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Abstract—Simulated moving bed chromatography (SMB) is
a proven and efficient separation tool for the complex
separation needs of a variety of industries. On the basis of
analysis on the SMB chromatographic separation, the
appropriate indexes were selected to optimize and control the
separation process. Taking the component purity and yield of
extract and residual solution as prediction objects, the
soft-sensor modeling was conducted based on online sequential
extreme learning machine (OS-ELM), online sequential
reduced kernel extreme learning machine (OS-RKELM) and
regularized online sequential extreme learning machine
(ReOS-ELM). The results show that different limit learning
functions can effectively realize the accurate prediction of key
economic and technical indexes, and can meet the real-time,
efficient and robust operation of SMB chromatographic
separation process.

Index Terms—SMB chromatography separation,
Soft-sensor modeling, Extreme learning machine, Online
sequence ELM

I. INTRODUCTION

MB chromatography is a new separation technology

with broad application prospects [1], it simulates
counter-current flow between the two phases through
periodic operation of multiple columns to achieve
continuous feed supply and product removal [2]. The SMB
chromatography separation mechanism is complex, the
parameters are numerous, it is difficult to run at the best
operating point for a long time [3]. Due to the limitations of
field conditions and the lack of mature detection devices, it
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1s difficult to obtain the key economic and technical
indicators, and it 1s difficult to realize the direct quality
closed-loop control [4-5], while the soft sensing technology
can effectively realize the prediction of key indexes in
complex industrial processes [6].

Extreme Learming Machine is a network with single
hidden layer proposed by Professor Huang in 2006 [7-8]. In
Ref. [9], a new damage identification method for aircraft
composite structures based on I-ELM was proposed to solve
the problem of difficulty in effectively identifying aircraft
composite structures. Ref. [10] introduced the idea of online
learning on the basis of IF-ELM algorithm and proposed the
algorithm of IFOS-ELM without inverse matrix. After
calculating the appropriate number of hidden layer nodes,
new data was added to enhance the real-time learming ability
of the algorithm. Ref. [11] proposed an improved version of
EM-ELM based on regularization method, namely IR-ELM.
It can quickly and recursively update output weights as new
hidden nodes are added. In Ref. [12], OS-ELM algorithm 1s
improved {rom the aspects of non-Gaussian noise robustness
and hidden layer structure sparsity, and is applied to channel
balancing of OFDM system. Ref. [13] proposes an online
sequential reduction kernel extreme leaming machine
(OS-RKELM). It can avoid the tedious fine tuming. Ref. [14]
proposes an improvement of OS-ELM based on
dual-objective optimization method. This method minimizes
the empirical error and obtains a small norm of network
weight vector. Deep learning techniques can be used to
process large amounts of data and achieve better results.
However, these methods lead to long training times, and
prediction accuracy is also important.

This paper presents a soft sensing modeling method for
SMB chromatographic separation process based on online
sequential extreme learning machine. The rest is arranged as
follows. In Section 2, the SMB chromatographic separation
process 1s described. Section 3 introduces the online
sequential extreme learming machine. The forth section
carries out the simulation experiments. Finally, the
conclusion of the paper is given.

II. PRINCIPLE REVIEW AND MODELING

The SMB chromatographic separation techmque aims to
mimic the motion of the stationary phase adsorbent by
continually alternating the positions of the feed and
discharge ports. This method employs a loop configuration
composed of multiple interconnected chromatographic
columns. By sequentially moving the raw material inlet and
the raffinate outlet in the direction of the mobile phase, SMB
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Using the Moore-Penrose generalized inverse matrix
calculation method, the generalized inverse matrix of Ny is
8
Ny .
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(2) Online learning phase
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model after the completion of the initialization stage, then
the updated output weight meets the following requirements:

Had
1 1
According to the calculation method of generalized

inverse and the least square method, it can be calculated:
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Through the generalization of the above process, it is
assumed that the current output weight has been updated for
k time to obtain 5, and K, . Whenthe N, data enters the
model, the following recursive formula is established:

Therefore, formula 5 =X;" can be

written as:

Kin :Kk"'HgHHkH (1D
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According to Woodbury's formula:
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Let K¢\, =P, , then the online update method of
O5-ELM is as follows:

1
Pfc+1:Pfc*PJcHgA(IJFHmPJcH;’AT H.,p 14
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The above derivation process is the algorithm principle of
OS-ELM. Firstly, it initializes the output weight of OS-ELM
through £, few training samples. After the initialization, it
enters the online sequential training stage and adjusts the
output weight through some online samples that enter the
model in real time.

B. Online Sequential Reduced Kernel Extreme Learning
Machine (OS-RKELM)

In numerous real-world scenarios, data often arrives in
block after block (note: The arrival of data samples one after
another is a special case of block after block) or in sequence.
In addition, GKLLEM, like most batch leamning methods,
does not handle big data well when the data set is scaled up.
Therefore, OS-RKELM, an online sequential simplified
kernel Extreme learning machine (OS-Rkelm), 1s proposed.
Given a large initial training set

{ npery!
@0: Xl’tiniER ’tzeR =

Where, L mapping sample X; is randomly selected from
the training set, and the initial output weight is:

pY =z KT, (16)

where, Z, = 1/C+KgK o, Ky = x(X. X, ).
Suppose another data block @, = §(X,.2, )}?i“j:;rjill isarrived,

where N tepresents the number of data samples in the new

data block arrived, then the output weight £ U js.
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For sequential learning, ﬁu) will be expressed as a
function of ﬁm), Z,, Ky, and T,. Now Z; can be written
as

I K
ZI:E+[K§ K{[KﬂzﬁKf’KI (18)
K, [T
0 ’ :KOTO"'KlTTl
K14
=77 KoKy +KI T, (19)

= (z1 ~KJK, )5(0) +KIT,
= Zlﬁ(o) _KITKIﬁ(O) +K{T
Substitute Eq. (18)-(19) into Eq. (17), and AY is derived
from the following formula:
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Tn general, when (k+1)—th block of dataset 4 reaches:
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where, k=0 and N, represent the middle observation
number (k+1) of the block, then obtain:
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Calculate ﬁ“”” by using Z;., instead of Z ., . The
updated equation for Z;jrl is then derived using Woodbury's
equation [17] :

Zg = (Zk +K LK Tl
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Suppose G, = K;%, , then the equation A for
updating can be derived as:
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The overall steps are as follows: First select the kernel
function (including kernel type and parameter Settings) and
map sample number [ The new data sample
@ = {X;»Q)‘Xz eR™. 1, eRi,i:I,Z,...}then arrives in turn.

Therefore, OS-RKELM consists of two phases, namely
the mitialization and the online learning. In the first phase,
the initial data set block can be used for training. The initial
data set can be either N, > L, N, =L or N, <L, because
the regularization parameter I/C ensures that Z, is full
rank. After the first phase, the second phase proceeds in a
piece-by-piece or block-by-block mode as needed With the
exception of the data point in X, , once a data point is
learned, it can be discarded. There is no need for memory or
archiving of data samples. OS-RKELM 1is an online
kernel-based algorithm.

C. Regularized Online Sequential FExtreme Learning
Machine (ReOS-ELM)

Suppose there 13 an mitial training data set with M
training mode (xj, IJ)ER” xR, where x; = [xﬂ,xﬂ,m,xmr.
For the single hidden layer neural network with # nput

node and 1 output node, the J# mnput mode corresponds to
the Jj#h output:

L
0,= Y BG(@.b,x,),j=1-Ng (26)
i=1

where, for hidden nodes, L represents the number, i
represents the nth | G() represents the active function. /5
and b; are the output weight connecting the i hidden layer
and the output node respectively and the hidden bias of the
ith hidden node.

OS-ELM is a novel online learning algorithm, whose
outstanding feature is that the mput weights and hidden
deviations are randomly selected. To obtain the output
weight, minimize the defined error function:

[, 5 — T, 27)

The data collected in the traiming process often contains
noise, and Eq. (27) may lead to poor generalization ability
and over-fitting, Compared with OS-ELM, REOS-ELM can
mimimize empirical errors as far as possible to obtain the
small norm of the network weight vector. The following cost
function is considered:

2 2

o~ To|" + 2 i (28)

where, A is the regularization factor. The formula of 4, is
as follows:

B =R H, T, (20)
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where, [; is the identity matrix, the size of I; is
L,Tozltl,---,thIT,and:
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So the k4 block is obtained as:
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The weight updating in REOS-ELM is similar to the
recursive least squares (RLS) algorithm.

Ny =Xt (32)
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(33)

Be = Ber + B H{ (T, —Ho By ) (34)
where, {,; 1s the identity matrix, and the size of T, 1s N, :

T, and H, are respectively the target of the &#h arrival

training data and the hidden layer output of the kth arrival
training data.

IV. SIMULATION EXPERIMENT AND RESULT ANALYSIS

Based on the online sequential extreme learming machines,
a soft-sensor model was established for the purity of target
object in outlet E effluent, purity of impurity in outlet R
effluent, yield of target object at outlet E and yield of
impurity at outlet R in SMB chromatography separation
process. The number of hidden laver nodes of ELM neural
network model is set to 30.After sorting out the historical
data related to the simulated process of moving bed
chromatography separation, 1000 groups of representative
data were selected, then 900 groups of data were randomly
selected as the training set, the remaining 100 groups were
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