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In chromatographic separation, the simulated moving bed (SMB) has been recognized as an
important and the cleanest technology. Basically, the SMB is constructed of several columns in
series, and can be operated continuously with a fixed switching time. Owing to the adsorption
of different substances by the adsorbent, the concentration of the separated substance flowing in
the columns changes with time. The success of chromatographic separation will be determined
by the time change, substance flow rate, and other possible influencing factors. Therefore, if
the concentration of the flowing substance in SMB columns can be sensed immediately, then
the accurate control of the SMB can be executed. In this paper, the prediction of substance
concentration in SMB chromatographic separation by using an ultraviolet (UV) sensor
and a neural network (NN) is presented. In this study, a UV sensor was used to monitor
the concentration of the substance, and the NN model was used to predict the substance
concentration in real time. The predicted concentration can be used for the real-time control
of the moving bed. From the research results shown, it is found that the real-time prediction
of substance concentration by the NN based on the sensed UV light intensity can indeed reach
a very high accuracy. This result is very promising for the future development of an SMB
automatic control mechanism.

1. Introduction

Chromatographic separation is an indispensable and important technology in the
manufacture of chemical and biomedical products. The separation process uses the difference
in adsorption of different substances in the mixture between the stationary phase and the fluid
phase to achieve separation. The accuracy of the separation is an indicator of the product’s
quality and usability. Therefore, how to use an effective and accurate separation technology has
always been an important issue to be considered by the chemical and biochemical industries.!!
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Currently, the simulated moving bed (SMB) system is recognized as the most advanced and
efficient chromatographic separation technology because of its continuous feeding capability.
The multiple-column SMB system can be continuously switched at a fixed time, so that its
inlet port and outlet port can also be changed constantly. Such a characteristic of the SMB not
only improves the efficiency of the adsorbent used in the adsorption bed, but also reduces the
consumption of solvent and water in the whole separation process. Thus, SMB separation is
also recognized as the cleanest manufacturing technology in chromatography. Figure 1 shows
an SMB system with eight columns.?

To increase the production capacity, the precise and effective control of the multiple-column
SMB has always been a challenging problem.®'¥ In fact, the SMB is a very complex and
nonlinear system; the current SMB mathematical model is only an approximate model and
cannot fully represent the real dynamic behavior and state of the SMB’s actual operation.(”’m
Therefore, the aim of this study is to find the actual separation process of an SMB and then
construct an effective SMB control mechanism.

In this research, to observe the actual operation condition of the SMB, an ultraviolet (UV)
sensor was used to sense the concentration change of the separated substance in the SMB
columns. On the basis of the learning capability of the neural network (NN), the relationship
between the intensity of UV light and the substance concentration is obtained by the NN. That
means that a well-trained NN model can accurately predict the concentration of an individual
substance in the SMB. In other words, such a well-trained NN model could replace a real SMB
system, enabling the development of an effective and precise SMB control mechanism, and then
the accuracy of the SMB in the chromatographic separation could be improved. Figure 2 shows
the whole SMB control process desired to be developed.
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Fig. 1. (Color online) SMB system with eight Fig. 2. Whole SMB control process.
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2. NN Model

This research is expected to lead to the development of an accurate and practical NN
model for the SMB separation process. Owing to the excellent self-learning and self-tuning

abilities, the NN technique has been widely used in various applications, 141

especially signal
processing and control engineering. Through the training of historical data, the weights of
the NN are adjusted to fit the data appropriately. The mapping model of input/output data can
be automatically developed while the learning process of the NN is finished. Then, the well-
trained NN can be used as a smart signal processor for classification, identification, prediction,
control, and so forth.

The NN structure commonly known as a multilayered feedforward network was used in this
study. The three-layer feedforward NN architecture shown in Fig. 3 is the selected topology,

and the backpropagation (BP) learning algorithm is used to train the NN.(17)
3. Experiments
3.1 Substance concentration vs UV light intensity

To observe the response of solutions with different concentrations to UV light, experiments
on mixed and pure solutions were first performed. Table 1 lists the ten mixtures of two
substances, A (salicylic acid) and B (caffeine), with different concentrations used in the
experiment. Table 2 lists the concentrations of the two pure solutions, A and B, used in the
experiment. Figure 4 displays the variations of the light intensity of each mixture under
different wavelengths of UV irradiation. Figures 5 and 6 present the light intensity variations of
solutions A and B under different wavelengths of UV irradiation, respectively.

From the experimental results shown, it is clearly found that the substances of different
concentrations have different light intensity responses under the different wavelengths of UV
light. This means that the substance concentration can be predicted from the light intensity.

Table 1
Output Layer« Mixtures of two substances, A and B.
Mixture
No. Concentration of A Concentration of B
Hidden Layer+ (ppm) (ppm)
6 1750 250
15 3250 500
) 9 & 18 3750 500
22 3325 500
T T 31 1750 750
2 @& @ 34 1250 750
- - - 39 2000 500
1 T mpwrayes ] 1 42 1500 750
44 500 750

Fig. 3. A three-layer feedforward NN. 52 750 500
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Table 2
Concentrations of two pure solutions, A and B.
No. Concentration of solution A (ppm) No. Concentration of solution B (ppm)
A-2 2535 B-2 2500
A-5 1014 B-5 1000
A-10 507 B-10 500
A-20 253.5 B-20 1666.7
Intensity+
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Fig. 4. (Color online) Variations of light intensity of mixtures under different wavelengths of UV irradiation.
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Fig. 5. (Color online) Light intensity variations of solutions A under different wavelengths of UV irradiation.
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Fig. 6. (Color online) Light intensity variations of solutions B under different wavelengths of UV irradiation.
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3.2 NN prediction

In this research, the prediction of individual substance concentrations in mixtures with
two components (salicylic acid and caffeine) by using the NN was studied. To collect the light
intensity of different mixtures under different wavelengths of UV radiation, 64 mixtures with
different salicylic acid and caffeine concentrations were investigated experimentally and a total
of 64 data sets were obtained. Table 3 lists some examples of the experimental results. To
ensure the correctness of the NN model in this study, the 64 data sets were organized randomly
to generate five different data groups, i.e., Group-1 to Group-5. For each group, 42 data sets
were used for NN training and 22 data sets were used for testing. The size of the NN was 120-
60-60-1. The 120 inputs were all UV light intensity values. The mean absolute percentage
error (MAPE) was used evaluate prediction results. Table 4 shows the MAPEs of the predicted
concentrations of salicylic acid and caffeine obtained by the well-trained NN model.

Table 3
Light intensities of different mixtures under different wavelengths of UV radiation.
A (Salicylic acid) B (Caffeine)
(ppm) (ppm)
1690 1666.7
1267.5 1250
724 714
1267.5 2500
633.8 1250
Wavelength of UV light

197 208 210 219 227 246 262 277 291 324 341
197 208 210 219 227 246 262 277 291 324 341
197 208 210 219 227 246 262 271 291 324 341
197 208 210 219 227 246 262 277 291 324 341
197 208 210 219 227 246 262 277 291 324 341
Intensity
1889.7 26019 2629.2 26771 2826.2 27459 2666.1 2398.4 2468.5 1061.6 77.9
1890.6 25903 26275 2665.5 28112 2702.6 2663.0 23851 2451.1 909.6 60.7
1875.6  2594.5 2627.5 2652.6 2789.5 22347 2459.6 23611 23079 6385 38.1
1892.8 26183 2650.7 26929 2830.1 26509 2666.1 2378.6 23341 5714 33.8
1888.8 26122 2641.6 26733 28167 27439 2679.2 23969 2462.2 904.0 60.3

Table 4
MAPE:s of predicted concentrations of salicylic acid and caffeine.
Salicylic acid Caffeine
Training Test Training Test
(MAPE) (%) (MAPE) (%) (MAPE) (%) (MAPE) (%)
Group-1 1.11 1.21 1.27 1.31
Group-2 1.26 1.28 1.24 1.35
Group-3 1.31 1.28 1.16 1.36
Group-4 1.32 1.36 1.33 1.24
Group-5 1.18 1.30 1.29 1.35

Avg. 1.24 1.29 1.26 1.32
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Figures 7(a)—7(e) are superposition diagrams of salicylic acid concentrations predicted by the
NN for the data in Group-1 to Group-5, and superposition diagrams of caffeine concentrations
predicted by the NN for the data in Group-1 to Group-5 are shown in Figs. 8(a)—8(e).

Salicylic Acid
0 5 10 15
Data
(@
Salicylic Acid
(1] 5 10 15
Data
©
2500
2000
1500
B
=
o
1000
500
o

Salicylic Acid

2500

25
Data

(®)

Salicylic Acid

25 0 5 10 15 20
Data

@

Salicylic Acid

10 15 20 25
Data

©

Fig. 7. (Color online) Concentrations of salicylic acid predicted by NN for data in Group-1 to Group-5. (Solid
line: Desired value. Dashed line: Predicted value) (a) Group 1. (b) Group 2. (c) Group 3. (d) Group 4. (e) Group 5.
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Fig. 8. (Color online) Concentrations of caffeine predicted by NN for data in Group-1 to Group-5. (Solid line:
Desired value. Dashed line: Predicted value) (a) Group 1. (b) Group 2. (¢) Group 3. (d) Group 4. (¢) Group 5.

4. Conclusions

In this research, a substance concentration prediction mechanism for the SMB operation
process was developed. This prediction mechanism was constructed using a UV sensor and
an NN model. The UV sensor is used to sense the light intensity of the substance and the NN
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model is used to predict the substance concentration in real time. To demonstrate the feasibility
of NN technology for the prediction of substance concentration, the intensity of UV light vs
the substance concentration for different wavelengths was investigated experimentally. These
intensity data were then used to train and test the NN. From the research results shown, it
was clearly found that the real-time prediction of substance concentration by the NN based on
the sensed UV light intensity indeed can reach very high accuracy. The total average MAPE
values for salicylic acid and caffeine predictions in five data groups were 1.29 and 1.32%,
respectively. This result is very promising for the future development of an SMB automatic
control mechanism.
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