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Futwrenehalbenges

future challenges of the wood -based panel industry in Europe:
A competition with energy recovery

A increased usage of alternative raw materials (recycled wood,
annual plants, etc.) A adapted processes necessary

A lower board densities

approaches to cope with challenges:

A efficient usage of resources (wood, resin, additives, energy -
thermal and electrical)

A decrease variability of final product to lower safety margins

A knowledge based adaptation  of processes
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thickness: 7mm
density: 875kg/m3
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data mining: Zﬁg”gth e
A data collection from 804 variables (process, raw T,
material and final panel) over one month of
production
A considering time lags (markers and distances) ¢

A database management (using SQL, Prod IQ ) 3




contridddoop

4 steps:
calibration
validation
prediction
adaptation

regression analysis
using PLSR

software: Matlab
R2010b
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meateriahanmdimethods - dataquislity

A exclude variables with values out of realistic range

A exclude variables with too low variation (Coefficient of

Variation < 0.2%)

A impute missing values using Principal
Component Regression (PCR)

A data standardization to mean=0

and variance=1

A 513 variables left for PLSR

calibration
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meateriahamdtimethods - PLSR

PLSR (Partial Least Squares Regression) enables (Wold et al. 2001):

A use of matrices with more columns than rows .
_ _ _ _ _ m process variables
A calculation of highly multi -collinear variables S x oo Xn
A noisy data s '
° .
B Xy e X 1

PLSR transformation in scores (T) and loadings (P, C):

X=TPIE o / ) &W(P.‘W)lm
T = XW(PW)

Y =TCi+F Y = XB +F

calibration




meateriahamdimethods - PLSR

1st PLSR model;

determining the optimum number of latent O
variables (optlv) by f u rcloosecomp OR o4 —~=—RMSEC
(Wise et al. 2012) 012}
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mea¢eriah@mdimeéthods - PLSR

2nd PLSR model:

A selecting most significant variables u s |

et al. 2000)
A interval = one predictor variable
A type of validation: 10  -fold cross validation

A parameter for evaluatation

error of cross validation ( MNRMSECV )
n/b Al n
b b*_a.(vréCV)'Yi)z ( Y
MNRMSEC¥b ** § |—= * o
i1 n n
where: ¢
b number of blocks (10)
n number of observations (58)
ey predicted IB values
Y real IB values

validation
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r=silifts

1st PLSR model (all 513 predictor variables, 5 LV):
MNRMSECV =5.6 %

2"d PLSR model (21 selected predictor variables, 10 LV):
MNRMSECV = 2.5 %

Predictability of validated PLSR model

0.14
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meateriahamdtimethods

new data records every 20 seconds from real -time database
(Y(new) ’ X (new) )

criteria for recalibration:
t wo thresholds f orapewal ua

A mean of 3 consecutive predictions out of SN
N3 stdev ﬂ \
A MNRMSEP > 10% =] \
feedback
d o é n 6-1
é (ﬁi(p) _ Yi(new))z 5 Yi 0
_ ae _ 0]
MNRMSEP = |[iZL * JHEL e+ 100
d 2" |6
e 0
C =

prediction
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without any recalibration
using 21 selected variables
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internal bond strength [N/mm?]
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ressiistls II

15 most important selected predictor variables:

_ scaled regression coefficien|
variables
A B C D
) distance press system 03 left 1,12 | 0,78 | 1,37
) cooking time chips 0,81 0,98 | 1,35
) distance press system 02 left -0,24 -1,12
press ) distance prepress -0,77
parameter ) distance press system 02 right | -0,56 | -0,69 | -0,74
) usage chips 0,66
raw ) distance press system 05 left 0,56
. exhaustion energy * 0,51
mate“.al ) pressure press system 04 left 0,49 0,23
propertles ) usage sawdust -0,43 | -0,46 | -0,20
discharge screw sawdustfiner * | -0,46
valve position sawdustefiner -0,46
@ distance press system 04 left 0,45
14 | power consumption chips refiner -0,43
(15 ) chips temperature preheating -0,16 | -0,41

prediction




meateriahamdtimethods

calculating adaptable predictor variables X@ by minimizing sum
of squares between p andtargetIB( p®) - based on the
regression equation ¥ =X* B

K@ = arominl X@ * P + X© * gW _ ) f
gg\r( L )

required steps:

A defining target IBvalue (T ® = 1.7 N/mm?2)

A defining uncontrollable predictor variables ( XW) and their
corresponding regression coefficients ( BM)

A adjusting model parameters (regression coefficients (B @)) to
new data

adaptation
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Disocassion

A high number of predictor variables beneficial for predictability of
1B

A low MNRMSEP of 4.8% (similar to literature ~ Andre et al. 2008:
6.2%, Hasener 2004:5.8%) A adequate for process adaptation

A necessary amount of adapting process parameter is low (mean
RMSp = 0. 21)

A all predicted IB values using adapted process variables gained
the target IB value of 1.7N/mm?

A selected variables by IPLS were technologically reasonable

A press parameters and raw material properties were most
Important for IB




Comtlasion

simulation of process adaptation:

A technological interpretation is possible due to variable selection
and regression coefficients

A IPLS is a useful tool for variable selection

A applicable tool to reduce energy and raw material consumption
and minimize safety margins

future research:
A simultaneous modeling of significant panel properties

A verification of simulation within industrial environment
necessary

applicable to other industrial manufacturing processes in
the wood industry
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