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A study on resilient back-propagation neural network model for estimation

of welding properties of flux cored wire

Ju-Yong Park' - Beom-Su Seo'

431 Fo) S 2 ket wkgel ofa) 24Hh o 74
L
=}

o = =

o el Skl IR ARAos IRt A Hrkrel Gt e A oW A AEtel e of
spa A4} ARe A ARl olal Fasolgeh Fow AAE 2R SRS U wrn AAES Axtel]
84 Fo RS Bo Selshs 3PS Wtk of Aol BiEE Fowel SHEAAE dSehs AFAAY B
Astol olg MAl Agstel ARE AL R olel NPHA H5E Fol el Utk ATNFFE MEE Bgdt uly
g gAlel Sde] AR Qs mFolth B ATeldE QA4 tlEd s dwsha WekEEGDR)

(¢}

Hel] ol ARl 188 AES o) A o Al 1% Rl ARt

o el e 2ABTE 24 A% GDRE SHsAl7to] wl§ A3 S e
],

4
i oooeltel e A RS 8T Ahl 3
2 e

f
Ny
oy

b 2
il
>
A2

Eﬁ
o,

(3 m o
[‘
o]
O
=
2
E
FO
r&
oK
[
o,
ol
td
i)

vk

<1

2 :

8ol Hlolele] RAVIa] Solok S S e TS A5 Aol MEAE AL % 4 A
= 3 o

T L

= =
Aof: EexFo|=otolo] A, JAFAAET, S5, T A

Abstract: The estimation of welding properties of FCW(Flux Cored Wire) is a very complicated work. FCW contains many kinds
of flux materials which consist of various chemical components. The welding properties of FCW are determined by the chemical
and metallurgical reaction of these chemical components during welding. It is nearly impossible to quantitatively analyze this proc-
ess due to their highly complex interactions. Therefore the design of FCW has been carried out up to now on the basis of metal-
lurgical knowledge and experiences of experts. The development of a new FCW usually requires many pilot samples with a lot of
tests and inspections. This research aims to develop the suitable artificial neural network(ANN) for estimation of the properties of
FCW and reduce the number of pilot samples. The neural network system is a very powerful tool to solve the highly complex
and nonlinear problems. In this study, 2 different learning algorithms, conventional GDR(general delta rule) and Rprop(resilient
back-propagation) were investigated. 5 ANN models for FCW data having different application field were suggested and tested un-
der different learning conditions. As a result of the investigation, it was nearly impossible to use GDR because it required too
long learning time and had too high learning error. The ANN model having similar data group and very low learning rate than
0.0001 came to the good estimation result. Conclusionally, use of Rprop instead of GDR algorithm, high similarity of learning da-
ta group and very low learning rate are recommended for the suitable ANN model for FCW data having highly complexity.

Keywords: Design of flux-cored wire, Artificial neural network, Learning rate, Resilient back-oropagation, Estimation of welding

properties
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Figure 1: Flow chart of FCW Design
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Table 2: Learning condition and result of model 1 and model 2

Model 1 Model 2
Learning rate 0.03 0.001 0.0001 | 0.00005 | 0.03 0.001 0.0001 | 0.00002

Cond. 1 Iteration no.(x1000) | 41.97 63.87 54.52 61.52 1,000 1,000 1,000 2,000
Rprop, 34

nodes of Calculation time(s) | 34.86 52.57 46.20 4428 | 1.0653 | 1,022.7 | 1,074.6 | 1,928.7
hidden layer | Average error(%) 0.56 0.39 0.66 0.52 1.89 1.93 1.45 1.73

Cond. 2 Iteration no.(x1000) 500 500 500 500 1,000 1,000 1,000 2,000
irc’)?eps’ j? Calculation time(s) | 331.5 | 3503 | 221.5 | 3413 | 1,158.6 | 9458 906.0 | 1,823.6
hidden layer Average error(%) 0.52 0.93 0.39 1.08 2.57 2.89 2.18 2.20
GDR, 34 | Iteration no.(x1000) | 1,000 1,000 1,000 1,000

nodes of Calculation time(s) 2,326.9 | 2,305.0 3,349.8 3,350.2
hidden layer Average error(%) 174.0 120.4 155.6 57.0

Table 3: Learning condition and result of model 3, model 4 and model 5 using Rprop algorithm and 34 nodes of hidden layer

Model 3 Model 4 Model 5
Learning rate 0.0001 0.00001 0.0001 0.00005 0.00002 0.00001 0.0001 0.00001
Iteration no.(x1000) 1,000 2,000 1,000 5,000 5,000 5,000 5,000 8,000
Calculation time(s) 1,116.9 1,957.9 412.6 14,590.0 15,553.6 | 14,470.2 | 33,872.8 46,567.7
Average error(%) 0.709 0.616 4.576 3.951 3.732 3.726 24.742 25.062
Table 4: Error distribution of estimation result of model 1 and model 2 using Rprop algorithm
No of dataset in 5 emror levels of estimated value
Model-ca y caming  [Kind of level 1 level 4 level 5
0, 0, 1
;E:) Condition Data (<1%) level 2 (1~10%) |level3 (10~30%) (30~60%) >60%) Avail.
No % No % No % No % No %
11 H. nodes:34 L 35 | 85.37 6 14.63 0 0 0 0 0 0 %
L. rate:0.03 \% 0 0 0 0 1 7.69 5 38.46 7 | 53.85
12 H. nodes:34 L 37 | 90.24 4 9.76 0 0 0 0 0 0 %
L. rate:0.001 \% 0 0 0 0 0 0 5 38.46 8 | 61.54
13 H. nodes:34 L 33 | 80.49 8 19.51 0 0 0 0 0 0 %
L. rate:0.0001 \Y% 0 0 0 0 0 0 6 46.15 7 53.85
L4 H. nodes:34 L 35 | 85.37 6 14.63 0 0 0 0 0 0 o
L. rate:0.00005 \% 0 0 0 0 2 15.38 6 46.15 5 38.46
15 H. nodes:26 L 36 87.8 5 12.2 0 0 0 0 0 0 %
L. rate:0.03 \Y 0 0 0 0 0 0 6 46.15 7 53.85
16 H. nodes:26 L 30 | 73.17 11 26.83 0 0 0 0 0 0 %
L. rate:0.001 \% 0 0 0 0 0 0 5 38.46 8 | 61.54
17 H. nodes:26 L 33 | 80.49 8 19.51 0 0 0 0 0 0 %
L. rate:0.0001 \% 0 0 0 0 1 7.69 4 30.77 8 | 61.54
18 H. nodes:26 L 23 56.1 18 43.9 0 0 0 0 0 %
L. rate:0.00005 \% 0 0 0 0 1 7.69 5 38.46 7 53.85
21 H. nodes:34 L 25 | 45.45 27 49.09 3 5.45 0 0 0 0 X
L. rate:0.03 \ 0 0 0 0 5 29.41 6 35.29 6 | 3529
) H. nodes:34 L 24 | 43.64 28 5091 3 5.45 0 0 0 0 X
L. rate:0.001 \% 0 0 0 0 5 29.41 5 29.41 7 | 41.18
h3 H. nodes:34 L 34 | 61.82 19 34.55 2 3.64 0 0 0 0 X
L. rate:0.0001 \ 0 0 0 0 6 35.29 0 0 11 | 64.71
24 H. nodes:34 L 34 | 61.82 19 34.55 2 3.64 0 0 0 0 o
L. rate:0.00002 \% 0 0 0 0 4 23.53 8 47.06 5 29.41
2.5 H. nodes:26 L 9 16.36 44 80 2 3.64 0 0 0 0 X
L. rate:0.03 \% 0 0 0 0 4 23.53 6 35.29 7 | 41.18
26 H. nodes:26 L 4 7.27 49 89.09 2 3.64 0 0 0 0 X
L. rate:0.001 \% 0 0 0 0 2 11.76 6 35.29 9 | 5294
97 H. nodes:26 L 35 | 63.64 18 32.73 2 3.64 0 0 0 0 X
L. rate:0.0001 \% 0 0 1 5.88 6 35.29 3 17.65 7 | 41.78
)3 H. nodes:26 L 15 | 27.27 38 69.09 2 3.64 0 0 0 0 o
L. rate:0.00002 \% 0 0 0 0 4 23.53 8 47.06 5 | 29.41
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Table 5: Error distribution of estimation result of model 3, model 4 and model 5 using Rprop algorithm
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i

FeE AT

No of dataset in 5 error levels of estimated value
Model-ca . q
se Learning Kind ofi level 1 level 2 level3 level 4 level 5 Avail
No Condition Data (<1%) (1~10%) (10~30%) (30~60%) (>60%) :
No % No % No % No % No %
H. nodes:34 L | 40 | 7407 | 14 | 2593 | 0 0 0 0 0 0
3-1 ’ X
L. rate:0.0001 A\ 0 0 0 0 1 5.88 5 29.41 11 64.71
H. nodes:34 L | 47 | 8704 | 7 | 1296 | © 0 0 0 0 0
3-2 ) ) O
L. rate:0.00001 A\ 0 0 0 0 0 0 11 64.71 6 35.29
H. nodes:34 L | 5 | 209 | 229] 9582 | 3 | 126 | 2 | 084 | 0 0
4-1 ’ ’ (0]
L. rate:0.0001 \% 0 0 1 1.28 25 32.05 35 44 87 17 21.79
H. nodes:34 L 5 1209 | 229 9582 | 5 | 209 | 0 0 0 0
4-2 (0]
L. rate:0.00005 A 0 0 2 2.56 22 | 2821 | 30 | 3846 | 24 | 30.77
H. nodes:34 L | 3 | 126 [231| 9665 | 4 | 167 | 1 042 | 0 0
4-3 ) ) (0]
L. rate:0.00002 A\ 0 0 0 0 21 26.92 38 48.72 19 24.36
» H. nodes:34 L 2 | 084 |[233] 9749 | 4 | 167 0 0 0 0 o
L. rate:0.00001 \% 0 0 1 1.28 30 | 3846 | 28 359 | 19 | 2436
H. nodes:34 L | 0 0 | 46 | 1053 | 313 | 7162 | 70 | 1602 | 8 | 183
5-1 ’ ’ X
L. rate:0.0001 A\ 0 0 0 0 5 3.47 48 33.33 91 63.19
H. nodes:26 L 0 0 39 | 892 | 316 | 7231 | 73 | 167 | 9 | 2.6
5-2 X
L. rate:0.00001 A\ 0 0 0 0 5 3.47 41 28.47 98 68.06
: pa L 149] S AN X =
Figure 49141 Model 1 1-49] Stdel A facl5& ®Model 1 H. nodes 34 ®Model 1 H. nodes 26
o] 61.54%, Model 2= 2-4 B 2-8°A4 FaEASEO] +Model 2 H. nodes 34 & Model 2 H. nodes 26
70.59% ©] 2.7 Model 32 32014 64.719] AS5ES H “Model 3 H. nodes 34 “Model 4 H. nodes 34
ST Model 13 dlolElel fAbgol ok stipelolele] £, | ModdSH.nodes3s
gt dFexke wlg- AN SEd ot Ao TES Ew
53 ol ﬁh FRBA SRl vHA R oz @ L
AT Model 4= g0l THE 4z E 10%E 4 F
&5k %@f& FEASES AT 53] FEdZSE9 5
_ g =
WEANME FEE7) 5L error level 20137} 30~40%% g .
L ) g
A gke] o) 5750 gk Ao 2 VERTE o] Model S
_ 3E-02 1.E-03 1LE-04 5.E-05 2.E-05 LE-05
1~39] Bl3] ShFHolE 7} WoHA L BA7tgolgie ¢ Learning Rate
Aezo] dolE FAME 7HRA1 9lo] H]E d5|o]E Figure 4: Structure of ANN model
o fEk QA7 ki obAAR Sl SlalA U FE
5} 2495 Ajole] ARAAT T FHE Aol 1A A 5.4 2
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0.00001 X % FaEASE] 40% PXA] X3St o] < AH&g FCW AAdolE o] &3 EAA oSl #
= Model 55 o] &0l eta7ty Ay A7t-g to]E g AE FAATE ol & 3 AL do] e 5ERY
2 BE o stol dolHel FA4e] ol MBI Fow HlolEe] gl s7le] ANN RS g thekd o
8,000,0008] 0l o]2+= 7} 71 s5AIZES BEFSdE FxAoR s5S AlA A3 S5xUs et HAS
Jé?gi}gol 25% ol ol AER ThFo] Fwd] HA F HolE S o] &3le] skd ANN REo] a4 A3}
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