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1. HA Y 2 150 A2 E Input, Output parameter

- Input parameter

No. 1~-7 8~14 15 16
Input Chemical composition of the | Chemical composition of the _ Focal
Welding speed N
parameter upper sheet lower sheet position

- Output parameter

Regression model

Classification model

Output

parameter

Bead width

at the faying surface

Fracture load

Fracture location

- Chemical compositions

Base materials
_ C Si Mn P S Cr B
(thickness)
590 DP (1.2 mm) 0.078 0.363 1.808 0.011 0.001 - -
780 DP (1.2 mm) 0.070 0.977 2.264 0.010 0.015 - -
980 DP (1.2 mm) 0.170 1.340 2.000 0.016 0.001 - -
1180 CP (1.2 mm) 0.110 0.110 2.790 0.019 0.004 1.040 -
1500 HPF (1.1 mm) 0.216 0.240 1.255 0.002 0.002 0.001 0.003

-
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1. Ml 2'd 22 50 AHEE G| O] E

- Input parameter - Output parameter
Chemical composition of upper sheet Chemical composition of lower sheet

Si Mn P S Cr B C Si Mn P S Cr B Weldingsp Focalpositf Bead widtl Fracture lo Fracture lo
0.078 0.363 1.808 0.011 0.001 0 0 0.078 0.363 1.808 0.011 0.001 0 0 70 0 0.82 15659.47 0
0.078 0.363 1.808 0.011 0.001 0 0 0.078 0.363 1.808 0.011 0.001 0 0 60 -5 0.87 16660.73 0
0.078 0.363 1.808 0.011 0.001 0 0 0.078 0.363 1.808 0.011 0.001 0 0 48 -10 1.02 18593.63 0
0.078 0.363 1.808 0.011 0.001 0 0 0.078 0.363 1.808 0.011 0.001 0 0 37 -15 133 18619.1 1
0.078 0.363 1.808 0.011 0.001 0 0 0.078 0.363 1.808 0.011 0.001 0 0 26 -20 1.99 18859.83 1
0.078 0.363 1.808 0.011 0.001 0 0 0.078 0.363 1.808 0.011 0.001 0 0 20 -25 2.02 18765.03 1
0.078 0.363 1.808 0.011 0.001 0 0 0.07 0.977 2.264 0.01 0.015 0 0 70 0 0.76 14681.73 0
0.078 0.363 1.808 0.011 0.001 0 0 0.07 0.977 2.264 0.01 0.015 0 0 60 -5 0.81 15620.37 0
0.078 0.363 1.808 0.011 0.001 0 0 0.07 0.977 2.264 0.01 0.015 0 0 48 -10 1.1 18561.8 1
0.078 0.363 1.808 0.011 0.001 0 0 0.07 0.977 2.264 0.01 0.015 0 0 40 -10 1.09 18555.93 1
0.078 0.363 1.808 0.011 0.001 0 0 0.07 0.977 2.264 0.01 0.015 0 0 32 -15 141 18899.8 1
0.078 0.363 1.808 0.011 0.001 0 0 0.07 0.977 2.264 0.01 0.015 0 0 24 -20 2.01 189189 1
0.078 0.363 1.808 0.011 0.001 0 0 0.17 134 2 0.016 0.001 0 0 70 0 0.74 16050.63 0
0.078 0.363 1.808 0.011 0.001 0 0 0.17 1.34 2 0.016 0.001 0 0 60 -5 0.86 17751.67 0
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2. MATLABO|| A

MBI 2 Y fitting (SNN

1. Matlab &=
2. TabO|A 2

AlSH
o

2 0|=

, Neural net fitting 41 &4

4\ MATLAB R2019a - academic use - | bl
N Eer BB IS
p— R 1 1 p——
; 1 1
a E @ W & @ @ g @ | @& & @ 24
Design =7} ¥ Curve Fitting == = 247 Image MATLAB Coder  Application Meural Net I Neural Net 1 Neural Net Neural Net HE HEHI
App Ch2=2C EI] .TL|?|§ Acquisition Compiler Clustering : Fitting IPattern Reco_.  Time Series Cixrely
LE i [ I 2
> EHHH » C: b Users » DK » Documents » MATLAR ~|p
=i £ ® B
4\ Neural Fitting (nftocl) - O >
o= -
Welcome to the Neural Network Fitting app.
Solve an input-output fitting problem with a two-layer feed-forward neural network
Introduction Neural Network
In fitting problems, you want a neural network to map between a data set Hidden Layer Output Layer
of numeric inputs and a set of numeric targets. Output

3. M=z E Z0A

Examples of this type of problem include estimating engine emissicn levels
based on measurements of fuel consumption and speed
or predicting a patient's bodyfat level based on bedy measurements

= 2|
=

Next =

The Meural Fitting app will help you select data, create and train a network,
and evaluate its performance using mean square error and regressicn
analysis.

$ To continue, click [Next].

& Neural Metwork Start M4 welcome

A two-layer feed-forward network with sigmoid hidden neurcns and linear
output neurons , can fit multi-dimensicnal mapping problems
arbitrarily well, given consistent data and encugh neurons in its hidden
layer

The network will be trained with Levenberg-Marquardt backpropagation
algerithm , unless there is not encugh memery, in which case
scaled conjugate gradient backpropagation will be used

(S5 | [ @ cne
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2. MATLABO| M & EZ| 2 fitting (SNN)

4. 12 =M input O|O|E{ T Q= MY S =2
5. 25 =2{A output H|O|H B U= MES ==
6. 30| A Matrix rows M ERSE I 4-Next A EH

4\ Neural Fitting (nftool) - O
) Select Data
-
What inputs and targets define your fitting problem?
Get Data from Workspace Summary
Input data to present to the network Mo inputs selected.

& Inputs: (nene)

Target data defining desired network output

@ Targets: (nong) » @ Mo targets selected.
Samples are: @ [ matrix columMatrix rows

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

Load Example Data Set

0 Select inputs and targets, then click [Next].

& Neural Network Start 4 welcome @ Back B Next @ cancel

Portland State
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2. MATLABO| A AEFZ2| 2 fitting (SNN)

7. Validation} testing datal| HME HZA 7t5
8. Next 2 HO{7tH

9. Hidden layerl| =& 7f+ #HE 7l

10. Next2 H0{Z A

4\ Neural Fitting (nftoal) — O pd 4\ Neural Fitting (nftool) a
Validation and Test Data Network Architecture
Set aside some samples for validation and testing

Set the number of neurons in the fitting network’s hidden layer.
Select Percentages

Explanation Hidden Layer Recommendation
Define a fitting neural network.  (fitnet) ~~ FTTTTTTEETS 1 Return to thi | and ch th ber of if the network
8 Fondomly hide e 00 sampes I : ] =
Number of Hidden Neurons: i SU" i b ¥
W Training 70% 62 samples W Training: IL !
@ validat 15% 14 samples These are presented to the network during training, and the networkis | | TTTmEmmEmmEee
alidation ~

adjusted according to its error.
W Testing: 15% v 14 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

Neural Network

Hidden Layer Output Layer

Input Output
16 1
Restore Defaults 30 1

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

) Change settings if desired, then click [Next] to continue.
&& Neural Network Start 1 welcome @ Back & Next D cancel & Neural Network Start 14 Welcome

@ Back = Next @ Cancel
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2. MATLABO| M & B2 2 fitting (SNN)

Ay

. (&) — _LI. AL
11. Traing =c1A 95
. = =
12 74 7:” A 3| O]
. o I = =
‘\ Meural Fi‘rting (nftool) — O - Regression (plotregression) -
. H#dE 27w H23ED FHW) =82ZH)
% Train Network
Train the network to fit the inputs and targets. L
Train Network Results Training: R=0.96231 Validation: R=0.94022
2.4
Choose a training algorithm: & samples MSE I@'R o 22 o 2 o
2 2 =3
Levenberg-Marquardt ~ @ Training: 62 1.28744e-2 9.’!‘)231 Oe-1 '_:: +
4 -
) ) _ _ ) . W@ validation: 14 1743532/ 940218e-1 I )
This algorithm typically requires more memory but less time. Training / £ =
automatically stops when generalization stops improving, as indicated by W Testing: 14 2.84707e-2 Vi 9.25881e-1 = E
an increase in the mean square error of the validation samples. ,,’ g o 1
X . / =
Train using Levenberg-Marquardt. (trainlm) Plot Fit Plot Error H'STE’B'am ! &
=== 1 5 -
2 Retrain ! Plot Regressiop_i I =
hommmmmsmeses 3 3o
Notes S o
Y 0.8 12 14 16
Training multiple times will generate different Mean Squared Error is the average squared N : : : :
% results due to different initial conditions and difference between outputs and targets. Lower \\ Target
sampling. values are better. Zero means no error. \
AY
Regression R Values measure the corelation ‘\\ Test: R=0-925330 All: R=0.9526
between outputs and targets. An R value of 1 means \\ = 2 o o s o
a close relationship, 0 a random relationship. \ = =
\ + 18 ey =T +
‘\ - -
\ @ @
\ o =]
\ 5 5
\ = =
% L
[=2] [=2]
= =

B Open a plot, retrain, or click [Next] to continue.

& Neural Network Start 144 Welcome

@ Back & Next @ cancel

Output ~

Output ~

15 2
Target
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2. MATLABO| M A AS| 2 fitting (SNN)

11. NextE 5 H 2 =I5t Of2f|F Z2 2tHO| LI
12. MATLAB Matrix-Only Function 21 Ef

4\ Neural Fitting (nftool) - O X

j\ Deploy Solution
=

Generate deployable versions of your trained neural network.
Application Deployment

Prepare neural network for deployment with MATLAB Compiler and Builder tools.

Generate a MATLAB function with matrix and cell array argument support: {genFunction) | <4\ MATLAB Function

Code Generation

Prepare neural network for deployment with MATLAB Coder tools.

1
Generate a MATLAB function with matrix-only arguments (no cell array support): (genFunction) || 4\ MATLAB Matrix-Only Function i
1

Simulink Deployment

Simulate neural network in Simulink or deploy with Simulink Coder tools.

Generate a Simulink diagram: (gensim) | 8 Simulink Diagram
Graphics
Generate a graphical diagram of the neural network: (network/view) | % Neural Network Diagram

0 Deploy a neural network or click [Next].

& Neural Network Start i welcome @ Back @ Cancel
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2. MATLABO|| A

M2 2 fitting (SNN)

yl= myNeuraINetworkFunctlon(xl)E 7£.’33H-’F
=

SH0IA

PN J o, puurn i
i —

4\ MATLAB R2020a - academic use

7|7|. )\HA‘IElD:I :]_

gholst 4 ol T AS

= T ML

suyeong'd ¥

gl = ool %7 atol [=] T - = Lo
o O Q[a“*j*' o ::lj“fx' B eases &
gz sy 27 ma EHExw o fols A% R D sum uw 28Y Goag 2 Az
v v v =Y - 2 E0MT| 7] ¢f & ~ ~ o =4
g = # sHH =8 -
<FH>EA » C: ¥ Users ¥ hyunj » Documents » MATLAB b 20201105 M
X 24 ® 27| - Untitled* A 32 ®
o= | Untltlgd_‘___\ beadwidth_composition_node30.m |+ | = zt
) beadwidth_composition.m 1 { v1 = myNeuralNetworkFunction{ input)1 s ioutput_frac‘turelocation 90xT double
:j beadwidth_composition_node30.m 2 MTonctTon T T = molenra MNeTaorkFunct ion(x1) [ output_fractureload 90xT double
‘Jbeadw‘dth—“fe“mhm 3 SMYNEURALNETWORKFUNGT 10N neural network simulation function, L output_beadwidth 90x7 double
j beadwidth_strength_node30.m 4 ¥ [ input 90x76 double
‘jfra:tureload_compositionm .
‘jfractureload,composition,nodest).m ) % tuto-generated by MATLAB, 27-Dec-2020 15:26:38.
‘:I fractureload_strength.m & kS
‘jfractureload_strength_nodeso‘m 7 % [¥1] = myNeuralMetworkFunction(x1) takes these arguments:
‘jfracturelocatianicompasition.m ] 3 < = Ox16 matrix, input #1
‘j fracturelocation_composition_node30.m g o
& i and returns:
jfracturelocatlon_strength.m 10 % = sl matri tout #1
‘jfracturelocation,strength,nodeEOm = Oxlmatriz, output
n % where 0 is the number of samples.
12
13 Affok<xRPMTO>
14
13 S = NEURAL NETWORK CONSTANTS =====
16
7 % Input 1
A 1 1 1 LLL_ .1 TA A7 1101 ACE 0 AT m ANt 000 n AT em 11 01 AEC 8 AmT a0 A0 o o1 WEV
< >
EEE- ®
Jx =
beadwidth_composition_node30.m (A3 E) v
@J myNeuralNetworkFunction(x1)
L7)] mapminmax_apply(x, settings)
Q) tansig_apply(n, ~)
L2) mapminmax_reverse(y, settings)
ZH| UTF-8 .E / myNeuralNetworkFunction [2t2l 12 € 1

Portland State
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Nzesrl g my BT SAdSy o FR % R gon 1 ouy umy gay o 222
he A N~ THET Q&7 v o2 (7] »f [f v v ik =53
e =ty = Zet A -
E At~ ol » C:» Users ¥ hyunj » Documents » MATLAB » 20201105 s
R O o il 32t ®
olE - 4 2 0l80F HYT T H X e P
& . . i L
‘jheadwmm,cnmposnmnm T > LEPC » 24 > MATLAB > 20201105 v | D 2 20201105 A Ll output_fracturelocation 90x1 double
‘j beadwidth_composition_node30.m Ll output_fractureload 90x1 double
j beadwidth_strength.m EPegs U=t ~ o Ll output_beadwidth 90T double
% beadwidth_strength_node30.m t input 90x16 double
fractureload_composition.m ol ~
. W L PC
‘jfrac‘tureload_composition_nodewm f & = & — & — & — & —
fractureload_strength.m 33D A .
fractureload_strength_node30.m § oe2c
fracturelocation_composition.m
- = 0 A
‘j fracturelocation_composition_node30.m m Sed
‘j fracturelocation_strength.m = 24 headwi.dTh,ccmp hea.c!width,dcomp headwid;h,s‘tren heac:‘widtcf;,s‘tmn frac‘turel.n.ad,cc
ﬂfrac‘tureIncation,strength,nodesﬂ.m [ osition osition_node30 gt! gth_node30 mpaosition
4444 4
© = oad ' '
\d
v
I v
~ EQ 27|7| HE(S) EE=
beadwidth_composition_node30.m (23 EE) v
myNeuralMNetworkFunction(x1)
mapminmax_apply(x, settings)
tansig_apply(n, ~)
mapminmax_reverse(y, settings)
= UTF-8 2255 36
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2. MATLABOIA MEFZ|2Y fitting (SNN

15. y10|2t= SNN 22 = &olf 0| 5= 20| 44 =

4\ MATLAB R2020a - academic use

ST EreNC] B ER

Bl e =y
<‘fP Hal A » C: » Users » hyunj » Documents b MATLAB »
7 =5 ® [ 2871 Untitledm [ 8- G
oll= IRL [1 Eis
20201105 FH 901 double %0xT double
&
| ET:ZZ:Jﬁ:tion,yﬁtm . . 3 ¢ : ° ! : ? 10 output_fractureload Zgi; gzzz;:
‘j Classificationtestingdata.m i . 35 Dutputibeadwidth 9T double
ﬂ NeuralNetworkFunction.m 2 0.7062 35 input 90x16 double
= Regression_yfit.m 3 09521
#'] Regressiontestingdatam 4 14238
youtube_testm 5 1.9125
E youtube_test2m 6 20602
7 0.8045
8 0.8469
9 0.9631
10 1.0342
11 14315
12 2.0139
13 0.7763
14 0.8977
15 1.0647
16 1.1031 w2
<
EEE; ®
2.4253 ~
e me 0.8712
0.9533
1.1326
1.5712
HE HEE g I Y 18197
1.8301
Jx > v

Portland State
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3. MATLABO|| A

AlS
=

OH

Matlab

2. TabO|A Y2 2 O|F, Neural net pattern recognition

4\ MATLAB R2019a - academic use

3. MZ = XM Next 2 5

Portland State

UNIVERSITY

For example, recognize the vineyard that a particular bottle of wine came
from, based on chemical analysis ; or classify a tumor as

benign or malignant, based on uniformity of cell size, clump thickness,
mitosis

The Neural Pattern Recognition app will help you select data, create and

train a network, and evaluate its performance using cross-entropy and
confusion matrices.

$ To continue, click [Next].

“ Neural Network Start 4 Welcome

A two-layer feed-forward network, with sigmoid hidden and softmax

output neurons , can classify vectors arbitrarily well, given
enough neurons in its hidden layer.

The network will be trained with scaled conjugate gradient
backpropagation

. Eac<= : @ Cancel

- O X
% & & | o
& G 6&a ) g & @ | ]
Design =7 % @ 2] Curve Fitting == = 247 Image MATLAB Coder  Application Neural Net Neural Net : Neural Net 1 Neural Net =F =87 HEs 4EH3
App CH22E = FE Acquisition Compiler Clustering Fitting | Pattern Reco. | Time Series Cixrely
o T e i
o EaIE [l »c» users » DK > Documents » MATLAB - P
4 =0 ® 4\ Neural Pattern Recognition (nprtool) - O X L
TR fx > | s
T ﬁ g 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 Hidden Layer Output Layer
inputs into a set of target categories. e Output

14



3. MATLABO|A| MAZ 2T & F

4. 12 =M input O|O|E{ T Q= MY S =2
5. 25 =2{A output H|O|H B U= MES ==
6. 30| A Matrix rows M EiSE D 4-Next M EH

Portland State
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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.
¥ Inputs:

Target data defining desired network output.

@ Targets: output_fracturelocation

Samples are: O ] Matrix columMalrix rows

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

Load Example Data Set

® To continue, click [Next].

& Neural Network Start 4 Welcome

Summary

Inputs ‘input’ is a 90x16 matrix, representing static data: 90 samples of 16
elements,

Targets 'output_fracturelocation’ is a 90x1 matrix, representing static data:
90 samples of 1 element.

@ Back & Next @ cancel

15



3. MATLABO|A MAZ|2EY &F

o

7. Validation} testing datal| HME HZA 7t5
8. Next 2 HO{7tH

9. Hidden layerl| =& 7f+ #HE 7l

10. Next2 H0{Z A

4\ Neural Pattern Recognition (nprtool) — O x 4\ Neural Pattern Recognition (nprtool) — O x
a Validation and Test Data Network Architecture
Set aside some samples for validation and testing. Set the number of neurons in the pattern recognition network's hidden layer.
Select Percentages Explanation Hidden Layer Recommendation
& Randomly divide up the 90 samples: & Three Kinds of Samples: Define a pattern recognition neural network.  (patternngl= === === "" ||| Retum to this panel and change the number of neurons if the network
1 -
. 1 1 || does not perform well after training.
@ Training: 70% 62 samples | @ Training: Number of Hidden Neurons: i SU| !
@ validation: 159 14 samples These are presented to the network during training, and the network is [
' adjusted according to its error.
W Testing: 15% ™~ 14 samples
@ Validation:
These are used to measure network generalization, and to halt training
when generalization stops improving.
[ Testing:

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

Restore Defaults

Neural Network

Hidden Layer Output Layer

Input Output
16 1
30 1
Restore Defaults

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

B Change settings if desired, then click [Next] to continue.
@ Neural Network Start 1 Welcome @ Back = Next @ Cancel

“ Neural Network Start 1 Welcome

@ Back = Next @ Cancel

Portland State
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. O L —
11. Train2 =AM &
. = =
12. 2X= =240l
. = =
4\ Neural Pattern Recognition (nprtool) - O X,/ 4] Confusion (plotconfusion) - 0
K 7 |{Hee BEe 2w ggo 80 2380 Bw S8H)
Train Networ e
4
% Train the network to classify the inputs according to the targets. /" . ) A L i A
Tt [erars Results o Training Confusion Matrix Validation Confusion Matrix
7’
Train using scaled conjugate gradient backpropagation. (trainscg) & samples CE // %E 28 0 100% 8 0 100%
’
W Training: 62 1.88525e-0 7 0 o1 a52% 0.0% 0.0% 57.1% 0.0% 0.0%
4
@ Validation: 14 447216620 0 @ @
a ] 2]
W Testing: 14 474628e-0 7.14285e-0 o o
Training automatically stops whe@wlization stops improving, as 1 /M P g = LU0 = g d 1007
P . . e 3 3 0.0% 54.8% 0.0% 3 0.0% 42.9% 0.0%
indicated by an increase in the cross-entropy error of the validation == ( s =3
i ; =] =)
sempls | Plot Confuson 3 PloxRoc 8 S
Notes \\\ 100% 100% 100% 100% 100% 100%
A 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
Training multiple times will generate different Minimizing Cross-Entropy results in good \\ ’ ’ ’ ' ’ ’
% results due to different initial conditions and classification. Lower values are better. Zero rheans N N
sampling. no error. \ © °©
\\ Target Class Target Class
Percent Error indicates the fraction of samples
which are misclassified. A value of 0 means no %

\ . . . .
misclassifications, 100 indicates maximum \ Test Confusion Matrix All Confusion Matrix
misclassifications. ‘\\

N 0 6 0 100% 42 0 100%
AN 42.9% 0.0% 0.0% 46.7% 0.0% 0.0%
AY
\ & &
N Ol 1 7 87.5% o 1 47 97.9%
\ a 7.1% 50.0% 12.5% g_ 1.1% 52.2% 2.1%
‘\\ 5 5
\ o o
\
AN 85.7% 100% 92.9% 97.7% 100% 98.9%
\‘ 14.3% 0.0% 71% 2.3% 0.0% 1.1%
AY
\\
\\ Q ES Q N
B Open a plot, retrain, or click [Next] to continue. AN Target Class Target Class
\
& Neural Network Start K4 Welcome @ Back & Next @ cancel

Portland State

UNIVERSITY
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3. MATLABO|AM MEZ 2 2 F

11. NextE &+ ¥ =&l5tH

Otghet €2 =f

12. MATLAB Matrix-Only Function 41 EH

4\ Neural Pattern Recognition (nprtool)

j\ Deploy Solution
=

Generate deployable versions of your trained neural network.
Application Deployment

Prepare neural network for deployment with MATLAB Compiler and Builder tools.

Generate a MATLAB function with matrix and cell array argument support:

Code Generation

Prepare neural network for deployment with MATLAB Coder tools.

Generate a MATLAB function with matrix-only arguments (no cell array support):

Simulink Deployment

Simulate neural network In Simulink or deploy with Simulink Coder tools.

Generate a Simulink diagram:

Graphics

Generate a graphical diagram of the neural network:

0 Deploy a neural network or click [Next].

& Meural Network Start Hd welcome

(genFunction)

4\ MATLAB Function

(gen :uw(tiowfl: 4\ MATLAB Matrix-Only Function

(gensim)

(network/view)

'#® Simulink Diagram

“¢ Neural Network Diagram

& Next

@ cancel

Portland State

UNIVERSITY
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3. MATLABO|A| Al E2| 2

13. Of2fet €2 HE7| 7L 49 =M

yl=myNeuralNetworkFunction(x1)= &}
& S7H0|AM =holet = Qs AN

4\ MATLAB R2020a - academic use

= 1 ML=

L]

- X

T

iy — [E e &7 ol =] - ) — I
(=] - H [E‘ tel | <@ El £ [ '/ @ 2] 4 as LL,P
Ny =M g )
yzosy gy my BHRY o SOEY FN% R zon uw wme gy 28
7 ~ v = - Q&7 S027| 3] i f¢ A4 hd k| =3
o il HE SEHE ke -
T P a » C: » Users ¥ hyunj » Documents » MATLAB » 20201105 v R
i 24 ® EE7| - Untitled* A o7t ®
olE || | Untitedz _ 2__beadwidih compesition nodel0m._* | + | og 2@
:j beadwidth_composition.m 1 H {1__=_TV_N_‘EE:Ell_NfEViC’_rfEU_rLCf_iE“_(_ifEu_t_)_: =g HH output fracturelocation 90xT double
‘j beadwidth_composition_node30.m 2 function [v11 = myNeuralNetworkFunction(x1) [t output fractureload 9T double
‘Jbﬁ‘ﬂdw‘dthﬁ”e"gﬂ‘m 3 EMYNELRALNETWORKFUNGT 10N neural network simulation function. (1 output beadwidth 907 double
=) beadwidth_strength_node30.m 4 ¥ 1 input 90x16 double
‘:I fractureload_composition.m
) fractureload composition_node30.m 3 % Auto-generated by MATLAB, 27-Dec—2020 16:26:58.
‘j fractureload_strength.m & kS
# fractureload_strength_node30.m 7 % [v1] = myNeura|MNetworkFunction(x1) takes these arauments:
:jfracturelocation_composition.m 8 % x = Ox16 matrix, input H1
= fracturelocation_composition_node30.m q ¥ .
5 N and returns:
jfracturelocatlon,strength.m 10 % - 0 + tput #1
‘jfracturel0cation_strength_nodesum v = Uxl matrix, output f
1 % where 0 is the number of samples.
12
13 Sffok<+RPMTO>
14
15 % ===== NEURAL MNETWORK CONSTANTS =====
16
17 % Input 1
in M L4 L EEo 1 FA AT.A 441 ACC.A AANLA AATAIALA ATYA 1101 ACE A AR A AR ALAAR. AT T
<
EER ®
Jx >
beadwidth_composition_node30.m (23 YE) v
QJ myNeuralMNetworkFunction(x1)
L£)] mapminmax_apply(x, settings)
L£)] tansig_apply(n, ~)
o/l mapminmax_reverse(y, settings)
=H| UTF-8 .E [ myNeuralNetworkFunction |2tel 12 & 1
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HE2|Al

otte 2HO| d-d

EEEEEEERE B

— el 27 < el = = 3
e 0 g @« = S~ Basay P
Nzesrl g my BT SAdSy o FR % R gon 1 ouy umy gay o 222
- > v Ay~ Q7 v =um7 5] & & - - o - =3
g =y 2z Fehs e =
Hal ¥ : sers unj ocuments
P Hal @ »Cruy » hyunj » D » MATLAB » 20201105 s
R O o il 32t ®
e 4 Ct2 0|EoE Mg mpy M= X = 2
F . . i L
‘jheadw!dth,cnmpos!t!cnm T > LEPC » 24 > MATLAB > 20201105 v | D 2 20201105 A Ll output_fracturelocation 90x1 double
‘j beadwidth_composition_node30.m Ll output_fractureload 90x1 double
j beadwidth_strength.m EPegs U=t ~ o Ll output_beadwidth 90T double
% beadwidth_strength_node30.m t input 90x16 double
fractureload_composition.m ol ~
. W L PC
‘jfrac‘tureload_composition_nodewm f & = & — & — & — & —
fractureload_strength.m 33D A .
‘j fractureload_strength_node30.m § oe2c
fracturelocation_composition.m
- = 0 A
‘j fracturelocation_composition_node30.m m Sed
‘j fracturelocation_strength.m = 24 beadwidth_comp  beadwidth_comp  beadwidth_stren beadwidth_stren fractureload_co
| fracturelocation_strength_node30.m ——— osition osition_node30 gth gth_node30 mposition
4444 4
© o= Oed g ' '
v
v
I v
~ EQ 27|7| HE(S) EE=
beadwidth_composition_node30.m (23 EE) v
myNeuralMNetworkFunction(x1)
mapminmax_apply(x, settings)
tansig_apply(n, ~)
mapminmax_reverse(y, settings)
= UTF-8 2255 36
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3. MATLABOA| MBI 2T & &

15. y10|2t= SNN 222 £l o

#\ MATLAB R2020a - academic use

[
n
N

©
x
x
Ll

X

TEEEEEer) R B & suyeongs- |

8 (& & & (&

Fhd A A Neural Net Neural Net Fitting ~ Neural Net Neural Net Time 25327 AT BRI e uET =9 =227 22 037 T
C|Xtel CreRC HX 7= Clustering Pattern Recogni Series CIxHo[L
e o -
Fp HE » C: ¥ Users » hyunj » Documents » MATLAB » v |2
ERELE] A = -y GRS =2 27t ®
i Ol 9
20201105 [ 901 double e 9T double
ﬂ (E:Tamr-; es 1 2 3 4 5 6 7 8 9 10 %_U_u_tﬁu_t__f;acturelucation 90x7 double
assification_yfitm
‘j CIassificaticntitingdata.m U - EE. z:iﬁ:i:::zuﬂ?:d zg;; gjﬁﬁ
‘j NeuralNetworkFunction.m 2 | 7.8357e-07 EE. input 80x76 double
Regression_yfitm 3 0.0029
Regressiontestingdata.m 4 0.9999
#) testm 5 1.0000
=] youtube_testm 6 1.0000
ﬂ youtube_test2m 7 | 9.38380-07
8 0.0026
9 0.9998
10 1.0000
11 1.0000
12 1.0000
13 2.9148e-07
14| 1.3990e-04
15 0.9813
16 0.9997 4
< >
EER ®
1.0000 2
T > 0.0000
0.0001
0.89978
1.0000
M= des 20y ddy 1.0000
1.0000
Jx > v
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4. MATLABO| A

1. Matlab

2. TabO|A] e =2 0|
2 Neural net pattern recognition A Ef

SH
o

, 2| =A<

MAZ| 2 fitting (DNN)

A2 Neural net fittingS 25 2X 2|
EH

1L

3. MEE

Portland State
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of numeric inputs and a set of numeric targets.

Examples of this type of problem include estimating engine emissicn levels
based on measurements of fuel consumption and speed
or predicting a patient's bodyfat level based on bedy measurements

The Meural Fitting app will help you select data, create and train a network,
and evaluate its performance using mean square error and regression
analysis.

¢ To continue, click [Next].

& Meural Metwork Start

4\ MATLAB R2019a - academic use - | bl
& & e = R
- - 1 1 1 -
i S 1 (3o | (%a| I [
@ 88 M @ e =8 @) @ ® @ &
Design =7t % @ (<] Curve Fitting ==t U= E47| Image MATLAB Coder  Application Meural Net | Neural Met | Neural Net 1 Neural Net =5 =57/l HE4Es3
App CH2RE & FE Acquisition Compiler Clustering : Fitting i Pattern Reco_. I Time Series CixrelH
og o 1 1 1 a
e He A » C: b Users » DK » Documents ¥ MATLAB 4\ Neural Fitting (nftool) - o X
w1 =0 ® ith
Welcome to the Neural Network Fitting app.
o2
1= Solve an input-output fitting problem with a two-layer feed-forward neural network
Introduction Neural Network
In fitting problems, you want a neural network to map between a data set Hidden Layer Output Layer

A two-layer feed-forward network with sigmoid hidden neurons and linear
output neurons . €an fit multi-dimensicnal mapping problems
arbitrarily well, given consistent data and encugh neurens in its hidden
layer

The network will be trained with Levenberg-Marquardt backpropagation
algerithm , unless there is not enough memery, in which case
scaled conjugate gradient backpropagation will be used.

@ cancel

22



4. MATLABO| A ¢l EZ2| 2 fitting (DNN)

4. 12 =M input O|O|E{ T Q= MY S =2
5. 25 =2{A output H|O|H B U= MES ==
6. 30| A Matrix rows M ERSE I 4-Next A EH

4\ Neural Fitting (nftool) - O
) Select Data
-
What inputs and targets define your fitting problem?
Get Data from Workspace Summary
Input data to present to the network Mo inputs selected.

& Inputs: (nene)

Target data defining desired network output

@ Targets: (nong) » @ Mo targets selected.
Samples are: @ [ matrix columMatrix rows

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

Load Example Data Set

0 Select inputs and targets, then click [Next].

& Neural Network Start 4 welcome @ Back B Next @ cancel
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4. MATLABO| A MEFZ|2 Y fitting (DNN)

7. Validation} testing datal| HME HZA 7t5
8. Next 2 HO{7tH

9. Hidden layerl| =& 7f+ #HE 7l

10. Next2 H0{Z A

4\ Neural Fitting (nftoal) — O pd 4\ Neural Fitting (nftool) a X
Validation and Test Data Network Architecture
Set aside some samples for validation and testing

Set the number of neurons in the fitting network’s hidden layer.
Select Percentages

Explanation Hidden Layer Recommendation
Define a fitting neural network.  (fitnet) ~~ FTTTTTTEETS 1 Return to thi | and ch th ber of if the network
8 Fondomly hide e 00 sampes I : ] =
Number of Hidden Neurons: i SU" i b ¥
W Training 70% 62 samples W Training: IL !
@ validat 15% 14 samples These are presented to the network during training, and the networkis | | TTTmEmmEmmEee
alidation ~

adjusted according to its error.
W Testing: 15% v 14 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

Neural Network

Hidden Layer Output Layer

Input Output
16 1
Restore Defaults 30 1

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

) Change settings if desired, then click [Next] to continue.
&& Neural Network Start 1 welcome @ Back & Next D cancel & Neural Network Start 14 Welcome

@ Back = Next @ Cancel

Portlanglfu |§ftnéslltrg 24




4. MATLABO| A ¢l B2 2 fitting (DNN)

Ay

. (&) — _LI. AL
11. Traing =c1A 95
. = =
12 74 7:” A 3| O]
. o I = =
‘\ Meural Fi‘rting (nftool) — O - Regression (plotregression) -
. H#dE 27w H23ED FHW) =82ZH)
% Train Network
Train the network to fit the inputs and targets. L
Train Network Results Training: R=0.96231 Validation: R=0.94022
2.4
Choose a training algorithm: & samples MSE I@'R o 22 o 2 o
2 2 =3
Levenberg-Marquardt ~ @ Training: 62 1.28744e-2 9.’!‘)231 Oe-1 '_:: +
4 -
) ) _ _ ) . W@ validation: 14 1743532/ 940218e-1 I )
This algorithm typically requires more memory but less time. Training / £ =
automatically stops when generalization stops improving, as indicated by W Testing: 14 2.84707e-2 Vi 9.25881e-1 = E
an increase in the mean square error of the validation samples. ,,’ g o 1
X . / =
Train using Levenberg-Marquardt. (trainlm) Plot Fit Plot Error H'STE’B'am ! &
=== 1 5 -
2 Retrain ! Plot Regressiop_i I =
hommmmmsmeses 3 3o
Notes S o
Y 0.8 12 14 16
Training multiple times will generate different Mean Squared Error is the average squared N : : : :
% results due to different initial conditions and difference between outputs and targets. Lower \\ Target
sampling. values are better. Zero means no error. \
AY
Regression R Values measure the corelation ‘\\ Test: R=0-925330 All: R=0.9526
between outputs and targets. An R value of 1 means \\ = 2 o o s o
a close relationship, 0 a random relationship. \ = =
\ + 18 ey =T +
‘\ - -
\ @ @
\ o =]
\ 5 5
\ = =
% L
[=2] [=2]
= =

B Open a plot, retrain, or click [Next] to continue.

& Neural Network Start 144 Welcome

@ Back & Next @ cancel

Output ~

Output ~

15 2
Target
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4. MATLABO| A ¢l B2 2 fitting (DNN)
&

13. NextE M| H 2
14. Simple script 4

Otgiet &2 2tEHO| Ltz

4\ Neural Fitting (nftool)

é_ E Save Results
p

Generate MATLAB scripts, save results and generate diagrams.
Generate Scripts

Generate a script to train and test a neural network as you just did with this tool:

Generate a script with additional options and example code:

Save Data to Workspace

“ Save network to MATLAB network object named:

Save performance and data set information to MATLAB struct named:
| Save outputs to MATLAB matrix named:

&€ Save errors to MATLAB matrix named:

B [Jsave inputs to MATLAB matrix named:

@ [save targets to MATLAB matrix named:

i

[Jsave ALL selected values above to MATLAB struct named:

@ Save results and click [Finish].

| < Neural Network Start | 14 Welcome

Recommended >> Use these scripts to reproduce results and solve similar problems.

=
i O Simple Script 1

[ Advanced Script

net
info
output
error
input
target

results

Restore Defaults % Save Results

4 Back ® Next @ Finish
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15. Ofzliet &

4\ MATLAB R2020a - academic use

=)
—

WE7|7H A

=

- X

b FHAH

B ¢ s

naw) <« ve B A fl - > 1 masey O
Mz wssl ga my WHRY AU R %R A zom wy wMw gay WA
v v v @~ Qv somr [{] & @ - - T - =3
T A HE SErE Hd -
€ HaA b C » Users » hyunj » Documents b MATLAB » AP
oif =4 (Gl B =7 7| - Untitled® e Z2 ®
olg | untitled* | + | o= 2
20201105 E F’é Solve an Input-Output Fitting problem with a Meural Metwork T EEinputdata 076 double
- 20201.2_29_ . 2 % Script senerated by Neural Fitting app - outputbeadwidth 90x7 double
%C'ass'ﬁca“””—yf'm_ 3 % Created 12-Jan-2021 22:43:22
MeuralMetworkFunction.m
i‘] Regression_yfitm 4 &
i‘]testingdatam 5 % This script assumes these variables are defined:
B 4
T % inputdata — input data.
g % outputbeadwidth - target data.
E [oTTTTTmTTommmmeomee :
10 ix = inputdata’; i
1 | t = outputheadwidth'; !
12 L —— |
13 % Chooze a Traininag Function
14 % For a list of all training functions tvee: help nntrain
15 % 'trainlm' iz usually fastest.
18 % 'trainbr' takes longer but mav be better for challenging problems.
17 % 'trainscg' uses less memory. Suitable in low memory situations.
18 trainFen = "trainim's % Levenberg-Marauardt backpropagation. v
EEE ®
f%’ b5
N2 HE v
HE H2E 2 ot =
Z=H| UTF-8 A33E EREEEE
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4. MATLABO| A

AlA

—

16. Hidden Layer2| 7il£=2} Training, Validation, Test O|O|E{ 2| H| &

A O|lO
T AT

17. 87| A hidden layer®| =& d}L} O]

A O] ©
ot = QUE

a 2| 2 fitting (DNN)

NZ=}
o=

7oA &

DNN &2

dg 75

€« HA T b C: ¥ Users » hyunj » Documents » MATLAB » &% Oa@A » C: ¥ Users » hyunj » Documents » MATLAB ¥
A =6 @ i =g ® A =r7l- CiUsershyunj#Documents#MATLAB#Untitled.m
olz | Untitled* | + | olg | Untitledm | + |
20201105 19 20201105 IEE
20201229 20 (F-brrate A Eitting Nebworke oo oooeem o . 20201229 20 % Create a Fitting Network
%C'BSS"”CBT"GWWW_ 21 IhiddenLaverSize = 30; ! 2 iflcation v 20— UhiddenlaveriSize = 80; i
& NeuraII\J.etworFFunct\on.m 22 met = fitnet(hiddenlLaverSize,trainFcn); : . - - 22 —  VhiddenLayer2Size = 30: :
j Regression_yfitrn e ————————— j Regression_yfitm : !
ﬂtest'\ngdatam 23 ‘jtest'\ngdatam v 23 — ynet = fitnet([hiddenLaver1Size hiddenLaver2Sizel trainFen);!
P L . . . = . e e
e e - 24 % Setup Division of Data for Training, ¥alidation, Testing T » 24
25 net . divideParam.trainRatico = 70/100; 23 % Setup Division of Data for Training, Yalidation, Testing
28 net divideParam.valRatio = 15/100; 26 — net divideParam.trainRatio = 70/100;
27 net . divideParam.testRatio = 15/100; 2 |= net.divideParam.valRatio = 15/100;
He Hes = oo M 28 e HEs = oo e &= net.divideParam.testRatio = 15/100;
29 % Train the Network 29
30 [net.tr] = train(net.x.t); 30 % Train the Network
31 3 - [net,tr] = train{nst,x, t);
ol 27t = 32 % Test the Network ol 27 = 32
k= v = net(x); —1133 % Test the Metwork
ol i 34 e = gsubtract(t,v); oIS @ 34 ()
= BN . = v = net(x);
E inputdata 76 double He 1x90 double
35 f 5 forminet. t,v) el o 35 — = btract(t.v):
- outputbeadwidth 90x1 double periornance g pertormne i (1 hiddenLayer1Size 30 7o raci( ¥
36 ] hiddenLayer2Size 20 B|= performance = perform(net.t,v)
o 2 (1 inputdata 90x76 double

18. A EHO||
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4. MATLABOJ A

Al

|

3

AL
4\ Function Fitting Neural Network (view) — ] X
HZ 2ta
- Hidden 1 Hidden 2 Output

Input Output
. | . B %
Sl it 3 Il
ST EH 16 1 7
/
0 30 30 1 [
202077 KTgornms #
| 2
& 20201229 { | Data Division: Random (dividerand) ,'
j Classification_yfitm ‘ . . 7
. ¢« Training: Levenberg-Marquardt (trainlm) 7
MeuralMNetworkFunction.m | } ’
& . ) { | Performance: Mean Squared Error (mse) ’
jRegresslon,yflt.m [ —— 4
ﬂ testingdata.m vl alculations:
= |
He ®He ~ ‘ Progress
. Epoch: o 1000
. Time:
. Performance: ¢ 0.00
A ERe 2 oy de | Gradient 519
;| Mu 0.00100
: Validation Checks: 0 6
e 3zt ® Plots
0|E ~ at Performance (pl olqgerformw
i e %90 double { Training State (;;l{)ttrahstatew
L1 hiddenLayer1Size 30 | N
L1 hiddenLayer2Size 30 | Ry
t inputdata 90x76 double | ! (plotregression)
& net Ix1 network W
il . Tbafit)
L1 outputbeadwidth 90xT double ~
L1 performance 0.0427 ' \*\\
HH t %90 double Plot Interval g 1 epochs
|El tr Tx7 struct \\\\
] wainfen ‘trainim’ & Opening Regression Plot \‘s\
i x 76x90 double S
iy x90 double @ Stop Training \\9 Cance
S\~
<
Jx >>
<

L AHEEE oo ¢

SHEAlR.

% Portlﬂmau:

UNIVERSITY

1.00e-07
1.00e+10

"4 Neural Network Training Regression (plotregression), Epoch 8, Validation stop

"ﬁf om #EE 270 dn &m HiA3ED BFW E2ZH) "
&
P
E Training: R=0.94933 Validation: R=0.6636 a
)
g O Data = O Data
] : @ x
o 2 Fit o 2 Fit -
+ cY=T :
| B
@ g |-
o =
= 1.5 @ 1
° =
L_ *
[ 2
a 1 s
tr ',I I'I
= -
205 3o
=
3 5
(=] o]
ok ol
0 0.5 1 1.5 2 0.5 1 1.5 2
Target Target
Test: R=0.85495 _ All: R=0.86999
E Q  Data E Q  Data
S 2 Fit o 2 Fit
+ Y=T + Y=T
- - 4
@ o
o =
= @ 1.5
© = v
L_ *
o 3 ®
= s 1 N
I I
{ 1
= -
2o S os
&
3 =
o o
0
0 05 1 1.5 2 0.5 1 1.5 2
Target Target
v
~,
. >
UTF-8 2SHE 2tel 21 @ 23
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o T = =3 g|x o Eul St o B10|8F A OlO
21. 2Z Sto| S0 HdE y= S=5H DNNE Sl 5E afs 2olgd = U=
4\ MATLAB R2020a - academic use - X

ek I & supeongd v

= = oo o
@y o e T 2 e E
He ggoz oy v |1 ||1 Aol At HE -
VR X=5] R4 - -
B Az HE a
9 OaA » C: ¥ Users ¥ hyunj » Documents » MATLAB »
R ®  [Z BE7] - DNN_laserm
018~ E v ®|
20201105 ~ |5 1x90 double
% Eﬁ;ﬁ::“““”—ﬁ't-’“ 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
B DA lacarm v |1 0.9347 1.1987 14279 1.6219 1.7754 0.5689 (0.6846 0.9060 0.9065 1.2230 1.6365 0.7958 (0.9435 1.2480 1.2927 1
HE He v |2
3
4
5
6
HE gee g o W9 7
8
9
10
11
e 7t ® |12
e at »
ST 14
i data 90x16 double ~ 15
$ data_1 90xT double 16 v
i e 1x90 double @ N
{1 hiddenLayer1Size 30
i hiddenLayer2Size 20 288 ®
; hiddenLayer3Size 20 f_! 5
&) net Tx1 network
Ci performance 0.0491
i t %90 double
|1} textdata 2x16 cell
|1} textdata_1 Tx7 cell
£l tr TxT struct
gtrainFcn ‘trainlm’
I x 16x90 double
EEy Tx90 double v
< >
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r

A2 2% fitting (DNN

22. HO|E{2| =

At = HH7| 2[olM y2=y’ Et=
A7|HM dap FO| BHE HO|HE &= = US

S RE O Fe  EEEEE

s

e =y =
€« T » C: ¥ Users » hyunj » Documents » MATLAB » hd
i =M @ | [#& HE7| - DNN_laserm A e - y2 ® x

= [y 5] v x|
20201105 ~ HH 90x1 double
% E';;Slir‘:ca”"“—yﬁtm 1 2 5 6 7 8 9 10 11 12 13 14 15 16 17
) N Lscaren v 2
He "e v |2 09347
3 1.1987
4 1.4279
5 1.6219
6 1.7754
He PEE 8 Ty HY 7] 05689
8 0.6846
9 0.9060
10 0.9065
11 1.2230
zhol 27t ® 12 1.6365
o= 2 13 0.7958
—— o 14 0.9435
1:, data_1 90x1 double ~ 15 12480
e x90 double
%hiddemayeﬂsize 30 19 < 12827 > v
1 hiddenLayer2Size 20
i:, hiddenLayer3Size 20 ®
9] net 1x1 network
; performance 0.0491
ot x90 double
|} textdata 2x76 celf
|1} textdata_1 x7 cell
|-£l tr Ix7 struct
gtrainFcn ‘trainlm’
1 x 16x90 double
s %90 double
EI-YE ‘ 90T double v
<
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%dﬁg'
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-
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Measured fracture load (kN)

Output Class

Output Class

Training Confusion Matrix

27 0 100%

43.5% 0.0% 0.0%

0 35 100%

0.0% 56.5% 0.0%

100% 100% 100%

0.0% 0.0% 0.0%
Q N

Target Class

Test Confusion Matrix

8 0 100%

57.1% 0.0% 0.0%

0 6 100%

0.0% 42.9% 0.0%

100% 100% 100%

0.0% 0.0% 0.0%
Q N

Target Class

Output Class

Output Class

Validation Confusion Matrix

8 0 100%

57.1% 0.0% 0.0%

0 6 100%

0.0% 42.9% 0.0%

100% 100% 100%

0.0% 0.0% 0.0%
Q N

Target Class

All Confusion Matrix

43 0 100%
47 8% 0.0% 0.0%
0 47 100%
0.0% 52.2% 0.0%
100% 100% 100%
0.0% 0.0% 0.0%
Q N
Target Class
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