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Abstract:

Neuroph is an open source software that providea-Based software components and tools for
developing neural networks. It is designed to b&yda learn, use, extend and customize for specific
needs. Thanks to these features, Neuroph has gaidedadoption in the world-wide user community.
This tutorial explains details about the Neuropatfpkrm design and demonstrates its usage through
examples, both in Java code and with tools withplgiGal user interface. The examples include an
introductory (educational) classification demo witlsualization, a basic classification demo with
complete work-flow for neural network training anmss-validation, and a basic image recognition
demo. It also demonstrates how it can be extendeldused in specific application domains. The
Neuroph platform is based on best software engimgepractices, experience from other neural
network software developed in Java, and on prowesa $oftware industry standards like NetBeans
Platform.
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1. Introduction

NeuropH is an open source software platform for neuralvoet development, education and research.
It provides a well-designed software developmeamiwork written in Java programming language
[1], and an integrated development environmentrfearal networks, with graphical user interface
(GUI) based on NetBeans Platform [2]

Neuroph enables and makes easier the developmerdriolus types of neural networks, and their
integration into the real world applications. It psimarily intended to be used by Java software
developers and students. However, thanks to i#iléy and openness, it is also an interestingap

for neural network research.

Although there are many similar software framewaksd tools for neural networks developed in Java
over the last decade [3] [4] [5] [6] [7] [8] [9] 01 [11], Neuroph managed to gain popularity anddui
community thanks to its ease of use and extentgibMieuroph makes easy for software developers to
learn about neural networks, create software compisnthat use neural networks, and extend or
customize existing types of neural networks (whigte provided by the underlying software
framework).

Neuroph is being developed at the University of gBadle with contributions from individual
developers and universities all around the worl2].Ji has stable development history since itst firs
release in 2008,with one release per year. At tloenemt, it has over 900 downloads per week,
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according to the statistics from the official prjelownload pade

It is being used for teaching neural networks atlmiversity of Belgrade in the course on Inteltige
System3 and it has won the Duke's Choice Award 20%ich is the annual Java community award
for the most innovative software on Java platform.

Latest version of Neuroph software v2.92 is avédaior download in executable form, with full
source code and documentation from official Neursip#

This paper describes design, tools and main featfrthe Neuroph platform, through three applicatio
examples. It explains how use Neuroph to solveiqaar tasks, and provides information to
understand Neuroph in order to be able to extend ¢ustomize it. The paper is organized as follows
Section 2 provides an overview of Neuroph's intedesign and tools. Section 3 provides a detailed
description of three application cases, which destrate the usage and the most important features of
the Neuroph software. These application casesdeclan animated educational classification example,
a simple Iris flower classification example, and iamage recognition example. Section 4 gives an
overview of the main extension points and guidalif@@ extending and customizing Neuroph. Some
concluding remarks are given in section 5.

2. Neuroph Design and Tools

This section describes the general design, compsaa tools of the Neuroph platform. The main
components of the Neuroph platform are:

1. Neuroph framework, which provides a Java classulipfor various neural network
components; and

2. GUI tool called Neuroph Studio, which provides grted development environment for
neural networks based on the Neuroph framework\etBeans Platform.

2.1. Design of Neuroph Framework

Neuroph is designed with the goal to provide easyse, flexible and extensible environment for
creating neural networks and making them parttob&set of Java software developers. So the main
objectives of Neuroph design are to maximize thieong factors of software quality:

1. Usability — Neuroph should be easy to learnas®l In practice this means that there should be a
small number of classes and methods required to,labong with tools that make it easier to create,
simulate, and analyze neural networks.

2. Flexibility and extensibility — it should be ga® extend Neuroph (add new features) and customiz
it (modify existing features) for specific needs.

3. Re-usability — it should be easy to deploy Neturm various environments and application domains,
with high level of code reuse when developing esi@ms based on existing Neuroph components.
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In order to meet these goals, domain-driven anespot-driven design principles were applied.
Domain driven approacfil3]means to base a complex design on a domaireinatich results in
better understandability and learn-ability. In tase of the neural network framework design, this
means choosing framework elements so that theggpond to neural network domain concepts,
which makes the design easier to understand.

Following these principles, the main concepts mrlural network domain used for Neuroph design
are:

Neural Network — a network that consists ddyersof interconnected processing units
(neuron$ that can learn from sontlata setusing a correspondirigarning algorithm

Learning algorithm — an algorithm that adjustsnkévork parameters (connection weights)
during the training procedure until the networksgetdesired behavior

Data Set — a collection of data that is used énttaining procedure and for testing the network
Layer — a collection of neurons

Neuron — a basic processing unit in the network;se various input and transfer functions
Connection — connection between two neurons wibaated Weight

Hot-spot-driven desigri14] [15]is about aspects that have to be keptilfle using appropriate
abstractions, so these can be easily changed.robéem with framework design is how to balance the
flexibility versus the complexity of use of thatafmework [4]. The complexity of keeping the
framework exceedingly flexible also makes the freumik harder to reuse and maintain. Less flexible
solutions tend to keep the framework smaller argleedao maintain and reuse. Thus to find out the
most important hot spots becomes a major issue designing a framework [16].

The most general requirement for flexibility of aunal network framework is to support different
types of neural network architectures and learratgprithms, and make them domain/application
independent. In order to achieve that, the desegds to support different types of neurons, inpat a
transfer functions, connectivity patterns and atéon between neurons, and different types of
learning algorithms. All of these represent 'haitspof the framework.

The goal of Neuroph's design regarding flexibilitgs to come with generic base design that can be
extended to create any possible type of neuraloritvor at least to create the design that is ptessd
evolve into that direction over time.

Regarding re-usability, the design objectives areemable creating new types of neural networks,
learning algorithms, and other neural network congmbs, with minimal coding effort, and to allow
reuse of existing components. Also, the design Ishsupport reuse of neural network components in
different applications, as well as use of differgmtes of neural networks in the same applicatich w
minimal change. In addition, it should support coomty adopted procedures for neural network
training and development regardless of the applinatomain.

Following these ideas and guidelines, the coregaesi the Neuroph framework has evolved as shown
on the class diagram in Figure 1.
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Fig. 1 The coreclass diagram of the Neuroph framework

In general, the Neuroph framework provides a séiask classeFig. 1),which can be easily extend
by using inheritance and overriding specific methodhis approach provides the same ger
structure for different types of neural networkfieTmain classes, meth(, and extension points a

briefly explained in the resif this section, while more technical detareavailable in section




1) TheNeuralNetwork class is the base class for all types of neurabaoris. It contains a collection
of neuron layers and a learning rule. It providethuds that represent a common public interface for
all types of neural networks, which are:

setlnput() - sets the network input

calculate()- calculates the network output. The default impmatation is sequential calculation of the
network layers. For different calculation strategigis method should be overridden and it can
delegate calculation to other classes.

getOutput()} returns the network output

learn(DataSet data set)yuns a learning algorithm with the specifiedads¢t . This method delegates
the learning algorithm to some implementation efltbarningRuleclass.

Specific types of neural networks are defined tgeding this class, implementing the method that
creates a specific network architecture (layerarares and connections), and setting the appropriate
learning algorithm based on thearningRuleclass.

2) TheLearningRule class is an abstract base class for all typesashing algorithms. The extension
point is the abstract methdéearn(),which should be implemented by subclasses in dodereate
specific learning algorithms. It also provides nueth to control learning (stop, pause, resume), a
learning event mechanism, and methods that cawdreidden in some learning stages (onStart,
onStop).

This class is inherited BynsupervisedLearningndSupervisedLearningvhich are further inherited
by specific learning rules likeMS, Backpropagationetc.

3) TheDataSet class represents a collection of data that thear&tshould learn during the training
process. It can contain both supervised and ungigeertraining data.

4) TheLayer class is a collection of neurons, and also a blass ¢or different types of layers. In most
of cases, the basic layer class is enough. It gesvimethods to add to and remove neurons from a
layer, and thealculate()method that calculates the output of all neurore layer. The default
implementation does sequential calculation of nesii@utputs, and different strategies for calcutatio
can be implemented by sub classing and overridiagalculate()method.

5) TheNeuron class is a base class for all types of neuroredtan input function and a transfer
function, collections of input and output connextido other neurons and tba&lculate()method that
delegates calculation of the neuron output tonpgit and transfer functions. Different calculation
behavior can be implemented by overriding¢hiulate()method.

6) ThelnputFunction class is an abstract class used as a base cladbtfgres of a neuron's input
functions. It has one abstract methagetOutput(Connection[] inputConnectionsyhich has an array
of input connections as an input parameter, andnetthe result/output of the input function.Specif
input functions are implemented by extending tlhas€ and implementing the methgetOutput().The
framework provides implementations of many commarsgd input functions: weighted sum,
distance, and, or, min, max, etc.

7) TheTransferFunction class is an abstract class used as a base clabtigres of a neuron's
transfer functions. It has two important methots: dbstract methagetOutput(double netyhich
should return the output of a specific transfercfion, andgetDerivative(double netyvhich should
return the first derivative of a specific functidrhe framework provides implementations of many
commonly used transfer functions, like: step, sigintanh, gaussian, linear, ramp, log, sin, etc.

8) TheConnectionclass represents a weighted connection betweendwans. It holds references to



from andto neuronsand the connection weight, which is an instanddefWeightclass, so the single
Weightinstance can be shared by multiple connectiongctwik an important feature of architectures
like Convolutional networks).

9) TheWeight class stores a value of the connection weighé (@&l number) and the weight change
(which is calculated by the learning rule).lt aleay contain additional data used by the learnitg ru
and related to that weight (so calkediningData). This class does not have subclasses, and typical
scenarios do not require this class to be extended.

10) ThePluginBaseclass is a base class of the Neuroph plugin syst&tim the purpose to provide an
extensible mechanism to create application-spetifictionalities and keep them separated from the
neural-network-related classes. In practice, thidane by creating an application-specific pludass
that inherits PluginBase and adds application-specific methods (like, for araple,
ImageRecognitionPlug)n This class is used to separate application-8pelogic from neural-
network-related logic, which is identified as oné the main problems with neural network
development and reuse.

As of version 2.9, Neuroph supports the followirypds of neural network architectures: Adaline,
Perceptron, Multi Layer Perceptron [17], Hopfiel@l8], Bidirectional Associative Memory [19],
Kohonen [20], Instar [21], Outstar [21], CompetiWNetwork [22], MaxNet [22], Radial Basis
Function Network [23], Neuro Fuzzy Perceptron [2Bgbbian Network [25], and Convolutional
Network [26]. From this list of supported neuratwerks, it can be seen that the basic Neuroph desig
supports creation of the following types of neuratwork architectures: feed forward, recurrentlyful
connected, competitive. Thanks to flexibility arelisability of the base components, it also supports
creation of modified custom components and conviégtpatterns between neurons.

Neuroph supports the basic supervised and unsggernearning rules and their variations, which are
used by the networks listed above. The supportachileg rules include: LMS, Perceptron Learning,

Delta Rule, Backpropagation [17] , Resilient Praggaan [27], Dynamic Backpropagation, Hebbian

Learning [25], Anti Hebbian Learning [28], Oja Learg [29], Instar Learning [21], and Outstar

Learning [21].

From the list of supported types of learning rulesan be seen that the base Neuroph design ssppor
creation of the following types of learning rulddnsupervised (Hebbian, Kohonen, Competitive),
Supervised (LMS, Backpropagation, etc.) and sipgiss like Hopfield Learning [18] .

The working implementation of a wide variety of redunetwork architectures and learning rules
supported by Neuroph are all based on the samecbaggonents, which demonstrates the flexibility
and reusability of the design.



2.2. Neuroph Studio

Neuroph Studio is an integratddvelopmenenvironment for neural networksjth a graphical user
interface (GUI); it isbuilt on top of the NetBeans Platforlt provides tools for creating and analyz
neural networks with thBeuroph frameworl The main window of th&leuroph Studi@application is
shown in Figure 2.
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Fig. 2 The mainvindow of Neuroph Studio development environr

Neuroph Studio provides a wizabdsed workflow for neural network development, Wahig familiar
to software developers, and guicthe user through a series of steps/dialogs in ordercctmmplisha
specific task. It also provides visual tools toateecand analyze neural netws anddata sets.
Neuroph Studio provides the following main compds
1. Project System manages a set of neural network data setfiles for some specific proble
2. Wizard System provides a set of wizards for creating neural nekw@n(data sets
3. Visual Editor & Palette visual toolfor editingneural network components and connect
using dragri' drop from component pale
4. Explorer View-provides a tre-like view of neural network components
5. Properties View sprovides all settingof thecurrently selected neural network compol
6. Visualization System provides various 2D and 3D visualizats ofdifferentneural networks
and data set s



7. Training System - a set of dialogs for settingr@ining parameters and monitoring training

8. Cross-validation tool — a tool for automated creabeation

9. Application-specific tools — various tools for ajgaltion-specific domains like image
recognition, optical character recognition, EEGiaigeecognition etc.

A detailed description of these Neuroph Studio congmts is given in application examples presented
in section 3.

NetBeans Platform, which is used as a base for d{uttudio, is a generic framework for building
rich, complex Java desktop applications. It prositlexible modular architecture, rich set of grayaihi
user interface components, and many other impoftatures that can be easily reused. NetBeans
Platform is an open-source software, developed tacl® Corporation. Neuroph Studio adds neural-
network-specific tools based on the Neuroph framrévi@ NetBeans Platform in the form of additional
NetBeans modules/plug-ins.

This also makes easy for Neuroph to integrate witter software based on NetBeans Platform, for
example NetBeans Java IDE. This way, Neuroph Stpdiwides an integrated neural network and
Java development environment, and make it easiesofitware developers to create, use, and integrate
neural networks in their software projects.

Hardware and software requirements

Neuroph Studio runs on operating systems that sugpwa Virtual Machine (Windows, Linux, Mac),
and meet the following recommended requirements:

CPU: 2.6 GHz Intel Pentium IV or equivalent,
Memory: 2Gb
Java version: 1.8

Note that default settings for assigned memoryéwa Virtual Machine in Neuroph Studio are pretty
low (only 64Mb), but if Neuroph Studio becomes ahd¢, or ‘Out of memory error' occurs, more
memory should be assigned to it using -J-Xmx switictonfiguration file
[NeurophStudioHomeDir]/etc/neurophstudio.conf

3. Application Cases

This section shows how Neuroph software is usesbtee some typical machine learning problems,
like classification and image recognition. Threglagation cases show how to use visual tools from
Neuroph Studio to create and train neural netwosks, then the same problems are solved in Java
code. The first demo is educational and its focu®n the training procedure. The classification
problem data set and the neural network are gmtkmutomatically, with the smallest number of
settings, and the user can easily train the netwsikg the training dialog. This demo also provides
visualization tools which enables better understapdf neural network training and operation.

The second demo is more realistic and shows hamport a data set from an external file, and &eat
and customize neural network using a specializedamdi This is demonstrated using the Iris
classification problem.
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The third demo shows how to use Neuroph in a speagiiplication domain, which is in this case image
recognition.

3.1. Basic Classification Demo

This demo shows how to solve simple classificaporblems using the Neuroph Studio GUI. Neuroph
Studio provides wizard-based tools to generate Eamata set s and neural networks, for simple
classification problems, and then train and test leural networks. NeurophStudio also provides
visualization tools that help the user to get atdvetinderstanding of the problem, the network
architecture, the learning algorithms and the netveperation.

This demo is an educational example, useful fochtieg neural networks, explaining basic concepts,
workflow, visualization of the problem (data seand Multi Layer Perceptron operation (learning and
classification).

The problem is defined as follows: Create and thinti Layer Perceptron neural network to classify
set of two-dimensional points (vectors). The setwd-dimensional points is generated automatically,
as a sample data set , where each point belongsetmf the two possible classes (red or blue). The
class of a point is determined during the data geteration, using simple shape patterns: if thetpo
belongs to the inner part of the shape then itlug,botherwise it is red. There are several difiere
shapes that can be used: ellipse, circle, squem@othd, moon, ring, etc.

Brief overview of the procedure

The problem described above can be solved with déyguStudio in the following steps:

1. Creating a Multi Layer Perceptron Classificat®ample Project

2. Generating a sample data set for classificabased on a predefined shape.

3. Creating a Multi Layer Perceptron neural netwavrih a selected predefined architecture.

4. Training the neural network. Apply the trainipgpcedure to the neural network using the generated
data set .

These steps can be easily executed and visualgzed Multi Layer Perceptron Classification Sample
in Neuroph Studio. The text that follows explaihe tnain points with screenshots and step-by-step
instructions for running this sample.

Step 1.Creating a Multi Layer Perceptron Classificatiangple Project

Neuroph Studio has a project-based workflow, whitdans that the first thing that needs to be done
when working on some problem is to create a profegroject is a logical set of neural networkstada
set s, and specific tools available in specificetypf projects. Different types of projects areated by
using the 'New Project’ wizard and selecting thequt type.

The Multi Layer Perceptron Classification Samplejgct wizard (Fig. 3) is launched from the main
menu:

Main Menu > File > New Project > Samples > NeurophMulti Layer Perceptron Classification
Sample

After the 'next' button is clicked, the wizard aststhe name and location of the project, and the
project will be created in a folder at a specifiktsk location. There are three main components that
will be available upon the project creation (Fiy. 4
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1) Project Window €ontains neural networks adata set s organized into folders
2) Visualization Window provides 2D visualizatioof the problem dataet and animated neui

network learning

3) Sample Controls Windowprovides controls for creatirdata set neural network and settit

visualization options.
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Step 2.Creating a data set

To create a datset, select one of the Shape options (for exam@mbnd) in Sample Contro
Window and click the 'Create Da%at' buttonlt is also possible to set the number of points$ Wik
be created (Fig. 5).
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1000
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Fig. 5 Create data set controls

A data set for theelected shape will be created unthe Training Sets folder ithe Project Window,
and visualized in theisualization windowFig. 6).
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Each 2D point in the generated ds#d has two values in the interval [-1, 1] dheclassification class
that can be either 1 (bluet, inner shape point) or O (red or outer shapetp(The (enerated data set
can also be viewed as a table with numerical v, by clicking the data set in tipeoject window

(Fig. 7).
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Fig. 7 Data set table view
Step 3. Creating a Multi LayePerceptron neural netwc

To create a Multi Layer Perceptron, selthenetwork structure and transfer function in the Slar
Controls Window and click th€reate Neural Network' buttoFig. 8).

Step 2: Create Neural Network

Network structure: [5.9.4 v

Transfer function: T3k .

Create Neural Network

Fig. 8 Controls for creatinca neural network

The retwork structure corresponds the number of neurons and layers imeural network. Fc
example, 2:9:1 means that theural network has two neuronsthe input layer, nine neurons the
hidden layer, and one neuronthre output layer. In this examplell @roposed architectures have t
neurons in the input layeand one neuron ithe output layer, since the inputtigo-dimensional and a
single binary [0, 1] classification ithe output.

A Multi Layer Perceptron neural network will be ated under théNeural Networks' folder irthe
Project Window, and it can be openusing the Visual Editor tool in theentral window Fig. 9).
Visual Editor provides a visualbomponer-based view of a neural network architecture: la)
neurons and connians. It enables inspection and modification & thdividual componeni
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Fig. 9 Visual neural network editor

Note that individuahdditional neurons ithe input and hidden layers shown in.Fgepresent bie
neurons that are added by defaBlas neurons represent constant input for all neuo next layer
that helps faster convergence of Backpropagataming rule

Step 4.Training a neural network
To start the neural network training with sodata setand observe the training piess, the neural

network has to be draggeddnopper from the Project Window to the data sesualization window ir
the center, to enable the train button in the @olBy drojping theneural network in the visualizatic
window, the user indicates th&e wants that neural network to learn twvisualizec data set .
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v & Neural Networks L °

®
®
1= MlpSampleNet1.nnet e : o o *
v & Training Sets
™ Diamond.tset *

» @ Test Sets .

Fig. 10Drag 'n' drop the neural network and start training



Clicking the 'Train' button in thmolbar Fig. 10) opens the training dialog (Fitfl)

Stopping Criteria
Max Error [D

Limit Max Iterations

Learning Parametars
Learning Rate 0.2

Momentum 0.7

Crossvalidation

Use Crossvalidation

Options
& Display Error Graph

Turn off For Faster learning

Train Close

Fig. 11 Training dialog with default settings

The training dialog provides various settings fog tearning algorithm like Max Error, Learning R
and Momentum. For the purpose of this dethe provided default values are accej. Clicking the
‘Train' button starts the training procedLtit opens reatime total network error graptFig. 12) and
displays the network operationtimevisualization window.

Note that thedialog also provides some advanced settingthe crosssalidation proedure, which is
described in more detail in Secti8r2
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Fig. 12 Total network error graph during trainir

Total network error graph shows the value of tatgtivork error during the training iterations. Dy
the training, this is displayed @aa-time scrolling graph, and at the end of tfaning it is displayed
for the entire training. The fundamental principfeall supervised learning algorithms is minimipat
of a total error, and this graph helps toa better understanding of that process.

The network operation during th&ininc can be observed in real time in the visualizatiamdaw.
This way,it is possible to observe how classification bouredaare changing durirthe training. The
final training result shown in Fid 3 shows how decision boundaries have foradiamond shape,
which was the one used for trainiimgthis exampleThis picture shows how the trained network 's
the provided data set .

Visualization Window X| MlpSampleNet1.nnet X Total Network Error Graph X
S - - -

Fig. 13Visualization othe data set and classification by tin@ined networ



Figure 14 shows how the hidden neurons are cred#nigion areas, arFigure15 shows hov
decision lines of the hidden neurons are divicthe input space.

Visualization Window X‘ MlpSampleNet1.nnet X' Total Network Error Graph %

Fig. 14Visualization oiareas created by neural network class

By using these visual tools, thiser can easily experiment with different neuraivoek architecture
and learning rule settings), order to see how they affect training and cfasstion boundarie
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Fig. 15Visualization othedecision lines created by the neurons inhitgen laye

This classification demo showthe basic components and workflow when working with naé
networks in Neuropl$tudio. It also shows how visual tools can helgeftinga better understandir
of thebasic neural network components and operation. tbbiss used for teaching neural netwoin
the course on Intelligent Systems the University of Belgrade. It ehrly demonstrates hi-level
concepts,and using visual representation helps studentsnttenstandthe main principles behin
neural network classifiers.

3.2. Iris Classification Example

This example shows how to use Neuroph to sa classification problenstartingfrom an external
data set, using Neuroph StudidJl, andalso inJava code. The example shows how to ima data
set, create and trathe correspondinneural network, and applyperformance evaluation procedt
This example uses the Iris flowetata se for demonstration purposes.

Problem description: Iris flower classification probler

Fisher’s Iris data se{Fisher, 1936) ia well-known data setn the pattern recognition literature. T
data set contains 3 classes withiBstances each, where each class refers to aofythe iris plant.
One class is linearly separable from the other te;latter are not linearly separable from eatier
This data set has beue a typical test case for many classification neples in machine learnin
The data set contains tf@lowing attributes:

1). sepal length in cm

2). sepal width in cm



3). petal length in cm
4). petal width in cm
5). class:

- Iris Setosa

- Iris Versicolour

- Iris Virginica

In order to solve this problem using Neuroph, atMwayer Perceptron neural network, whict
commonly used as a classifier, needs to be traaitbcthe provided Iris flowersdata se.

This problem can be solved usitige Neuroph Studio GUI, through tHellowing steps
1. Create a new empty Neuroph prc
2. Import data set . Creatalate setobject from the given file in CSV form.
3. Create a Multi Layer Perceptron neural netw

4. Train the neural network. Apply the training d@edtingprocedure including cro-validation
procedure using importethta se.

3.2.1. Iris Classification Example Usinc¢the Neuroph Studio GUI
Step 1. Create a new empty Neuroph projec

When working with neural networks adata set s, a Neuroph projsgistem provides a fold:
structure and contexf wizard for creatin@ new, empty Neuroph project (Fitg), is launched fror
the main menuMain Menu > File > New Project > Neuroph > Neurojptrojeci.

New Project

Steps Choose Project

1. Choose Project Q Filter:
- £t

Categories: Projects:

:
B Java
B Maven

» @ Samples

Description:

Creates new empty Neuroph neural network project. In empty |
Neuroph project you can create neural networks using =

Next > Cancel| | Help

Fig. 16 New Neuroph Project Wizard

In the next step, theizard asks for the name and location of the ptppud then creates the projec



a folder with theproject name, at a specified disk locatiFig. 17). In theempty Neuroph projecthe
user can import data setto create training sets, create neural netwasksythe wizarc, and train the

neural network.

File Edit Versioning View Navigate Source R

e S

Projects X Files Services =]
r*

> Neural Networks

» @ Training Sets

» @ Test Sets

Fig. 17 Neuroph project structure

Step 2. Create classificatiomata set by importing it from a CSV file

The original Iris Classificationdata set available from the UCI Machine Learning reposit
(https://archive.ics.uci.edu/ndlata sets/Iris) has four numerical and one nominal attril, which
corresponds to thimstance class (as describecthe problem description section). In order to im|
and use this data seh Neuroph Studio, the origindata setmust be preprocessed, so the nume
features are normalized to tihenge [0, 1]by using themax normalization, anthe nominal class
attribute is converted into three binary numeattributes (since there are three nominal clas3és$.
preprocessing is requiregince neural networks operate with valin therange [0,1]. Table | show
the original and normalized values for a sirdata set row.

Inputs Output(s)
Original values 5.1 3.t 1.4 0.2 Irissetosa
Normalized values | 0.6455 0.795¢ |0.2028 | 0.08 1 0 0

Tab. | Original andpreprocessed data set values

Note that data setcan also be normalized in Neuroph Studio, but deoto keep the focus the
tutorial, the prepared data sistprovided in supplementary mate® in file Iris-data se-
normalized.txt

The peprocessed file can be importecthe Neuroph project using the N&ata se wizard, which is
launched from the main menMain menu > file > New > Neuroph >Data sdfig. 18).
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Steps Choose File Type
;- Choose File Type Project: {9 IrisClassificationProject v
Categories: File Types:
@ Licenses | | & Neural Network =1
= ] ™ sample Data Set
g gl;ecr?t5|de F3 Licence Plate Recognition
[ = o
E Spring Framework Q_ Image Recognition
» @ Java Data Set -
& Swing GUIForms ‘ & Brain Wave Recognition ‘
6 lauaReans Ohiects " [A] Text Recaanition ___ L
Description:
Creates a new Training Set. In this wizard you can choose project ~
where to create Training Set, set name and choose type of training U
cel and define howw manvinniibs and aurniirs it has and theirvaliies =

<Back | WSS | Finish | |Cancel|| Help

Fig. 18 TheNew Data set wizard

In the next step (Fig. 19), tlezard asks fothe information required for creatirnige data set in
Neuroph Studio from the given CSV fi

New Data Set

Steps Set data set name, type and number of inputs and outputs
1. Choose File Type
2. Set data set name, Data set name IrisFlowersDataSet

type and number of :

inputs and outputs Type Supervised v

Number of inputs |4

Number of outputs |3
& Load from File
File: |NeurophDemos/IRIS/Iris-dataset-normalized.txt | Browse

Delimiter |tab v

R

<Back | | Next > @‘ Cancel| Help

Fig. 1€ TheNew Data set wizard parameters
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The parameterthat need to be specified when importthe data setare described in theable .

Data set name Name of adata se

Data set type Data set tyman be supervised or unsupervised. For Iris claasibr, this
value isSupervise, since there is a target class specified for eaehin thedata
set .

Number of inputs |Number of input values in eadata setrow. For Iris classificatic, this value is
4, since there are 4 attributin the data set .

Number of outputs| Number of output values in eadata setrow. Outputs are specified only f
supervisediata ses, and they correspond to neural network outpulstamet
values. For Iris classificatit, this value is 3, since the minal class attribute |
binarized 6 3 outputs irthe preprocessed data set.

File The actuatiata se file on disk (in CSV format).
Delimiter Value delimiter irthe CSV file (possible values are coma, space, te
semicolon)

Tab Il TheData set wizard parameters

Figure 19 shows the settings for importthe Iris Classification data set from {veprocessed CS
file provided in the supplementary matel

The imported data set is showrtlie project window, and it can be opened in tabulamf¢Fig 20) in
order to see thinported values, or visualized in 2D or 3D usingheoof the Neuroph Stud
visualization tools.

IrisFlowersDataSet X <« » |v||DO

Data Set Name |IrisFlowersDataSet

Input 1 Input 2 Input 4 Output 1 Output 2 Output 3 &
0.64556962 0.08 1.0 0.0 0.0 :
0.620253 0.08 1.0 0.0 0.0
0.594936709 0.08 1.0 0.0 0.0
0.582278481 0.08 1.0 0.0 0.0
0.632911392 0.08 1.0 0.0 0.0

0.16 1.0 0.0 0.0

012 1.0 0.0 0.0

0.08 1.0 0.0 0.0

Fig. 20The imported data set

Data setvisualization is important for users in order ta a better understanding of the proble
Figure 21 shows the Iris classificatidata sevisualized with 2D scatter graph, where classiioa
classes can be observed wiglspect tcthe chosen input attributes.

Neuroph Studio supports the following type:data set visualization(whiatan belaunched by right-
clicking the data set in th@oject viev):

2D Scatter, 2D Line
3D Scatter, 3D Surface, 3D Histogr

%
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Fig. 21 Scatter 2D visualization the Iris Classificatiordata se

Step 3. Creating a new Multi Layer Perceptron neuranetwork using a wizard

A new Multi Layer Perceptron neural network thall Wwe trained wittthelris classificatiordata set
can be created with thidew Neural Networ wizard, which is launched from timeain menuFig 22):

Main Menu >File > New > Neuroph > Neural Netwo

Figures 23-24 show screshots of the New Neural Network wizard steps featingthe Multi Layer

Perceptron network type.

In the first step (Fig. 23), theizard expects a named neural network type to be provid In this

example, the neural network type is Multi Layerdegtron.

In second step (Fig. 24), thezard expectthe parameters specific to Multi Later Perceptron nk

network type to be entered.

%%



Fig. 22 Startingthe New Neural Network Wizard

< Back [Next>| Cancel

Fig. 23TheNew Neural Network Wizard step 1
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Fig. 24TheNew Neural Network Wizard step 2

Parameter

Description

Input neurons

Number of network inpu; this corresponds tine number of data
set inputs (for the Iris classificatiothis value is 4

Hidden neurons

Number of hidden neurons, which actually learndtnacture of the
inputs.

Output neurons

Number of neurons ithe output layer, which corresponds to
number of outputs ithe data se(for Iris classificatiol, this value
is 3)

Use Bias Neuron

This option determines whether all neurons shoa&laisingle
constant input athe so called biasyhich improves learning. Th
option is usually usg, so it s checked by defat

Connect input to output neuron

S his option determines wheththeinput neurons should t
directly connected tthe output neurons

Transfer function

The transfer function that will be used by thdden and outpt
layeis. Commonly used onese Sigmoid and Tar

Learning rule

The specific type of thdackpropagation algorithithat will be
used bythenetwork. Neuroph supports several tyf
Backpropagation, Backpropagation with Momentum iliees
PropagationThe Backpropagation with Momentum algorithrr
used in this example for Iris classification prablesincethe
additional momentum parameter improves learningiogantly.

Tab Il Multi Layer Perceptron wizard parameters
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The Multi Layer Perceptron network created by theawd is automatically opened in the visual ed
window, with thecomponent palette available on the right, for addél inspection and editinig.
25). The additional neuron in tivgput and hiddellayers is thdias neuron with constant outy

Fig. 25Multi Layer Perceptron created witheNew Neural Networwizard

The propertie®f each neural network component can be inspentthe Explorer and propertie
windows , and new layers, neurons and connectian$e added or changed usthe visual editor
and the component palette.

Step 4. Basic neural network training

To train thecreated Multi Layer Perceptron withe data set imported in tsecond step, tt
procedure is theame as in the previous exam

1. Drag 'n' drop the data set to 8pecified area itheneural network window, and clic¢he 'Train'
button in the toolbar (Fig. 26)

2. Set the training parametersiedialog and click théTrain' button (Fig. 11)

Fig. 26 Starting theneural network training fothe specified data saising drag'n’ drop

3. During the training, Neuroph Studio displithe realtime Total Error graph, as the previous
example (Fig. 12).

%



4. After the training, Neuroph Studio displays Tratal Network graph for the entire training. If the
training does not converge, it can be stopped wtiare.

After the training is completed, the user can ranide and modify the existing neural network and

repeat the training with different training setsngn order to compare the results (e.g. the nuraber
training iterations). The user can also create newral networks with different architectures, oerv
different types of neural networks within the sgongject. Also it is very easy to execute the basic

operations on the data set such as normalizatarifling, and sub-sampling (by right clicking da&t
in the project window, and selecting appropriateampfrom right click menu).

So, the user can easily create different subseis fhe original data set , which can be used for
training and evaluating neural networks (this pduge can also be automated, which is explained in a
subsequent section). This way, Neuroph Studio pes/an easy to use, visual environment for
experimenting with different neural network set8rand types.

After the network has been trained, the next e¢pe evaluation of how good the network is trajned
or how good it solves the problem it is designad-@n this case the Iris flower classification.

Step 5. Evaluating a neural network classifier

Neuroph provides a number of classifier performammasures, which can be used for evaluating
neural network classifiers created in Neuroph.dh create a confusion matrix for a given neural
network and data set , and then calculate thevitlig classifier performance measures: accuracy,
precision, recall, sensitivity, specificity, falggositive rate, false negative rate, error ratesefal
discovery rate, F-measure, Matthews Correlationffi@oent, Q9, and balanced classification ratdaslt
important to note that Neuroph can provide theseasmes both for binary and multi-class
classification, in which case it calculates alltioése measures for each class (many-to-one approach
All of these measures are available on a singtk @h the Neuroph Studio GUI.

The Iris flowers classifier neural network createdhis example can be evaluated in three steps:

1. Label output neurons of the neural network wldss names (these labels will be used by the
evaluator as the class names)

2. Drag 'n' drop the data set to use for evalnatito the corresponding area in the neural network
window

3. Neural network classifier evaluation is launcfredn the main mendMain Menu > Tools >
Classifier Test', which M open the window with classifier performance raeies (Fig. 27)
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Fig. 27 Performance evaluatioof the Iris neural-networkased classifie
Figure 27. shows the confusion matrix and classifon performance measures the two classes.

Confusion matrix indicatethat all sampleof thelinearly separable classes (Versiccand Virginica)
are classified correctly, where&y samples of Setosa are classified correctly, 2Bdsample:
incorrectly All of the supported classification metrics aadcalated and shown for all class

This result is not satisfactgryvhich indicaes that some different architecture and trainintyrgs
should be used in order to get better results.ekample, if Multi Layer Perceptron with three hidc
layers is used with 10, 8 and 6 neurons in eactiemdayer respectively, and 0.005 learnrate and
0.3 momentumare used in training settir, only 5 samples of thé&etosa clasare classified
incorrectly.

Since in all these examples thmstiredata setis used for training, there is a danger of fitting, but
Neuroph Studio provides an option for -sampling and creating training and test sets froe
original data set in the data seght-click menu.
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This way, Neuroph and Neuroph Studio GUI provide tdperations commonly used in the neural
network training, and the users can easily experimeath different settings and approaches. This is
very helpful and intuitive for users who are newitie neural network and machine learning world.

Besides this manual procedure, in which the usetrals and executes every step, Neuroph Studio also
provides an automated K-fold cross-validation pdace as part of the training dialog (Fig. 7). This
procedure automatically generates K different pafrdgraining and test sets, and trains K different
neural networks.

Table IV shows the basic usability metrics for #8mtire procedure of creating Multi Layer Perceptron
classifier using GUI. The metrics include: the nembf dialogs, total number of required parameters
in all dialogs, and additional actions (mouse, bao). The metrics in Table IV show that almost all
operations required to train a neural network ameceted through a series of wizard dialogs, which
guide the user through the process and represgdiusability practice.

Basic usability metrics
Dialogs 5
Required Parameters 17
Actions 2

Tab. IV Basic usability metrics for training Multi Layer Reeptron classifier using GUI
3.2.2. Iris Classification Example in Java Code

This section describes how to implement the entiecedure of training neural network for Iris
classification problem in Java code, using the Nphirframework. The procedure includes all the steps
described for solving the Iris classification usiguroph Studio GUI:

1. Neural network training

2. Data set sub-sampling

3. Classifier performance evaluation
4. Cross-validation procedure

Code listing 1. shows how to import the Iris da& sfrom the provided CSV file and train the
corresponding Multi Layer Perceptron neural network

The instance of the data set which can be usettdoning a neural networks in Neuroph is created
from the corresponding file by using tbeeateFromFile()method of théDataSet class (lines 2 and 3).
The methodcreateFromFile(dakes as its input parameters the file name, thmebeu of inputs, the
number of outputs, the value delimiter, and a bamwlfag that indicates if the input file contains
column names(although all of these parametersnéuive, for more detailed explanation see table |
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/I create data set from csv file
DataSet irisDataSet =
DataSet.createFromFile(“iris_data.txt”, 4, 3, "\t ", false);

/I Create multi layer perceptron neural network
MultiLayerPerceptron neuralNet = new MultiLayerPerc eptron(4, 16, 3);

/I get learning rule from neural network

Backpropagation learningRule = neuralnet.getLearnin gRule();

10: /[ set max error parameter

11: learningRule.setMaxError(0.01);

12: // set learning rate parameter of backpropagation | earning rule
13: learningRule.setLearningRate(0.02);

14: // set max numberof learning iterations

15: learningRule.setMaxIterations(10000);

16:

17: // start network training by calling its learn meth od
18: neuralNet.learn(irisDataSet);

19:

20: /] save trained neural network
21: neuralNet.save(“irisClassifier.nnet”);

Listing 1. Import data set from the CSV file and train theltMiayer Perceptron

The instance of the Multi Layer Perceptron neuedlwork is created in Java code using the constructo
of the MultiLayerPerceptrorclass (line 6). This constructor takes the numbérsurons in the layers
as input parameters, so this code creates a Mayeil_Perceptron with 4 input, 16 hidden, and 3 wutp
neurons. It uses the Sigmoid transfer function, stahdard Backpropagation as its default learning
rule. The class MultiLayerPerceptron extends the base NeuralNetwork class.

An instance of the default learning rule is obtdir®y using a simple getter method (line 9), and
learning rule parameters for Backpropagation (maarglearning rate, and max iterations) are set in
lines 11, 13, and 15, respectively.

The training procedure is started by invoking tearn() method of theNeuralNetworkclass and
providing the data set as the input parameter {IB)e The training procedure will be finished whba
total network error drops below the error threshohed maxError parameter) or the algorithm reaches
the maximum number of iterations (the maxlterations parameter).
After the learning procedure has finished, the oekws saved in a file by using tlsave()method of
the NeuralNetworkclass. This method uses the built-in Java seaitdim mechanism to save an entire
object to a file, and expects the file name asrtpat parameter.

The result of this code is an instance of Multi €ayerceptron neural network, trained for the lIris
flower classification and saved on disk. Table Vowh the basic code metrics for listing 1.
These code metrics clearly indicate ease of usdenfroph for creating an instance and training of
Multi Layer Perceptron for classification problems.
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Basic code metrics for training Multi Layer Percepton
Lines of Code 8
Number of classes 3
Number of method calls 8
Number of method parameters 11

Tab. V Basic code metrics for training the Iris classifier

Other types of transfer functions can be used bgviging transfer function type to the
MultiLayerPerceptronconstructor. Different types of learning rule da@m used by setting different
learning rule using the setter method of the Né&ledlork class. For example, to use Resilient
propagation, that would beeuralNet.setLearningRule(new ResilientPropagajijon¢ use different
neural network architecture, which means differamnber of layers and different numbers of neurons
in each layer, just provide the desired valuestifi@se to theMultiLayerPerceptronconstructor. For
example, to apply this procedure for a differertadset , appropriate parameters should be provmed
DataSet.createFromFilef)ethod, and other parameters (like the neural mitvemchitecture and
learning rule parameters) should be set.

The procedure described in listing 1. trains thisvoek, but most likely it will do over-fitting sirethe
entire data set is used. Sub sampling of the aiglata set in order to create the training astidets

is a commonly used operation, and hataSet class provides methods for this operations. Ib als
supports some other typical preprocessing methid@sshuffling and normalization.

Code listing 2. shows several ways to create tngiand test sets from the original data set .

/I create data set from csv file
DataSet irisDataSet =
DataSet.createFromFile(“iris_data_normalised. txt”, 4, 3, "\t", false);

/I shuffle the original data set
irisDataSet.shuffle();
irisDataSet.normalize(new MaxNormalizer());

/I Create training and test set pair
10: DataSet [] trainAndTestSets= irisDataSet
11: .createTrainingAndTestSubsets(60,40);

12: List<DataSet> subsets = irisDataSet.sample(new SubS ampling(60, 40));
13: List<DataSet> subsets = irisDataSet.sample(new SubS ampling(60, 20, 20));
List<DataSet> subsets = irisDataSet.sample(new SubS ampling(4));

Listing 2. Create training and test sets in Java code

After the data set is created from the file (I#)ethe order of data set rows can be randomizatyu
the shuffle()method (line 6), and the entire data set candmmalized using th@ormalize()method
(line 7), which takes some implementation of thermalizerinterface to be provided as the input
parameter. Neuroph provides several typical nomadbn methods, like max normalization
(MaxNormalizey, max min normalization MaxMinNormalize), range normalization
(RangeNormalizgrand decimal scale normalizatiddgcimalScaleNormalizéer
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The basic way to create the training and testisdts use thereateTrainingAndTestSubsetafethod
of the Data set class (line 10). This method takes as the inptarpater the ratio of training and test
sets in percents, and returns an array with trgiaimd test sets.

The DataSet class also provides tlsample()method, which takes an implementation of §ampling
interface as the input parameter. This examplsiisguinstances of theubSamplinglass (lines 11, 12,
13), which provides a method for selecting a sulufethe given data set . An instance of the
SubSamplingclass is created using the constructor that cae takos of subsets (lines 11, 12), or
number of subsets (line 13) to extract. Baeple()nethod returns a list of generated subsets. Custom
sampling methods can be created by implementingameplinginterface.

Code listing 3. shows how to run performance evanan a trained neural network classifier and the
provided Iris data set .

1 /I load trained network from file

2: MultiLayerPerceptron neuralNet = (MultiLayerPercept ron)

3 NeuralNetwork.createFromFile("irisClassifier.nnet") ;

4: /I import data set from file

55 DataSet dataSet =

6: DataSet.createFromFile("iris_data_normalised Axt", 4, 3, ", false);
7. /I create an array of class names (needed for class ification evaluator)
8: String[] classNames = {"Virginica", "Setosa", "Vers icolor'};

9: /I create an instance of evaluation procedure

10:  Evaluation evaluation = new Evaluation();

11: // add MSE and classification evaluators

12: evaluation.addEvaluator(new ErrorEvaluator(new Mean SquaredError()));
13: evaluation.addEvaluator(new ClassifierEvaluator.Mul tiClass(classNames));
14: // run evaluaton for specified neural network and d ata set

15: evaluation.evaluateDataSet (neuralNet, data set );

16:

17: |/ get classification evaluator

18: ClassifierEvaluator evaluator =

19: evaluation.getEvaluator(ClassifierEvaluator.MultiCl ass.class);

20: /I get and print confusion matrix generated by eval uator

21: ConfusionMatrix confusionMatrix = evaluator.getResu It();

22:  System.out.printin("Confusion matrrix:\r\n");

23: System.out.printin(confusionMatrix.toString() + "\r \n\r\n");

24:

25: /[ calculate classification metrics from confusion matrix

26: ClassificationMetrics[] metrics =

27: ClassificationMetrics.createFromMatrix(confusionMat rix);

28: ClassificationMetrics.Stats average =

29: ClassificationMetrics.average(metrics);

30:

31: /I print classification metrics

32: System.out.printin("Classification metrics\r\n");

33: for (ClassificationMetrics cm : metrics) {

34: System.out.printin(cm.toString() + "\r\n");

35. }

36: System.out.printin(average.toString());

Listing 3. Evaluating neural network classifier performanae,Java code

The code from listing 3 loads the trained neuraivoek from the appropriate file (line 2), importset
corresponding data set from its file (line 5), aadculates the mean squared error and classditati
metrics for the given neural network and data ke main classes used for classifier evaluation are



Evaluation, ClassifierEvaluatoiConfusionMatrix,and ClassificationMetriéssaluationrepresents the
general evaluation procedure, which consists ofinga collection of evaluators (lines 12 and 13) o
a specified neural network and data set (line I8 evaluators can be dynamically added to the
evaluator, depending of the type of the problemndpaivaluated. In this case,tMeanSquaredError
(line 12) andClassifierPerformancé¢line 13) evaluators are used. T@kssifierEvaluatorclass tests a
neural network classifier for all data in a givestal set , and generates confusion matrix that ean b
obtained usingEvaluatots getResult() method (line 21).TheConfusionMatrix class holds all
information about the generated confusion matiss names, matrix values, and methods for getting
the basic metrics (true positive, true negativelsefa positive and false negative). The
ClassificationMetricsclass provides methods for calculating a numbeclagsification metrics based
on the basic metrics froi@onfucionMatrix(lines 26 and 27). The supported classificationrice are
listed in section 3.2.1. under step 5, and theuwudf the code is shown in figure 27. Table VIwko
the basic code metrics for code listing 3 (printlimges, network and data set loading are ignored).
These metrics indicate the simplicity and easesefaf Neuroph for classifier performance evaluation
and cross-validation in Java code.

Basic code metrics for evaluating a neural
network classifier

Lines of Code 9
Number of classes 7
Number of method calls 11
Number of method parameters 9

Tab. VI Basic code metrics for evaluating Neuroph-basesldlassifier

Basic code metrics for cross-validation
Lines of Code 5
Number of classes 3
Number of method calls 5
Number of method parameters 5

Tab. VII Basic code metrics for cross-validation with Nealro
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Code listing 4. shows how to run the cross-vala@aprocedure on a trained neural network and
provided data set .

1 /l load saved trained network from file

2: MultiLayerPerceptron neuralNet = (MultiLayerPercept ron)

3: NeuralNetwork.createFromFile("irisNet.nnet");

4.

55 /I create data set from file

6: DataSet data set =

7. DataSet.createFromFile("data_sets/iris_data_normal ised.txt", 4, 3,",");
8: /I class names for classifier evaluator

9: String[] classNames = {"Virginica", "Setosa", "Ver sicolor'};

10:

11: // create crossvalidation procedure for given neura | network and data set
12: CrossValidation crossval = new CrossValidation(neur alNet, data set , 5);
13: // add classifier performance evaluator

14: crossval.addEvaluator(new ClassifierEvaluator.Multi Class(classNames));
15:  //run crossvalidation

16: crossval.run();

17: |/ get crossvalidation results

18: CrossValidationResult results = crossval.getResult( );

19:

20: /I print crossvalidation results

21: System.out.printin(results);

Listing 4. Running cross-validation procedure, in Java code

The code from listing 4. loads the trained neuratwork from its file (line 2), imports the
corresponding data set from another file (linead)d runs an appropriate cross-validation procedure
for a given neural network and the correspondirtg dat (lines 12-16).

The CrossValidationclass contains all elements for running the cr@dlation procedure: the neural
network, the corresponding data set and the etaakiased in the validation procedure. It credbes t
specified number of subsets of the original data 8een trains the neural network with one sulesed,
uses rest of the subsets for evaluation. It regb&égrocedure for each generated subset. This ivay
automates the cross-validation procedure. It carcdodigured to use various evaluators and data
sampling techniques. Th€rossValidationResultlass (line 18) holds the results from all cross-
validation iterations. Table VII shows the basiadeanetrics for listing 4 (printing lines, networkd
data set loading are ignored).
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3.3. Image Recognition

This example showsolw to use Neuroph for basic image recognitionldo ahows how Neuroph ci
be extended and used for other specific applicatmnains- how its API can be extended, and hall

that can be supported with specialized t

Image recognition in Neuropk based on using raw pixel color information. R@&Rcinformation is
extracted for each image pixel, ais used to create an input vector, which is then dsedeural
network training. his way, each input image corresponds to a singbeiti vector, nd the neural
network task is to learn the mappings between ripaticolor vectors ana set of predefined imac
labels. It is also possible to map a set of inmlbrcvectors to the same label, so this problewvery

similar to the classification prodin

Neuroph provides a specialized wizard to crdata set s from images, and Malti Layer Perceptrol
neural network with image recognition functic

Through a series of dialogs, thezard requires fronthe user to provide the images to recognizd

some additional settings. Thaagerecognition wizard is launched from the main m

Main menu > File > New > Neuroph > Image recognii

In the first step, thevizard asks user to selethe images for recognition (Fig. 28).

Fig. 28 Thelmagerecognition wizard, step 1 image selectic

In second step (Fig. 29),tmazard asks fothe data set name and g@mpling resolutic. The
sampling resolutiomepresents dimensions to whitheimages selected for recognition will be sca
The smaller dimensions, the lébge number of neurons, and the fasterl#gning. Too sma



dimensions can have negative impacthe recognition accuracy, so thght values are determint
experimentally.

Fig. 29 Thelmage recognition wizard ste2 - data sesetting:

In the third step (Fig. 30),theizard asks for basic Multi Layer Perceptron neaetivork settings lik
the transfer function and tmeimber of hidden layers (already explained in detithe classification
example).

Fig. 30Thelmage recognition wizard ste3 -neural network setting

When the wizard is finished, it automatically cesthe data set from th@ovided images arthe

Multi Layer Perceptron neural network with ImagecBgnitionplug-in, which provides simple Ja\
API for image recognition. The network is trairusingthe procedure describedthe classification
example:drag 'n' drop'thedata se to the network, and click th&rain' button inthetoolbar.
Thetrained network can be testedthe Image Recognition Testindow, whergheuser can select an



image andee the network output for each image label, windicates that apecific image i

recognizedThe image label/output neuron wthe highest activation is the otietis recognized
(Fig. 31).

Fig. 31Image recognition testing

Table VIl shows the basic usability metrics for the entirgcpdure of creating Multi Layer Percepti
for image recognition using GUI. The metrics in&@uchumber of dialogs, total number of requi
parameters in all dialogs and additional actionsyse, toolbg). The metrics infable VIl show that
almost all operations required to train neural rmekiare executed through a series of wizard dial
which guide thaiser through the process and reprea good usability practice.

Basic usability metrics
Dialogs 6
Parametel 13
Actions 2

Table VIII Basic usability metrics for training Multi Layer Reeptron fo
image recognition using GUI
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The created image recognition neural network casalved as a serialized Java component, and used in
other Java applications.

The code in listing 5 shows how to use the imagegasition neural network created with this wizard
in other Java applications.

In line 2, the neural network created in Neurophdgt is loaded from a file, and in line 5 an ing@an

of the image recognition plug-in is acquired byngsithe getter methodetPlugin()The actual
recognition is run in line 10, using the methatognizelmage(jrom the ImageRecognitionPlugin
instance. This method takes an image or an imagehfat is processed, and returns a hash map with
the image labels (names) and the likelihoods that sgecific image is recognized.
So, besides the neural network loading and exaeptiandling, the actual image recognition is
accomplished in just two lines of code. In the rensiample, only two classes from Neuroph are used —
NeuralNetworkandlmageRecognitionPlugin

1:

2: NeuralNetwork nnet= NeuralNetwork.createFromFile("M ylmageRecognition.nnet");
&

4:

5 ImageRecognitionPlugin imageRecognition =

6: (ImageRecognitionPlugin)nnet.getPlugin(lImageRecogni tionPlugin.class);

7.

8: try {

9:

10: HashMap<String, Double> output =

11: imageRecognition.recognizelmage(new File("somelmage.jpg"));
12: System.out.printin(output.toString());

13: } catch(IOException ioe) {

14: System.out.printin("Error: could not read file!" );

15:  }catch (VectorSizeMismatchException vsme) {

16: System.out.printin("Error: Image dimensions dont match 1");
17: }

Listing 5. Image recognition in Java code, with the networsated in Neuroph Studio

Table IX shows the basic code metrics for usinggengecognition neural network in Java code, which
clearly indicates ease of use of Neuroph for ype tof applications.

Basic code metrics for image recognition
Lines of Code 2
Number of Neuroph classes 2
Number of method calls 2
Number of method parameters 2

Tab. IX Basic Java code metrics for image recognition W#uroph

It is also important to outline the flexibility dhe code shown above with respect to using difteren
types of neural networks. In order to do that, mghas to be changed in the code since the same
ImageRecognitionPluginis used and it represents an interface for thigcifip domain.
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This is also a good example of how Neuroph can,stiadild be extended for other application-specific
domains using its plugin-based architecture. Mehnical details about it are explained in the next
section.

4. Extending the Neuroph framework

This section provides a brief overview of the ctssand methods that represent the main extension
points. It outlines the required steps and proviglaedelines for creating new components in the
Neuroph framework. Typical scenarios for extensioctude:

1. Creating a new type of neural network architecture
Creating a new type of learning rule

Creating domain-specific operations

Creating a new type of neuron layers

Creating a new type of neurons

Creating a new type of input function

N o o0 bk w N

Creating a new type of transfer function

The overall architecture of Neuroph facilitates imaxm reusability for extensions by implementing
the general structure and logic in the base classesew specific features can be added in the
extended classes by overriding abstract methogsoerding implementations of some interfaces.

Creating a new type of neural network architecture
Create a new class that extends chegralNetwork

Add the methoareateNetwork(jhat creates layers of neurons and sets a learai@egSome specific
types of neural networks might require new typekeafning algorithms. The recommended practice is
to provide a constructor or an inner builder ckassreate a network instance, and setter methads th
allow setting of various network parameters.

Examples: MultiLayerPerceptron, ConvolutionalNetkwdfebbianNetwork

Creating a new type of learning algorithm

Create a new class thatextends the abstractlad@saingRuleor some of its subclasses
(IterativeLearning SupervisedUnsupervisefland implement the corresponding abstract method:

LearningRule
abstract public void learn(DataSet trainingSet)

IterativeLearning extends LearningRule
abstract public void doLearningEpoch(DataSet tragSet)
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Supervised extends lterativeLearning
abstract protected void updateNetworkWeights(deflilblutputError)

Unsupervised extends IterativeLearning
abstract protected void updateNetworkWeights()

TheLearningRuleclass is the most general base class for learnieg,rwherealierativeLearningis
the base class for iterative learning procedureitgmiavides a general iterative learning procedure
TheSupervisedLearninglass is the base class for the family of supedvisarning algorithms, and its
subclasses should implement a method for updatiegétwork weights, based on the output error.

ExamplesL.MS, Backpropagation, RBFLearning

UnsupervisedLearning the base class for the family of unsupervigedring algorithms, and its
subclasses should implement a method for updategétwork weights.

ExamplesKohonenLearning, HebbianLearning, CompetitiveLeagni

Creating domain specific operations (API)

Domain specific operations (like image recognitishpuld be created by using the Neuroph plugin
system. To create a new plug in, create a new ttasextendsrg.neuroph.core.PluginBaaad add
the required methods, which are usually relatezsettng the network input and interpreting the
network output for a specific application. Plug-are added to a neural network usingaddPlugin()
method, and requested using fetPlugin()method.

ExamplesimageRecognitionPlugin, OcrPlugin

Creating a new type of neuron layers
Create a new class that extends the degseuroph.core.Layeand optionally override some of its
methods, usually:

public void calculate()

Since thd_ayerclass is the container for neurons, and its defaydlementation of thealculate()
method does not need to be changed for most pwsptbeenewly extended class usually adds more
features to the existing basic layer type.

Examplesiayer2D, ConvolutionalLayer, CompetitiveLayer
Creating a new type of neuron

Create a new class that extends the deagsieuroph.core.Neuroand override the methgaliblic void
calculate().This method calculates the neuron's output. Itaudefmplementation in thMeuronclass
calculates the value of the neuron's input functiod feeds that value into the transfer functidre T
output of the transfer function is the neuron'patit

Different input and output functions can be easlignged using the neuron's setter methods, and the
only situation when a different type of neuron éeded is when a different method of computation is
required.

ExamplesCompetitiveNeuron, InputNeuron, BiasNeuron
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Creating a new type of input function:
Create a new class that extends the abstractaigsseuroph.core.input.InputFuncti@nd implement
its abstract method:

abstract public double getOutput(Connection[] inonnections);

This method takes an array of a neuron's input @ctioms, and its implementations should calculate
and return the result of the corresponding inpotfion.

Example:org.neuroph.core.input.WeightedSum

Creating a new type of transfer function

Create a class that extends the abstract otgsseuroph.core.transfer. TransferFunctibnplement its
abstract method that calculates and returns theevalthe transfer function:

abstract public double getOutput(double net);
Override its method which returns the first derivaiof the transfer function:
public double getDerivative(double net)

Example:org.neuroph.core.transfer.Sigmoid

5. Conclusion

This paper describes Neuroph, an open-source neetrabrk development environment written in
Java. The application cases presented in the gapear how to use Neuroph to:

1. Demonstrate the basic neural network conceptsaliiilearning, network architecture, and
data set s.

2. Solve a classification problem using the Multi Laferceptron neural network, both with GUI
and in Java code (where the same procedure iscapfdifor other types of problems and neural
networks)

3. Do basic image recognition, and customize Neuroplsdme specific application domains.

These examples also demonstrate the most impdtambph features, which are:

It is easy to learn and use, thanks to a small murabwell-designed classes and the
development environment that provides wizard-basetivisual tools.

Flexible and extensible design, with clear, wellitled and comprehensive extension points,
which make it easy to develop new types of learilggrithms and neural network
architectures.

High reusability, since it is easy to deploy infelient environments (other Java applications),
and the existing code facilitates development @ nemponents/extensions.

Neuroph is intended to be used by students, tesclesearchers and software developers interested |
using neural networks.

Future development will include new types of nemetivork architectures, learning algorithms, and
automated tools to support typical workflows (trag@) validation, testing, deployment) when working
with neural networks.



%" RO
%/ "46 12 %/ "5'(N) $ ")
&"
7 ! 221" 6 6
%/"8 ! " /2)66 6 " 221"+1%00&"
n 9 ( 1
'8! 6 %//%"
W

%//" 0" o 9((
" 12); <="%I" + +"
+"" # 3
#$ %& "
8 ! /"1/0) Il 11210/ %"
0" &
( %&: 6 9((
"oy n% /& /12"
1" ) * "+ | '
& %/ &" (
8! /"2 "% &"++0&0"
2" * " & "o
% 3'' = < ("%
" I+
l0)) T o))
" ( %
eyttt s t) L) )
%" ) 6 $ " |/
O RGN
X

* + " 0

% R I A

" 1! 2

"D" $* 8
)t %e

#) )& )

2 *[+ 1/ 2 2

/1 0 %10

o" Lo+ ()

9"9%%"1 " &

i : .,

$ " & %

% 1"

2" - &

F 3

%/"% ! 7 ' &

> 21%

0" '

%l//&"

A (

3)))%456

X

%

! 0
;1201 /&% % % 0"
;.B,1 C

> "R (("H2+ "

, &

& % 0"

4

4

22+"

22"

6 ( (o

! !
(" & &1"8 !

( ( "
(1" %I2" (" %% %"

$ & =
2 /+& 8!

%
2 @+
).
4 546 !1 %/ "5
546 110 %/ "5

5/& %/1"46 12/ %/ "5

)", & 1

1111 % %"

)
L 220"

I3F: 22"
%  21%"> "02 1 (("%

9! 211

1((" 248 1/ 12)%"10/ "

*

#) [* "

2+2"8 1/"//0) //&&0%11"

"1

A $ 20+

2&



6% > "%& (" % &" &/ %l
%9 &"& & ) * *
21 6 > "2 (("0 %" 8 I /"] +) &+ 1% &?1 @1/ /"
%&" ) - .+ * ( " g 1
' ' 3 G I< <
$ ' 2121"F' (1"
%" 12 77& ( o* 1 *23
* *3 [ " %/ % H( 7 '9(( > "&2" /20 0
81" () H" " )/"/+)* . "%/ %"/%" 0"
% " /7 g & "t
%I//%" 1201 /1/ 1 &/I%"
%+0 4 . 4) % ""1; :$
C (% ; (("&+ "8!/"&1) &2"
%0" 0 ' 2 v = ((
& ) "t 228" 6
1+ 2"
%1" & & ') B! (
B, %/ " ;201 + 0&%/ +"
%2% oo &7 5 & ""1( >
21% 3 > (" %-+0 %0&" 8 /" //0) //%0 +10" :/&/&
+1 %"

%



