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y_sib=randi([70,907,10,1); y_sib [90;83;86;79;...
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. l . s - S bLa_i — —
- J (o) > hold on 4\ Figure 1 = O X
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y_porteghal=randi ([10,40],10,1); File Edit View Insert Tools Desktop Window Help
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Iris_dataset

iris dataset Iris flower dataset

Pattern recognition is the process of training a neural network to assign
the correct target classes to a set of input patterns. Once trained the
network can be used to classify patterns it has not seen before.

This dataset can be used to create a neural network that classifies iris
flowers into three species.

LOAD iris dataset.MAT loads these two variables:
irisInputs - al 4x150 matrix of four attributes of 150 flowers.

. Sepal length|in cm  SpuwlS Jgb

. Sepal width In cm SpuwlS ydse &
. Petal length|in cm SpdlS Jgb l> USH9
. Petal width in cm SypdS Usye
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(load jgtiuws)cuw Ui ilgslys

Name = Value

clc;
clear all:
close all:

load iris dataset

EE irsinputs ~ 4x750 double
- EEirisTargets 3x150 double

\. J
(- )
m - | + | Name « Value
cle; = EchyroidInp... 21x7200 dou...
clear all; - EchyroidTar... 3x7200 double
close all;
load thyroid_dataset‘
\ J

load name_dataset  giw>
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close all; (TirisTargetsy 3x750 double  a5g05 150 g LwlS 3 i
clear all; - i

1

load iris dataset| . : l

- w=8lg G295 i
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1

e N
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1

1

1

1

1

1

1

: , 1
_| irisTargets  * | :
BE] 3x150 double :
1 2 3 4 5 571 52 53 54 55 101 102 103 104 105 i
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Validation and Test Data

Set aside some samples for validation and testing.

Select Percentages Explanation

& Randomly divide up the 1000 samples: & Three Kinds of Samples:

@ Training: 70% 700 samples | W Training:

ot These are presented to the network during training, and the network is
W@ validation: 150 samples p g g.

adjusted according to its error.
W Testing: 15% ~ 150 samples

W@ validation:

These are used to measure network generalization, and to halt training when
generalization stops improving.

W Testing:

These have no effect on training and so provide an independent measure of
network performance during and after training.

70%

(train) jgol

15%

(test) ygojl

: Dataset
15%  (validation) (=uiw jleicl
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(nprtool) g3JI Yausuiss uac aSud 2lb

nprtool jlpl jl eslaiwl L o JS g3iu (wlS Jbo Jo

1— clc; -
2 — clear all;
3 — close all;
4
5— nprtool
\__ J
\_ y,

APPS EDITOR PUBLISH VIEW

\ ) &8

TINRAVORITES

= &M a8 o s 3 a3 @ o8

Curve Fitting Optimization PID Tuner Analog Input System Wireless Signal Analyzer Image Instrument SimBiology MATLAB Coder Application
Recorder Identification Waveform Ge... Acquisition Control Compiler
MACHINE LEARNING AND DEEP LEARNING : :

Netyal Net Pattern Recognition
@ Solvd pattern recognition problem using two-layer feed-forward
netwgrks (nprtool)
Deelf Learning Toolbox 12.0

= & &)

Classification Deep Network Neural Net MNeural Net
Learner Designer Clustering Fitting

Neural Net
Pattern Recog...

MATH, STATISTICS AND OPTIMIZATION

* —_— *

— - N — T
e K 3
Curve Fitting Distribution Optimization PDE Modeler

Fitter
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: nprtool jgiuws L b JS (g3 (wlS Jolpo

PLOTS

EDITOR

PUBLISH

VIEW

» E8 ~|

Curve Fitting Optimization

Classification
Learner

Deep Network
Designer

'

Distribution
itter

Curve Fitting

Designer Tuner

AUTOMOTIVE

) C

Driving Scenario  Ground Truth
Designer Labeler

Command Window

Jx>>

Antenna Audio Labeler
Designer
Radar Waveform  RF Budget

MATH, STATISTICS AND OPTIMIZATION

Control System  Control System

PID Tuner

MACHINE LEARNING AND DEEP LEARNING

&)

Neural Net
Clustering

— %

4

Optimization

CONTROL SYSTEM DESIGN AND ANALYSIS

Fuzzy Logic
Designer

MBC Model
Fitting

SIGNAL PROCESSING AND COMMUNICATIONS

Bit Error Rate
Analysis

Sensor Array

Analog Input
Recorder

PDE Modeler

Linear System
Analyzer

MBC
Optimization

Eye Diagram

Scope
-

Signal Analyzer

Neural Net

Pattern Recog.

E
c D

Model Reducer

Filter Builder

Signal

Neural

Wireless
Waveform Ge...

Sgries

MPC Designer

Filter Designer

Sonar Equation

et Time

Signal Analyzer

Regression
Learner

Neuro-Fuzzy
Designer

Impulse
Response Me.

Wavelet

Image
Acquisition

*

PID Tuner

LTE Downlink
RMC Generator

Wavelet Signal

Instrument
Control

SLAM Map
Builder

3
e
LTE Test Model
Generator

Window

SimBiology

System

*

Identification

fe)

€3]

MATLAB Coder

s

Application
Compiler

LTE Throughput LTE Uplink RMC Radar Equation

Analyzer

Wireless

*

Generator

Calculator

-y
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(@ Welcome to the Neural Network Pattern Recognition app. \

Solve a pattern-recognition problem with a two-layer feed-forward network.

Introduction Neural Network
In pattern recognition problems, you want a neural network to classify inputs Hidden Layer OQutput Layer
into a set of target categories. Input

For example, recognize the vineyard that a particular bottle of wine came
from, based on chemical analysis (wine dataset); or classify a tumor as
benign or malignant, based on uniformity of cell size, clump thickness,
mitosis (cancer_dataset).

A two-layer feed-forward network, with sigmoid hidden and softmax output
neurons (patiemnet), can dassify vectors arbitrarily well, given enough

The Neural Pattern Recognition app will help you select data, create and train neurens in its hidden layer.
a network, and evaluate its performance using cross-entropy and confusion
matrices.

The network will be trained with scaled conjugate gradient backpropagation
(trainscg).

B To continue, click [Next].

\‘Q Neural Network Start M4 Welcome
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4\ Neural Pattern Recognition (nprtool)

Select Data

What inputs and targets define your pattern recognition problem?
Get Data from Workspace

Input data to present to the network.
B Inputs:

Target data defining desired network output.
@ Targets: (none)

<

Samples are:

© 0 Matrix columns () E] Matrix rows

Want to try out this tool

© select inputs and targets,
& Neural Network Start i Welcome

.

— O X
Summary
No inputs selected.
No targets selected.
Pattern Recaqgnition Data Set Chooser x
Description
Filename: iris_dataset
Iris Flowers I

Bres a Pattern recognition is the process of training a neural
Types of Glass network to assign

Thyroid the correct target classes to a set of input patterns.
Once trained the

network can be used to classify patterns it has not seen
before.

Wine Vintage

This dataset can be used to create a neural network that
classifies iris
flowers into three species.

IAAN iric Aatacat MAT lnade thaca &

@ Cancel

4 Back * Next @ Cancel
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iris_dataset

iris dataset Iris flower dataset

Pattern recognition is the process of training a neural network to assign
the correct target classes to a set of input patterns. Once trained the
network can be used to classify patterns it has not seen before.

This dataset can be used to create z neural network that classifies iris
flowers into three species.

LOAD iris dataset.MAT loads these two variables:

irisInputs - a 4x150 matrix of four attributes of 150 flowers.
. Sepal length in cm
. Sepal width in cm

. Petal length in cm
. Petal width in cm

W L) D

Iris selosa Iris versicolor Iris virginica

S S S S S S S G G S S S S S S S S
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4\ Neural Pattern Recognition (nprtool) = O X
1 Select Data ) (Lizd)osls wilaisl
N Whatinputs and targets define your pattern recognit

Get Data from Workspace Summary

Input data to present to the network.

B Inputs: 5399

Target data defining desired network output.

© Trets: e

Samples are: © ] Matrix columns Tl Matrix rows

Inputs 'irisInputs’ is a 4x150 matrix, representing static data: 150 samples of 4
elements.

Targets ‘irisTargets' is a 3x150 matrix, representing static data: 150 samples of
3 elements.

Want to try out this tool with an example data set?

| Load Example Data Set :

B To continue, click [Next].
@ Neural Network Start K Welcome @ Bag

= Next @Yancel
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4\ Neural Pattern Recognition (nprtool) — a X

Validation and Test Data

Set aside some samples for validation and testing.

Select Percentages Explanation

& Randomly divide up the 150 samples: & Three Kinds of Samples:

@ Training: Uljgol 104 samples = W Training:

@ Validation: v 10 < 23 samples These are presented to the network during training, and the network is
- Emd adjusted according to its error.

W Testing: i 23 samples

W@ Validation:

These are used to measure network generalization, and to halt training when
generalization stops improving.

W Testing:
These have no effect on training and so provide an independent measure of
network performance during and after training.

Restore Defaults

B Change percentages if desired, then click [Next] to continue.

\ & Neural Network Start 4 Welcome

S S S S S S S G G S S S S S S S S



(Lo ays Slass lsl) o8Il Yagdills Luac aSul Lolb

/ )\ Neural Pattern Recognition (nprtool)

Network Architecture

Hidden Layer

Define a pattern recognition neural network. (patternnet)

Set the number of neurons in the pattern recognition network's hidden layer.

Recommendation

Return to this panel and change the number of neurons if the network does

Number of Hidden Neurons: not perform well after training.

w0 Ul slo (g0 slaei

Restore Defaults

Neural Network

Hidden Layer Qutput Layer

B Change settings if desired, then click [Next] to continue.
\‘P Neural Network Start Hd Welcome @ Back
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X1
X2
X3
X4

4 5
4.6000 5
3.1000 3.6000
1.5000 1.4000
0.2000 0.2000
1
X1 —>2
3
X2 &
5
X3 i
7
X4 &
9
10
5-°9J9 o wl

5.4000
3.9000
1.7000
0.4000

Y1
Y2
Y3

=>9)>

4.6000
3.4000
1.4000
0.3000

——————————————————
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4\ Neural Pattern Recognition (nprtool)

Train Network

Train the network to classi
Train Network

according to the targets.

Train using scaled conjugate graet

Ragation. (trainscg)

o

Training automatically stc‘lS:”‘I" Uujgol &9)—‘1‘\ : improving, as

indicated by an increase in the cross-entropy error of the validation samples.
Notes

Training multiple times will generate different results due
to different initial conditions and sampling.

]

o Train network, then click [Next].
@ Neural Network Start Wi Welcome

— O
Results
% Samples CE %E
W Training: 104 - -
@ Validation: 23 - -
W Testing: 23 = =

Plot Confusion Plot ROC

Minimizing Cross-Entropy results in good classification.
Lower values are better. Zero means no error.

Percent Error indicates the fraction of samples which are
[ misclassified. A value of 0 means no misclassifications,
100 indicates maximum misclassifications.

@ Back = Next
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Input

Algorithms
Data Division:
Training:
Performance:
Calculations:

Progress
Epoch:

Time:
Performance:
Gradient:
Validation Ch

Plo

‘ Neural Network Training (nntrain... = X

Neural Network

Hidden Output

Random (dividerand)

Scaled Conjugate Gradient (trainscg)
Cross-Entropy (crossentropy)

MEX

0| 15 iterations 1000

0:00:00

0.00
1.00e-06

o

Performance (
(plottrainstate)
Error Histogram (ploterrhist)
Confusion (plotconfusion)
Receiver Operating Characteristic = (plotroc)
Plot Interval: ' 1 epochs

" Validation stop.

@ Stop Training @ Cancel

4 Neural Network Training Performance (plotperform), Epoch 15, Validatio... — O

File Edit View Insert Tools Desktop Window Help

Cross-Entropy (crossentropy)

10°

—
!

-
S
i8]

1078

Best Validation Performance is 0.044567 at epoch 9

Train

Validation
Test
Best

15 Epochs
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Cross-Entropy (crossentropy)

=)
%

Best Validation Performance is 0.044567 at epoch 9

: Ubjgol Train
uMJLu-cl Validation
: S Test

0 5 10 15

15 Epochs

RS

|
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Neural Network

Hidden Qutput

Training Confusion Matrix Validation Confusion Matrix

1 32 0 0 100% 1 9 0 0 100%

Al ith 30.8% | 0.0% 0.0% 0.0% 39.1% | 0.0% 0.0% 0.0%

gorithms

Data Division: Random (dividerand) § o 0 38 3 92.7% § , 0 4 0 100%
-— 0 0, 0, 0, -— 0y 0 0, 0,

Training: Scaled Conjugate Gradient (trainscg) o 00% | 365% | 29% | 7.3% o 0.0% | 17.4% | 0.0% | 0.0%

. _ E] =

Performance: Cross-Entropy (crossentropy) 3_3 0 3 28 90.3% 2 , 0 0 10 100%
Calculations:  MEX 8 00% | 29% | 269% | 9.7% o | 00% | 0.0% | 435% | 0.0%

Progress 100% | 92.7% | 90.3% | 94.2% 100% | 100% | 100% | 100%
- - 0.0¢ 7.39 9.79 5.89 0.07 0.0¢ 0.09 0.0%

Epoch: 0| 12 iterations 1000 " " " " . " B "

Time: 0:00:00 S v ” aY v B

Target Class Target Class
Performance: 0.630 _ 0.00
—>

Gradient: 0651 | 000929 1.00e-06 ) ]
Validation Checks: 0 ’ﬁ 6 Test Confusion Matrix All Confusion Matrix
1 9 0 0 100% 1 50 0 0 100%
Plots 39.1% | 0.0% 0.0% 0.0% 333% | 0.0% 0.0% 0.0%
Performance (plotperform) § , 0 5 0 100% E , 0 47 3 94.0%
Training State (plottrainstate) § 0.0% | 21.7% | 0.0% 0.0% g 0.0% | 31.3% | 2.0% 6.0%
= 3
(ploterrhist) & 4l 0 (] 9 100% 2 5 0 3 47 | 94.0%
L 8" 00% | 00% |39.1% | 0.0% 7| 00% | 20% | 313% | 5.0%
"y i =
lot 100% | 100% | 100% | 100% 100% | 94.0% | 94.0% | 96.0%
© ¢ (plotroc) 0.0% | 0.0% | 0.0% | 0.0% 0.0% | 6.0% | 6.0% | 4.0%
Plot Interval: ' 1 epochs N 92 S N a S
Target Class Target Class

& Opening Confusion Plot

@ Stop Training @ Cancel

\_ b
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Algorithms

Data Division: Random (dividerand)

Training: Scaled Conjugate Gradient (trainscg)
Performance: Cross-Entropy (crossentropy)
Calculations: MEX

Progress
Epoch: 01. 12 iterations | 1000
Time: 2. 0:00:00 |

Performance: 0630 3. 00161 0.00
Gradient: 0651 4. 000929 1.00e-06

Validation Checks: 0 5. 6 || 6

S
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4\ Neural Pattern Recognition (nprtool) = O X
Network Architecture
Set the number of neurons in the pattern recognition network's hidden layer.
Hidden Layer Recommendation
Define a pattern recognition neural network. (patternnet) Return to this panel and change the number of neurons if the network does

Number of Hidden Neurons: not perform well after training.

Restore Defaults

Neural Network

Hidden Layer Output Layer

B Change settings if desired, then click [Next] to continue.
@ Neural Network Start 4 Welcome @ Bac Cancel
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4\ Neural Pattern Recognition (nprtool)

Train Net & e T

Train the ne)A‘20 u*’JgD I the targets.

Train Network

Train using scaled conjugat

Training automatically stops when generalization stops improving, as
indicated by an increase in the cross-entropy error of the validation samples.

Notes

Training multiple times will generate different results due
to different initial conditions and sampling.

@ Train network, then dlick [Next].

@ Neural Network Start Héwelcome

- [m] X
Results 4\ Neural Network Training (nntrain...  — X
% Samples CE %E
@ Training: 104 = = Neural Network
@ validation: &3 = =
Hidd. OQutput
@ Testing: 23 = = ot = "
Plot Confusion Plot ROC
4 3
20 3
Minimizing Cross-Entropy results in good classification.
Lower values are better. Zero means no error. Algorithms

Percent Error indicates the fraction of samples which are
misclassified. A value of 0 means no misclassifications,

100 indicates maximum misclassifications. Training:
Performance:

Calculations:

Progress

Epoch:

Time:

v

Performance:
Gradient:
Validation Checks:

®Back | % Next

Data Division:

Random (dividerand)

Scaled Conjugate Gradient (trainscg)
Cross-Entropy (crossentropy)

MEX

0| 20 iterations 1000
0:00:00

0740 [ 00138 0.00

0612 | 000484 1.00e-06
0 6 I3

Performance | (plg

berform)

(plottrainstate)

Error Histogram

Confusion

Receiver Operating Characteristic

Plot Interval: '

& Validation stop.

@ Stop Training

(ploterrhist)
(plotcanfusion)

(plotrog)

1 epochs

@ Cancel
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Best Validation Performance is 0.011277 at epoch 14
10°

Train
Validation
Test

Cross-Entropy (crossentropy)
=

-
o
o
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20 Epochs
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Network Architecture

Set the number of neurons in the pattern recognition network's hidden layer.
Hidden Layer Recommendation
Define a pattern recognition neural network. (patternnet) Return to this panel and change the number of neurons if the network does
Number of Hidden Neurons: not perform well after training.

Restore Defaults

Neural Network

Hidden Layer Output Layer

® Change settings if desired, then click [Next] to continue.
& Neural Network Start i Welcome

L @ Cancel
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4\ Neural Pattern Recognition (nprtool)

Train Network

Train the networ's = ~'= o7 th o fnmcts oo oot = 20 the targets.
O . T

Train Network : ~0
) _© UNJQ'OI \trainscg)

Train using scaled conju_

Training automatically stops when generalization stops improving, as
indicated by an increase in the cross-entropy error of the validation samples.

Notes

Training multiple times will generate different results due
to different initial conditions and sampling.

© Train network, then click [Next].
@ Neural Network Start HiWelcome

Results

& Samples CE
@ Training: 104 -
@ Validation: 23 =
@ Testing: 23 =

(2 %E

Plot Confusion Plot ROC

Minimizing Cross-Entropy results in good classification.
Lower values are better. Zero means no error.

Percent Error indicates the fraction of samples which are
misdlassified. A value of 0 means no misclassifications,
100 indicates maximum misclassifications.

4\ Neural Network Training (nntrain... — X

Neural Network

Hidden Output

®Back | ® Next

. 3
3
Algorithms
Data Division: Random (dividerand)
Training: Scaled Conjugate Gradient (trainscg)
Performance: Cross-Entropy (crossentropy)
Calculations: MEX
Progress
Epoch: 0| 12 iterations 1000
Time: 0:00:00
~ s
7" Performance: 0.630 _ 0.00
Gradient: 0.651 [ 000929 1.00e-06
Validation Checks: 0 6 | 6
oo Plots
<| Performance tperform)

(plottrainstate)

Error Histogram

(ploterrhist)

Confusion (plotconfusion)

Receiver Operating Characteristic ~ (plotroc)

Plot Interval: ' 1 epochs

& Validation stop.

@ Stop Training @ Cancel
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. Best Validation Performance is 0.022278 at epoch 6
10° |

Train
Validation
Test

-
<

Cross-Entropy (crossentropy)
o
o

-
<
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p " Function Name Formula
True Class
—~ v - TP+ TN
Accuracy
o .. TP+TN+FP+ FN
” True Positive False Positive
wh
P
%’ (k) (FE) Precision L
= TP + FP
g b <L t
b5 - - Recall rp
‘E False Negative True Negative TP+ FN
(FN) (TN)
2.Precision.Recall
— s - F1 score —
Precision + Recall
\_ -/
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00% | 29% | 269% | 9.7%
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4\ Neural Network Training (nntrain... = X

Neural Network

Hidden Output
Input Output
4 3
20 7
Algorithms

Data Division: Random (dividerand)

Training: Scaled Conjugate Gradient (trainscg)
Performance: Cross-Entropy (crossentropy)
Calculations:  MEX

Progress
Epoch: of 20 iterations 1000
Time: 0:00:00

Performance: 0.740 _ 0.00
Gradient: 0612 [ 000484 | 1.00e-06

Validation Checks: 0 @ 6
Plots
Performance ‘ (plotperform)
Training State (plottrainstate)
Error Histogram (ploterrhist)
Confusion (plotconfusion)

Receiver Operating Characteristic =~ (plotroc)

Plot Interval: ' 1 epochs

« Validation stop.

@ Stop Training @ Cancel
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