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The modeling and optimization of an industrial-scale crude distillation unit (CDU) are addressed. The main spec-
ifications and base conditions of CDU are taken from a crude oil refinery in Wuhan, China. For modeling of a com-
plicated CDU, an improved wavelet neural network (WNN) is presented to model the complicated CDU, in which
novel parametric updating laws are developed to precisely capture the characteristics of CDU. To address CDU in
an economically optimal manner, an economic optimization algorithm under prescribed constraints is presented.
By using a combination of WNN-based optimization model and line-up competition algorithm (LCA), the supe-
rior performance of the proposed approach is verified. Compared with the base operating condition, it is validat-
ed that the increments of products including kerosene and diesel are up to 20% at least by increasing less than 5%
duties of intermediate coolers such as second pump-around (PA2) and third pump-around (PA3).

© 2017 The Chemical Industry and Engineering Society of China, and Chemical Industry Press. All rights reserved.

1. Introduction

Distillation of crude oil is regarded to be one of the most fundamen-
tal processes in petroleum refining and petrochemical industries, where
the crude oil is separated into different products each with specific boil-
ing range. In response to the highly competitive market and stringent
environmental laws, improving the operation level of crude oil distilla-
tion unit (CDU) is essential. In fact, the optimization of CDU system is
beneficial to simultaneously achieve a well-controlled and stable sys-
tem, high production rate and product quality as well as low operation
cost for the economic consideration. Therefore, the engineering design,
control strategy and process optimization of a CDU have been paid at-
tention to improve product efficiency and quality assurance in petro-
leum industry in recent years [1].

As one of the most complicated operations in the field of chemical
separation processes, the operation input and output variables among
the CDU are highly interacted, which undoubtedly increase the difficul-
ty in obtaining and maintaining the optimal operation condition for
CDU. Moreover, the optimal manipulated parameters of CDU have to
be frequently adjusted due to the variation of properties of crude oil
supplied, and the production mode may be also changed over strategi-
cally from season to season. Besides, the oil supply can give rise to
some severe problems in plant management or even lead to the
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shutdown of the CDU on the condition that the specifications of oil
products cannot be reached or the CDU operation is not stabilized. In
brief, it is quite necessary to improve operation level of a complex
CDU system.

In recent years, the research of CDU operation has been focused on
the subject of process control and optimization. Inamdar et al. [2] pro-
posed a steady state model based on (C + 3) iteration variables to sim-
ulate an industrial CDU. The model was first tuned using industrial data.
Then the elitist non-dominated sorting genetic algorithm (NSGA-II) was
employed to solve a few meaningful multi-objective optimization prob-
lems. Case study has shown that the optimal operating conditions,
where the profit could be increased keeping the product properties
within acceptable limits were found by the proposed approach. More
et al. [3] presented the optimization of a crude distillation unit using
commercial Aspen Plus software. Optimization model constituted a rig-
orous simulation model supplemented with suitable objective functions
with and without product flow rate constraints. Simulation study
inferred that the product flow rate constraints sensitively affect atmo-
spheric distillation column diameter and crude feed flow rate
calculations. Based on all simulation studies, a generalized inference
confirmed that it was difficult to judge upon the quality of the solutions
obtained as far as their global optimality was concerned. Seo et al. [4]
proposed the design optimization of CDU using a mixed integer non-
linear programming (MINLP) method and realized the reduction in en-
ergy costs for an existing CDU system. As a meta-model, artificial neural
networks (ANN) trained by historical data were also applied to the op-
timization aspect. With a method of design of experiment (DOE), Chen
etal. [5] proposed a method using ANN models and information analysis
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for design of experiment (AIDOE) which carried out the experimental or
optimization process batch by batch. To maximize a CDU's valuable
product yield under required product qualities, Liau et al. [6] developed
an expert system where ANN trained with production data were used as
the knowledge and the optimal conditions were solved with an optimi-
zation procedure. Motlaghi et al. [7] also designed an expert system for
optimizing a crude oil distillation column where neural networks and
genetic algorithm (GA) were used. Now, the method combining the
data generated by a rigorous model with a meta-model has become a
popular method to carry out the optimization of CDU. Yao and Chu [8]
employed support vector regression (SVR) to optimize the CDU models
constructed by Aspen Plus and revised DOE optimization procedure.
Ochoa-Estopier et al. [9] simulated the distillation column using an
ANN model and then the formulated optimization problem was solved
using a simulated annealing (SA) algorithm.

In the terms of theoretical basis, rigorous models are more accu-
rate than simplified and statistical models. Nevertheless, it is difficult
to combine an optimization algorithm with rigorous models, because
a large number of variables and non-linear equations need to be
solved simultaneously [10,11] which will give rise to great comput-
ing burdens. In considering the industrial application of petrochem-
ical process optimization, a meta-model with desirable fitting
accuracy and generalization is more suitable for optimization calcu-
lation. As an emerging tool combining the strengths of discrete
wavelet transform with neural network processing, wavelet neural
network (WNN) models achieve strong nonlinear approximation
ability, and thus have been successfully applied to forecasting [12],
modeling and function approximations [13]. Therefore, WNN is
proposed to model the CDU unit in this study, which is expected to
simulate it accurately and efficiently. When the modeling of CDU is
finished, operation optimization of CDU becomes the core problem.
In general, for the complex non-linear optimization problem, evolu-
tionary algorithms outperform DOE and SQP in finding global opti-
mal solution. Among various evolutionary algorithms, the line-up
competition algorithm (LCA) is a simple and effective stochastic
global optimization technique primarily due to its attractive proper-
ties, such as parallel evolutionary strategy and asexual reproduction
of individuals [14]. Based on these advantages, LCA is employed to
find the best operation conditions of CDU in this work.

The aim of this study is to investigate the feasibility of combining
WNN methodology with LCA in the area of optimizing operations in
CDU.

2. WNN Model

The procedure for constructing the data-driven WNN model, as
presented below, consists of three main steps. The first step is the
construction of samples used as the knowledge database for the
WNN model. The second step is the selection of the WNN structure
and parameters; the third step is performing the training of the
WNN model.

2.1. Basic WNN

Wavelet neural network, inspired by both the feed-forward neural
networks and wavelet decompositions has received considerable atten-
tion and become a powerful tool for function approximation [15]. The
main characteristic of WNN is that some kinds of wavelet functions
are used as the nonlinear activation function in the hidden layer in
place of the usual sigmoid function. Incorporating the time-frequency
localization properties of wavelets and the learning abilities of general
neural network, WNN has shown its advantages over other methods
such as BPNN for complex nonlinear system modeling [16].

The basic wavelet theory is as follows.

For any function ¥(t) EL2(R) if it satisfies the admissibility condition
[17]:

£y 2
q,:/ O 4t <o (1)

where ¥(t) is the mother wavelet, a double parameter family of wave-
lets created by translating and dilating this mother wavelet:

Vosl) = (5) @

where a is the dilation parameter and b is the translation parameter.
They can be used to control the magnitude and position of ¥(t).

In this work, a three-layer feed-forward wavelet neural network is
designed, it has one input layer, one hidden layer and a linear output
layer as shown in Fig. 1.

Fig. 1. WNN structure.

The hidden layer output is given by

HY = W'X% 4! (3)
where X?=[x],x3,...,.x%]" is the gth vector of input samples, and
q=1,2,...,Q The nodes of input and output layer are set in accordance
with the training data. Hidden layer has h neurons. The connection
weights from the input layer to the hidden layer are hxm matrix W',
and the threshold of hidden layer is a hx 1 array t'. The WNN output
is given by

q_
yi= W2W<HTb> +t? (4)

where y9=[y],y4, ...,y%]" is the gth corresponding vector of expected
output, and g=1,2,...,Q. The connection weights from the hidden
layer to the output layer are nxh matrix W?, while nx 1 array t2 is
the threshold of output layer. It should be noticed that the superscript
in W', W2, t! and t? note the layers of WNN. Note that the above
WNN is a kind of basic neural network in the sense that the wavelets
consist of the basis function, therefore, the scalar parameter and the
translation parameter would be determined by a training algorithm.

In order to take full advantage of the local capacity of the wavelet
basic functions, the performance of WNN which has one hidden layer
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of neurons is measured by total error function, which is described
as follows:

Q n P
E=3 2 () (©)

where e} = Y{ — D, Y{ is the kth component in the gth network output
and D{ is the kth component in the gth network expected output.

The training process aims to find a set of optimal network
parameters. In the previous work, the training of WNN is achieved by
the ordinary back propagation technique. According to the gradient
method, the parameters are tuned by

OE
Wi+ 1) =Wi(l)+n (6)
J J SW}J
A+ )=t +nge )
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where 7 is the learning rate and ! is the current iteration numbers.
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Remark 1. The Morlet wavelet function ¥, ,(x) is often considered as a
“mother wavelet” in the hidden nodes of the WNN,

Wy(x) = cos(1.5x)e~%/2 (12)

We consider different activation functions, e.g. the Sigmoid shown as
follows:

1

Ys(x) = Trer (13)
and the Gauss function is defined as
Vo(x) = e (14)

that are often selected in the hidden nodes of some neural network
(NN) frameworks. Moreover, the profiles of activation functions by
using Morlet, Sigmoid and Gauss are depicted in Fig. 2(a), (b) and (c),
respectively.

2.2. Modified WNN

The WNN is trained comparatively slowly while calculating the sam-
ples one by one without any numerical optimization method. Recently,
some work was devoted by introducing evolutionary algorithm, such as
particle swarm optimization (PSO) [18,19], to initialize the parameters
of WNN for accelerating the training process of WNN. However, the
number of parameters in a practical WNN is up to dozens or even hun-
dreds, which is difficult for evolutionary algorithm to carry out the opti-
mization. In our approach, the numerical optimization algorithm,
namely Levenberg-Marquardt (LM) algorithm, is introduced into the
training process to accelerate convergence of WNN parameters. At the
same time the training mode is changed into batch mode, which adjusts

1.0
(c)

=205 |
0.0 1 1 1
3 0 3

Fig. 2. Profiles of (a) Morlet, (b) Sigmoid, and (c) Gauss function.
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the parameters of WNN by calculating all the samples. Referring to the
Levenberg-Marquardt algorithm, the updating law for the matrix W'
and W2, the arrays t', t2, a, and b are shown as follows:

st =si— | (s0J(s) +pd ™ T (s)v(s) (15)
with

My g =0y if Epq <Ej (16)
My = /0 if Epq2E) (17)

where 6 > 1 is an adjusted parameter and I is a unit matrix. The vectors
s and v are defined as

T 1 1 1 2 2 2
st = [WH,...,wh‘m,t],...,th,al,...,ah,b1,...,bh,\/\/{1,...,wn7h,t ,...,tn]

(18)
vi= [e},...,e},,e%,...efl,...,e‘ll,...,enQ (19)
and the Jacobian matrix of the network is given as
[ Q] el el de] ]
owj, owj, ow, 0t
dey e ey Oe)
a"‘{},l a"‘f},z ) avv}nm at} )
R I Y I I 20
owj, owj, owy 0t
de?  0e?  0de?  0Oe?
owi, owi, w9t

It is noted that s is solved by Eq. (15), elements of s are allocated to
the W', W2, t', 2, a and b which are used to recalculate the total error E.
The parameter p is updated by Eqgs. (16) and (17).

Remark 2. Comparing with the back propagation technique for train-
ing the network, the parametric updating law by Egs. (15)-(17) is
used to enhance the convergence rate of the iteration while the param-
eter uis updated by adjusting 6. Regarding the BPNN model using Sig-
moid function and the Gauss function in RBFNN, they usually use the
gradient method to update the weights.

3. Process Optimization

If the proposed WNN model can precisely predict the operational
model of real CDU, then it can assist to simplify the complicated process
model and improve the solvability of the constrained optimization
problem.

3.1. Optimization model

Referring the optimization issue for the CDU, the constrained opti-
mization model for the CDU process is formulated as

mgx J = Zy;cprod‘jFprod,j_Cst (21)
subject to
y =d(x,s) (22)

mvy, £X < MVy,

23
PSib =Y = PSup @)

where the objective function ] represents the net revenue. Cproq; and
Fproqj are the price and flow rate of product j respectively. The amount
of the steam, Fs used in the process operation multiple its price, Cs,
represents the energy cost. @ is the WNN model of CDU modeled by
our approach, and this model is a combination of nonlinear algebraic
equations where the vector parameter s is estimated by the updating
law by Egs. (15)-(20). mvy, and mvy, are the lower and upper bounds
of process inputs x. psq, and ps,p are the lower and upper bounds of
process outputs y. Constraints by Eq. (23) are specified according to
the real process operating conditions.

3.2. Line-up competition algorithm

Regarding the above WNN-based optimization model, the LCA algo-
rithm [20,21] is adopted to solve this constrained optimization problem.
In the LCA, independent and parallel evolutionary families are always
kept during evolution, each family producing offspring only by asexual
reproduction. There are the two levels of competition in the algorithm.
One is the survival competition inside a family. The best one of each
family survives in each generation. The other level is the competition
between families. According to their values of objective function, fami-
lies are ranked to form a line-up. The best family is located in the first
position in the line-up, while the worst family is put in the final position.
The families of different positions have different driving forces of com-
petition. The driving force of competition may be understood as the
power of impelling family mutation. By the above two levels of the com-
petitions, the first family in the line-up is replaced continually by other
families, accordingly the value of its objective function is continually up-
dated. As a result, the optimal solution can be approached rapidly.

The above two levels of competition in the algorithm can be
illustrated in Fig. 3. It is seen that a two-dimensional search space is
occupied by four families, each consisting of five members. Afterwards,
all the members in each family compete with each other. The member
having the best objective value is chosen as the candidate of this family
to strive for a better position in the next line-up.

Search Space

| ——— Family

Father

| " Offspring

-
_‘
|

|

|

Fig. 3. Mapping diagram of LCA.

The LCA includes mainly the four operating processes: reproduction,
ordering, allocation of the search space and contraction of the search
space. The calculation steps are detailed as follows:

Step 1. Assign the numbers of evolutionary generation, individual and
family, Ng, N; and Nj, respectively. Initialize the starting evolu-
tionary generation counter g as 1.

Step 2. Uniformly and dispersedly generate Ny individuals, so-called
families, to form the initial population.

{Pgml’g,z, ---7Pgw,}, g=1 (24)
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The fth individual in the gth generation consists of N. decision
variables as follows:

Therein, the value of P fcan be assigned randomly between Ly and
Uo

péf:Lgf-’-)\Agf, g:17C:1,,Nc,f:1,,Nf (26)

where Ag ;= mvg,—mvf, (g=1) represents the initial scale of the
search interval for cth decision variable; 1 is an random number that
ranges from O to 1. The scale vector of the fth individual is thus defined
as Ag = [A g -e AFS

Step 3. Compute the corresponding fitness value for each individual.

Yer=0(Pg), f=1,....N¢ (27)

Step 4. According to the fitness values, the individuals are ranked to
form a line-up. For the problems of global minimum, the line-
up is an ascending sequence. Otherwise, for the problems of
global maximum, the line-up is a descending sequence. Sort
the individuals. For the minimization problem, the individuals
will be sorted in ascending order. Conversely, the individuals
will be sorted in descending order for the maximization
problem. The sorted individuals are expressed below:

(PesYes)s  F=1,0N (28)
Step 5. Allocate the associated search space proportionally for each in-
dividual according their position in the line-up. The first one in
the line-up will be allocated the smallest sub-space, while the

PA2

PA1

Crude oil

feed Desalter

Preheat Preheat

last one will be allocated the largest sub-space. The lower
bound Lg y and upper bound Ug  of the cth decision variable in
the sub-space is calculated by

fags
L= max(pg_f— N, LG (29)
c . c ng“f c
Ug-f = min| py;— 2N; Uo (30)

where Ag,f = [A;-,ﬁ Aé‘f, e Agﬂ is the new size variable after

ordering.

Step 6. Through asexual reproduction based on the most diversity, each
individual, so-called father, reproduces N; offspring within its
search space. The manner that the offspring are produced is
same with the way in Step 3.

(f)g,f,iyg,f.,i)s i=1..N; (31)
Step 7. For the fth individual, the N; offspring together with their father

compete with each other, and the best one survives as father in
the next generation.

(Pg'f,yg_’f) = max{f/g,f,?g‘fj}, f = 1,2,...,Nf,l' = 1,2,...,N,‘
(32)

Step 8. Contract the largest sub-space
Agir—Bhg (33)

where (3 is the contraction factor which can be set between 0
and 1. If g<Ng, then go back to Step 6, or else stop the iteration.

Condenser

e

37 NAP

Q)

KER

Steam

AGO

train 1 train 2 Furnace AS
Steam p <4 >

Fig. 4. Crude distillation unit (CDU).
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Table 1
Input specifications of the CDU process

Item Lower bound  Upper bound Base case  Units
Column bottom temperature 359 366 365.03 °C
Column bottom steam 1.5 35 279 t-h™!
DIE flow rate 20 36 24.46 t-h™!
KER flow rate 22 36 29.25 t-h™!
AGO flow rate 90 110 94.91 t-h™!
PA1 flow rate 230 270 241.90 t-h™!
PA2 flow rate 220 260 246.02 t-h™!
PA3 flow rate 320 360 355.66 t-h~!
RES flow rate - - 355.07 t-h™!
Furnace duty - - 31.75 MW
PA1 duty - - 4.83 MW
PA2 duty - - 6.10 MW
PA3 duty - - 11.56 MW

It is very important to choose a set of appropriate control parameters
for decreasing computing time and increasing quality of solution.
The LCA includes three parameters in all: population size (Ny), number

of reproduction (N;) for each family in each generation and contraction
factor (B).

Larger Nrand N; provide generally high quality solution, but may re-
sult in a longer computing time. Small ones can speed up the conver-
gence rate, but may result in trapping in a local minimum. We have to
trade between the computing time and solution quality.

Contraction factor influences strongly on solution quality and
computation time. Based on our computing experiences, for a diffi-
cult problem, the global optimal solution can be obtained only when
0.9<p<0.99.

4. Case Study
4.1. Process description

Referring to the specifications of a CDU system in a real refinery in
Wuhan, China, the crude oil at 40 °C and 300 kPa with flow rate of
569.6 t-h™! (702.2 m3>-h™ ') is fed into the CDU, which consists of the

preheat train, the main tower, one condenser, three pumparounds
(PA1, PA2, PA3) and three side strippers. Steam at 300 kPa and 400 °C

(a)

1.2

1.0

0.8 -

Training error
o
()]
T

0.0 &= " 1 R 1
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—&— Our work
—a&— RBFNN

o] 5 10

15 20 25 30

Calculation number

(b)
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0.4 -
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0 5 10
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Calculation number

Fig. 5. Identification of CDU using BPNN, modified WNN and RBFNN: (a) training errors, (b) validation errors.
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is used as a stripping agent in the main column and strippers. Five
products including naphtha (NAP), diesel (DIE), kerosene (KER),
atmospheric gas oil (AGO), and residue (RES) are exhausted at different
stages. Fig. 4 shows the CDU system, which can be simulated in Aspen
Plus environment. The process inputs (x) include the steam flow rate
and temperature of steam at the bottom of the column, flow rates of
DIE, KER, AGO, PAT1 (first pump-around), PA2 (second pump-around),
and PA3 (third pump-around). The process outputs (y) are ASTM D86
100% point of DIE, ASTM D86 95% point of AGO, RES of CDU, furnace
duty, and duties of PA1, PA2 and PA3.

4.2. Identification

The independent variables are randomly varied between their upper
and lower bounds to ensure the full exploration of the search space.
Table 1 shows the upper and lower bounds of the independent vari-
ables. The bounds of each variable is specified according to the real pro-
cess operating conditions of the CDU. 500 feasible scenarios, in the sense
of leading converged simulation, were generated to build WNN distilla-
tion column model. The purpose of this case study is mainly to enhance
the profitability of the CDU process via optimizing its operation. WNN
structure is created to finish the modeling and identification of the
CDU. To validate the approximation ability of WNN, BPNN and RBFNN
are also constructed to model the same CDU system for comparison.
The structure of NN comprises 30 neurons in the hidden layer. 350 sce-
narios of 500 converged simulation scenarios are used to train the three
networks, and the rest 150 scenarios are used to validate the trained
networks. A comparison of the identification performance (training
and validation) of the modified WNN using Morlet function (our
work), the BPNN using Sigmoid function and the RBFNN using Gauss
function is depicted in Fig. 5(a) and (b), respectively. Apparently, the
training and validation errors of the modified WNN are smaller than
other approaches. The modified WNN, BPNN, and RBFNN use the similar
network structure, which contains one input layer, one hidden layer and
one output layer. It is verified that the activation function embedded in
the hidden layer, which extraordinarily affects the ability of approxi-
mating the complex nonlinear system and extracting the nonlinear
characteristics of it. In this case, the sigmoid function used in BPNN is
not orthogonal which may lead the slow convergence rate. However,
the Morlet function in WNN is orthogonal which reduces the redundant
part. Moreover, Fig. 6 shows that the identified WNN model provides

DIE D86_100/°C AGO D86_95/°C

230 F 420 F
g g
o o 390
E 200 | E
=z (o z
Z ¢ Z 360 |
= r =
210 - 330 |-
1 N 1 N 1 1 N 1 N 1 1
210 220 230 330 360 390 420
Rigorous model Rigorous model
PA2 Duty/MW PA3 Duty/MW
o 6.4 | o) 125
o o
g g
12.0 [
% 6.0 | %
= =
3 115 [
5.6
1 N 1 N 1 11.0 N 1 N 1 N 1
5.6 6.0 6.4 11.0 115 120 125

Rigorous model Rigorous model
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Table 2

Output specifications of the CDU process
Property Lower specification ~ Upper specification ~ Base case  Units
NAP D86_5 70 85 78.30 °C
DIE D86_5 150 170 159.08 °C
KER D86_5 180 200 188.37 °C
AGO D86_5 240 260 246.1 °C
NAP D86_100 160 180 174.23 °C
DIE D86_100 200 220 211.94 °C
KER D86_100 - 300 273.77 °C
AGO D86_95 - 360 333.50 °C

Table 3

Feed, product and utility prices
Item Price Units
Naphtha 6800.0 CNY-t~!
Diesel 6900.0 CNY-t~!
Kerosene 6300.0 CNY-t!
Atmospheric gas oil 6100.0 CNY-t~!
Residue 4000.0 CNY-t~!
Industrial power 0.989 CNY-kW~!-h
Stripping steam (300 °C, 400 kPa) 752.27 CNY-t~!

the high accuracy to predict the outputs of the CDU process as compared
with the rigorous model in Aspen Plus.

4.3. Optimization

Based on the identified WNN model, the input/output specifications
of the CDU process in Tables 1 and 2 and the prices of the products and
the operating cost list in Table 3 are taken into account for the
constrained optimization problem. A comparison of the LCA, GA and
PSO for solving the same problem has been done here. For fair compar-
ison, function evaluations in each iteration of the three algorithms are
set to 150, the corresponding other detailed parameter settings for the
algorithms are given in Table 4. Fig. 7 shows the results of the three al-
gorithms. It is clear that the values of the objective (J) by using LCA, GA
and PSO increase very fast in beginning few generations. At the same
generations, the profit predictions reveal that the value of LCA is higher

Furnace Duty/MW PA1 Duty/MW

34 [ 56 F
T T D,
54 |
Bast 8
IS g
b4 [ = 52
Z 32+ z L
= =50}
31 r
48 |
1 L 1 L 1 L 1 | Y [T I |
31 32 33 34 48 50 52 54 56
Rigorous model Rigorous model
RES Flow/MW
360 [
3
S 350
€
z
Z 340 |
=
330
1 L 1 L 1 L 1
330 340 350 360

Rigorous model

Fig. 6. Validation of CDU using the modified WNN.
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Table 4
Detailed parameter settings for LCA, GA and PSO

Algorithm Parameter Value Evaluations/generation
LCA Family number 10 150
Offspring number 15
GA Population number 150 150
PSO Particle number 150 150
258
7l S
Yoo emeet LCA
- ---GA
! - =PSO
256 - )
|
g . LI
O 255 |
a |
|
254 ||
|
|
253 Hf
252 1 1 1 1
0 10 20 30 40 50

Generations

Fig. 7. Profit predictions of CDU using LCA, GA and PSO.

than those by GA and PSO. Moreover, Table 5 indicates that all input/
output differences between the WNN model and the model in Aspen
Plus are less than 0.54%. It is verified that the optimal operating condi-
tions obtained by the WNN-based optimization approach are reliable.
The input and output patterns of the CDU with regard to base and opti-
mal conditions are shown in Fig. 8(a) and (b), respectively. As compared
with the base conditions, the optimal operation increases the produc-
tion of diesel, kerosene, and atmospheric gas oil by 22%, 25% and 10%, re-
spectively. The corresponding duties of furnace, PA1, PA2 and PA3
increase 10%, 17%, 8%, and 3%, respectively. Apparently, the performance
of the CUD is improved by increasing a few duties of coolers. Conse-
quently, the proposed approach based on WNN and LCA can reduce en-
ergy consumption in regard to the increments of oil products. In
addition, by introducing different operation and property constraints
into the optimization model, the new operational scheme with different
product distributions can be obtained easily.

Table 5

Comparisons of the WNN model and process model at optimal operating condition
Item Optimal results Verified results Error/%
DIE D86_100/°C 219.98 219.26 0.32
AGO D86_95/°C 359.99 361.95 0.54
RES flow rate/t-h~' 335.21 334.76 0.13
Furnace duty/MW 33.79 33.79 0.00
PA1 duty/MW 5.56 5.57 0.18
PA2 duty/MW 6.53 6.51 0.31
PA3 duty/MW 12.06 12.08 0.17
Profit x 10™4/CNY 257.63 257.45 0.07

Optimal results: the optimal operating conditions predicted by our WNN-based optimiza-
tion model.

Verified results: the actual simulation results obtained by the CDU model built in Aspen
Plus for verifying optimal operating conditions obtained by the proposed WNN-based op-
timization model.

(a)

Column bottom temperature

= ase case
Optimized result

Column bottom steam

/

PA3 flow rate 12

PA2 flow rate —— DIE flow rate

N

KER flow rate

PAT1 flow rate

AGO flow rate

(b)

RES flow rate

=H=-Base case
1.2 =@= Optimized result

Furnace duty

PA1 duty

PA2 duty

Fig. 8. Radar plots for comparisons of base and optimal conditions of CDU: (a) output flow
rates of coolers and products, (b) duties of coolers and furnace.

5. Conclusions

This study proposed a methodology using the combination of WNN-
based optimization model and LCA to model and optimize the operation
of crude distillation unit. The main results of this article are summarized
as follows:

(1) A WNN model of CDU is constructed, where the Levenberg-
Marquardt algorithm is introduced into the WNN to speed up
the training procedure.

(2) Based on the WNN model of CDU, an economic optimization
model for crude oil distillation process is built under prescribed
constraints.

(3) A practical framework combined with WNN-based optimization
model and LCA is presented for optimizing the complex opera-
tion of non-linear CDU.

Case study result has shown that the optimal operating condition ob-
tained by the proposed approach can increase the yield of high valuable



products and reduce the energy consumption as compared with those in
base operating conditions, therefore, increasing the total profits of the

CDU.

Nomenclature

a dilation parameter

b translation parameter

Cprodj  prices of products, CNY-t ™!

Cs prices of stripping steam, CNY -t~

Di kth component in the gth network expected output
D! vector of gth corresponding vector of expected output
E error function

el vector of gth sample error

Foroaj  flow rates of products, t-h™!

Fs flow rates of stripping steam, t-h™!

H? hidden layer output

h number of neurons in the hidden layer

1 unit matrix

J(s) Jacobian matrix of the network

Lo lower bounds of variables in LCA

[3(R) Lebesgue square integrable function

m input number of neural network

mvp lower bounds of manipulated parameters
MVyp upper bounds of manipulated parameters
Ng numbers of evolutionary generation

N; numbers of individual in each family

Ny numbers of family in each evolutionary generation
n output number of neural network

obj constrained objective function, 1 x 10* CNY
P population in LCA

P newly generated population

DSib lower bounds of product specifications, °C
DSub upper bounds of product specifications, °C
Q number of input samples

RBENN  radial basis function neural network

S reshaped vector of network parameters

t threshold of neurons

Uy upper bounds of variables in WNN

w weight of connected neurons

X1 gth vector of input samples

X manipulated parameters

Y fitness value of individual

Y? vector of gth network output

Yi kth component in the gth network output
Y newly calculated individual fitness

y ASTM D86 point of specified products, °C
B contraction factor in LCA

A scale of the search interval

i learning rate

0 factor in Levenberg-Marquardt algorithm
A random number that ranges from O to 1
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u parameter in Levenberg-Marquardt algorithm
] formulation of WNN model
(t) wavelet base function
Subscripts

g evolutionary generation counter
l current iteration number

1b lower bound

prod product

S steam

ub upper bound
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