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Abstract—Measured process data are usually containing random errors and gross errors. These measured
data do not satisfy process constraints such as the mass and energy balances that describe a process. For
the use of these error-contained data in process analysis and optimization, the preprocessing steps such
as gross error identification and elimination, and data reconciliation(data rectification) are prerequisite. The
existing methods are based on mathematical and statistical techniques, but recently neural networks were
investigated for data rectification. In this study, autoassociative neural networks(AAN) and robust ANN(RAAN)
were applied for the data rectification of process data of CSTR. The performance of RAAN proved to be
superior to that of AAN in the data rectification. We conclude that the use of AAN and RAAN appears
to be a promising tool for data rectification.
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Fig. 1. Architecture of autoassociative neural networks.
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2-2. Autoassociative Neural Networks
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2-3. Robust Autoassociative Neural Networks
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Table 1. Physical data and uncorrupted measurement val-
ues for CSTR example

t=60 s R=1.987 cal/(mol K)
Cy=5,000 s7! AH,= —5,000 cal/mol
C.1=1,000,000 s? p=10 g/L
Q;=10,000 cal/mol C,=1,000 cal/(g K)
Q-1=15,000 cal/mol Ay=0.9 mol/L
By=0.1 mol/L To=427 K

A=0.474 mol/L B=0.526 mol/L
T=429.128 K

o] Alawl& 2ulFgdle] 71 vl WA A

ez AAgehn et 2 A el Be BEel
R
dA 1
— =—(A—A)—kA+k-B=0 (5)
dt T
1
dt ot
T 1 —AH,
a ot pC,»

o] Alz=le] Ea]F dolelg} thg WS IS
3zhe Table 1o viehigich

H oAb Aol A 10070 AE2] FHXE e o}
, ZH7te) dwEEe H4ste] Ans Fakgch 7
A vhest e bl o Tkl

Zo—X+te+d (8)

“1°

o37]1 4 x+ Table 1o Jebd 3 ghol™, ei= random

error, d¥= gross errorg vtepdt} Gaussian random
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0.1(z+ ) <18 Szt & 9
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AN 7MY F& AsE Bl FEE A9
AHg-3hsich
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&5 RS 10072) AEZ, gross error: X33 d
o]E} 5 20070¢) AEE FAste] BF 3007)9] AEZ
TAR &HARE oty AHele 100744 2}
g AEE o]&sgc) o] Afole Y Azl H¥
3= 292 72 YRS 5 99 random er-
rordt 238 3t A8 23 AARE TG 94
o] 7hA ARG FE2 et QDS bRl
£ 4SS 29 T2E AYste AMgsiedch

7} AAN®] Ad5e A 2318 7Aas HAER
bl ohe3 e Aoz Akl e17].
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olr 2

rlo

% AA 2} QHL:E;;-E—%xwo (10)

1
/6
E,= = (ij‘Zoj)sz

6
E=vV L (3*—z)S

=1

~

714 E, % E;x= %719} 2|% root mean square 2
o)t z,, z, x*& 247 FAA, A, AT HAH F
HAolct PHA st Z HEE 2AUdR e e

38123t H33H HSE 1995 108

Table 2. Performance results of data reconciliation by
AAN with the data containing no gross errors

Learning stage Recall stage

Sum of squared error 11.80 12.84
Average error reduction 63.73 64.99
Standard deviation 17.94 18.77
Max. value 92.81 93.22
Min. value 16.98 23.69

*Architecture of autoassociative neural networks: 6-12-1-
12-6

Table 3. Performance results of gross error detection by
AAN

Learning Recall stage

N _—
umber of gross error stage 0 1 2

Sum of squared error 30.04 994 11.05 10.72
Average error reduction 8335 82.12 88.61 91.65
Standard deviation 1750 18.12 1586 12.95
Max. value 99.83 99.83 99.86 99.87
Min. value 10.88 29.65 40.10 42.69

*Architecture of autoassociative neural networks: 6-12-1-
12-6

ek,
4. @z o 1@

Z+ AAN2] A%& CSTR A|&"el 100719 F2}9)
23 ol & H 43l vjasigdch. FAX = A
A At ®l random error A W o2 Tt 7
7o) Aol FxeA, AGA A dHolEe
Z 712 random number seedE AHg-3}ed 7He A 3]
£ WA A F

= A}, gross error7t E£3H A 32 dlo]E]¢] data re-
conciliation®] 7 #}= Table 29} e}, 6-12-1-12-69] Al
A% F2E o]4¥ st AddAe} SSEsh 7zt
11807} 12.84 2 v]3te shego] A2 o] FolH &
o ¢ gtk 23 7ol Aol g dARG A
gA7 23 o $503 435 Rolw gith ey
gross errorg Y31 gle XA 7 JH=HAE A
Lo olol thAstA] Hahe WAHL A ik o
214 gross errorg E T Sl FAAC dHM=
SEHo2 tAsts] )8l gross errorel] HE HEE
AAvpell F7] $18l, gross error7t £FE AU F
Az} ghgpo) &7Hch

Gross error7} £ &5 dlo|ele] el & =] AANE
o] &3 799 Az Table 33 2t} 6-12-1-12-69]
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Table 4. Performance results of gross error detection by

Robust AAN

Learning Recall stage

Number of gross error
gr stage 0 1 2

Sum of squared error 3401 1198 1221 1347
Average error reduction 9258 92.84 9549 96.40
Standard deviation 6.38 584 421 399
Max. value 99.79 9998 99.81 99.84
Min. value 5860 7297 7539 75.39

*Architecture of robust autoassociative neural networks:
6-20-1-12-6

A7 FxAA T A AE AES FE 300,
AL A A= 100782 2p8 A EE o]t s
g4 200712] A E& gross errorzt 1704 Z3HE
Ao 2 FAslgc). AMNE AR, gross error’}
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gross error® 57} WolAFE 21 e A7}
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ZolEe], dAF o g gross error?} A3 A A=
+% 9% 7 9k
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o] %9 Fx(1-12-6)& ulgto 3 3t Robust AAN
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¢ 5% A3E B 7 E A AT A5 A
27} o] FoiF &S ¢ & stk
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SE A7k o8 AR dvdodA & o AAN
Br} $5% 243 72 § US4 5 stk =%
EAEE 1 9 by Bdg o83 ¥rAME
2715 glo]E{utS o]&5}e] data reconciliatione] 7}
53 & 5 Adda, G4 EASH AEE o83k
AAAE 7)E9 &g A Ex F§s A
&hed $4°3 gross error detection ¥ data reconcilia-
tion 59 A& e E7 2 o]4d 5 ok A7t

5.8 £

CSTRY} FAdo]E o) £&= random 2 x}9} gross
2.2HE 91 FA1 7 & o]8-3F data reconciliation>} gross
error detection W . & &}l £ Ay} o}L3} e
AEE 95 F e AR, AFAHGE o] 4511
SAEA 7Yl AHgshs w3tA ndg o] 43
%7] W& i whgo R Fglel sk $&
AAE T8 5 ik AR, AT A$
3] da]FAM 83k FA%H HEE AM-EA
UM E A} Ao Y53 AAE ek

Z, FAIAwE o] 4381w 7]E9 reconciliation %
gross error detection ¥z 2] Fell X of= de] 2|25
52dg o) 43lA] ok, A AR o) g3k 1ty ut
o g AgMel F2 FHXE d& F Uk wepA
o]2gt 412 o] 2 Hlo|E| & o] &3] FH o] mdgy
2 FH3}el] o] o 2N FHNGTS FAAIIEH =
% F oE Uit AAR AFAAFE &
slo] UF FAHLZHE] Y dio]EulE o] &3l FAE
zdgdsln #HHssled o)A 1]. zet of
A e dolele AHAE Foled Jagdt data
reconciliation % gross error detection $2] A3 3
215 AR 43 2l o] &3] wEell A
dlo]eld] 27} 2k /1SS 35 AAF
2do] AA FAF zte]E Ml & Uk AT 5
gtk 1elung olz|g dlojEukE ol &3t FAE
s A 5 ole AFTAVALY HA= @
A 24 autoassociative 1-FA17d WS AHE-31e] dlolE]
o} Alg| A& =olA Hobwd AA FAE Fr] A
BAalstz 9@ 4 A o248 FAHY A3
e Tgo] ®H 4 g Heg i)

x:

i o

k-2

E :sum of squared error, Eq. (4)
E,, E; : total error in(scaled) data before and after re-
conciliation
:number of bottleneck nodes
: mapping function, Eq. (1)
: demapping function, Eq. (2)
: number of input-output variables
1 :number of nodes in mapping layer

28 -om™

> :number of nodes in demapping layer
:number of measured variables

=3

: vector of true measurement

o

: input measurement vector
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el - AU -

Y' :filtered measurement vector
z : vector of variables of which measurements are
available
azlojlAa 22Xt
d :vector of systematic errors
e :vector of random errors
B K}
s  :scaled value
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