it has completed 600 generations.
public class TerminationCriteria
{
public static int GenerationCompleted;
public const int MaxGeneration = 600;
public static bool TerminationCriteriaCheck()
{
return GenerationCompleted == MaxGeneration;
}
}
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7. ADVANTAGES AND DISADVANTAGES OF GENETIC ALGORITHMS
A very brief comparison of genetic algorithms with other search methods will highlight some
important features of this class of algorithms and provide some understanding of where their
strengths and weaknesses lie.
Goldberg has identified the main ways in which genetic algorithms differ from other search
and optimization methods. The advantages and disadvantages of genetic algorithms [10] can be
discussed with reference to these points of difference as follows.
•

Search is carried out from a number of points at once (the population) rather than a single
point. Instead of relying on a single point to search through the search space, the genetic
algorithm looks at many different areas of the search space at once, and uses all of this
information to guide it. A point-to-point optimization method is particularly susceptible to
false peaks in a multi-modal search space. The population used in a genetic algorithm
represents a family of points in the search space. The likelihood of finding false peaks is
thus lower than for a single point method. At the same time this can mean that in certain
search spaces a single-point method will be more efficient.

•

Genetic algorithms do not work with the parameter set directly, but with an encoding of the
parameters. It may not always be easy to encode all problems in an appropriate way. But it
is easy to encode the bin packing problem.

•

Genetic algorithm uses a fitness function to direct the search rather than auxiliary
knowledge. Genetic algorithm needs no auxiliary information. Once the genetic algorithm
knows the current measure of "goodness" about a point, it can use this to continue
searching for the optimum. Heuristic search techniques use domain-specific knowledge to
guide the search and their success depends on the framing of a suitable heuristic. With
regard to bin packing problem, use of a heuristic may not generate good quality solution.
The genetic algorithm outperforms a heuristic search technique with regard to bin packing
problem.

•

GA ‘transition rules’ are probabilistic and not deterministic: Selection, crossover and
mutation are randomized processes so there is always a possibility that genetic material
from unfit chromosomes will be passed on to the next generation. Many of the strengths
and weaknesses of genetic algorithm are related to this stochastic behaviour. Genetic
algorithm is able to find out the optimum or near-optimum solution of the optimization
problems having large input size in the practical length of time.

•

Genetic algorithm is inherently parallel. This is one of the most powerful features of genetic
algorithm. Genetic algorithm, by the nature is very parallel, dealing with a large number of
points (chromosomes) simultaneously.

•

Genetic algorithm provides robustness, efficiency and flexibility when searching a search
space for the solution.

Genetic algorithm uses both exploration and exploitation mechanism in order to find out the
good quality solution of the problem.
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8. CONCLUSIONS
In this paper, the basics of genetic algorithm were presented. A genetic algorithm solution
for the bin packing problem was also presented in great detail. Bin packing problem is an NPComplete problem. We have solved the bin packing problem for 4 numbers of objects without doing
any programming. Conventional programming such as brute force search can be used to solve it
when the number of objects is 6, 7 or 8. Genetic algorithms can be used to solve it efficiently when
the number of objects is more than 8. We have successfully solved the bin packing problem for 16
numbers of objects using genetic algorithms. Genetic algorithms are capable of determining a nearoptimal solution to the problem. Genetic algorithm may determine the same solutions or different
solutions after different runs.
The solution by genetic algorithm to the bin packing problems gives a possibility that other
more general problems, such as the cutting stock problem, could be solved in a similar manner.
Further research may be done on using genetic algorithms to the representation process itself into
Mixed Integer Operations problems and its solutions.
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