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Data reconciliation for Multicomposition Processes
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Abstracts In chemical processes, measurement errors reduce the credibility of information and cause inconsistency in material and
energy balances. Because multicomposition flows and temperature measurements make material and energy balances nonlinear
equations, data reconciliation becomes a nonlinear constrained optimization problem. In multicomposition processes, if we follow
general optimization procedure, the number of measurement variables is so large that data reconciliation requires much computation
time. We propose the decomposition procedure to reduce the computation time without the decrease of accuracy of data reconciliation.
Decomposition procedure finds global variables, that can reduce the nonlinearity of constraints, and divides two sub-optimization
problems. Once we optimize the global variables at upper level, we can easily optimize the remain variables at lower level. We can

obtain the short computational time and the same accuracy as SQP optimization method.
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Table 1. Number of measurement variables and equations
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Fig. 2. Data reconciliation using decomposition optimization
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Table 2. True measurement values and coefficients of Cp
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1 2 3

F 4 6 10

T 318.15 | 361.11 | 348.15

X1 000 166 100 2327 | 228 | 1.17

X2 150 017 070 2472 [ 242 [059

X3 030 396 250 23.92 | -51 8.93

X3 200 117 150 26.45 | -23 10.16

Xs 070 153 120 2447 | -22 10.19

X5 150 050 1090 2203 | 1.26 | 1020

X7 250 0350 130 340 | 70 0.10

Xs 150 050 090 3730 | .7.84 | 21.16
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Table 3. Result of data reconciliation by decomposition and SQP

methods
=3 =2 7k | Decomposition | SQP
W Bz B2
Stream 1 | F 3.0941 2.8024 2.7810
T 32229 | 32231 322.25
X, 0.0001 0.0001 0.0001
X2 0.1545 | 0.1275 0.1295
X3 0.0265 | 0.0260 0.0272
X4 0.2374 | 0.2150 0.2169
Xs 0.0942 | 0.0926 0.0910
X6 0.1731 0.1457 0.1418
X7 0.3526 | 0.3563 0.3578
X3 0.0821 0.0762 0.0783
Stream 2 | F 6.5366 | 6.3842 6.4244
T 359.84 | 360.90 360.82
X, 0.0891 0.1227 0.1202
X2 0.0196 | 0.0194 0.0196
X3 0.2249 ] 0.2191 02216
X4 0.1271 0.1277 0.1308
Xs 0.1574 | 0.1736 0.1717
X6 0.0458 | 0.0421 0.0430
X7 0.0631 0.0673 0.0664
X 0.0618 | 0.0649 0.0633
Stream 3 | F 8.5948 | 8.8899 8.9388
T 350.02 | 349.32 349.32
X, 0.1019 | 0.0882 0.0865
X2 0.0387 | 0.0541 0.0544
X3 0.1269 | 0.1656 0.1677
X4 0.1376 | 0.1595 0.1615
Xs 0.1717 | 0.1539 0.1517
X6 0.0533 | 0.0762 0.0750
X7 0.1562 | 0.1607 0.1591
X 0.0686 | 0.0706 0.0700
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Table 4. Comparison of Decomposition and SQP methods

Decomposition SQP #

W
23 g4 12.418 12.119
=3 g4 dAMEs | 127.400 4169.200
CPU A T¥(sec) 43.866 1635.122
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