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Abstract: In the process of chlortetracycline (CTC) fermentation, no instrument can be used to 
measure the total sugar content of the fermentation broth online due to its high viscosity and large 
amount of impurities, so it is difficult to realize the optimal control of glucose feed rate in the 
fermentation process. In order to solve this intractable problem, the relationship between on-line 
measurable parameters and total sugar content (One of the parameters that are difficult to measure 
online) in fermentation tank is deeply analyzed, and a new soft sensor model of total sugar content 
in fermentation tank and a new optimal control method of glucose feed rate are proposed in this 
paper. By selecting measurable variables of fermentation tank, determining different fermentation 
stages, constructing recursive fuzzy neural network (RFNN) and applying network rolling training 
method, an online soft sensor model of total sugar content is established. Based on the field multi-
batch data, the change trend of the amount of glucose feed required at each fermentation stage is 
divided, and the online prediction of total sugar content and the optimal control strategy of glucose 
feed rate are realized by using the inference algorithm of expert experience regulation rules and soft 
sensor model of total sugar content. The experiment results in the real field demonstrate that the 
proposed scheme can effectively predict the total sugar content of fermentation broth online, 
optimize the control of glucose feed rate during fermentation process, reduce production cost and 
meet the requirements of production technology. 
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1. Introduction 

1.1. Chlortetracycline production technology 

Chlortetracycline is a broad-spectrum tetracycline antibiotics and it is the final product of 
Streptomyces aureus through successive amplification. Chlortetracycline mixed into animal feed can 
be used as one of antibiotic products. Chlortetracycline has an inhibitory effect on gram-positive 
bacteria, gram-negative bacteria, spirochete, Rickettsiella, mycoplasma, chlamydia and other 
bacteria, and has the characteristics of bacteriostasis, high utilization rate, growth promotion, and 
less residue [1]. Therefore, for many years, chlortetracycline has been the largest dosage of 
bacteriostatic growth promoting agent in animal husbandry feed, has a wide range of uses in medicine, 
animal husbandry and other fields. Because chlortetracycline is a microbial fermentation process, its 
fermentation process has the characteristics of large lag, nonlinear, time varying and uncertainty. 

Chlortetracycline production process can be summarized as follows: Streptomyces aureus strains 
need to undergo sand spore tube, mother inclined plane, daughter inclined plane, primary seed tank, 
secondary seed tank culture, and then transplanted to fermentation tank for cultivation. Before the 
strain is transplanted to the fermentation tank, the fermentation tank is sterilized (usually by high-
pressure steam), and the culture medium is fed into the fermentation tank, followed by high 
temperature sterilization. Finally, 15% inoculation amount of Streptomyces aureus strain was 
transplanted into the fermentation tank. During fermentation, nutrients such as glucose substrate, pure 
soybean oil and peptone are supplemented for the metabolism of the strain. In the process of 
chlortetracycline fermentation, the pH value in the fermentation tank is adjusted by injecting ammonia, 
sterile air is pumped to regulate dissolved oxygen (DO), and cold or hot water is input to regulate 
temperature (FT), which will provide suitable conditions for the growth of bacterial strains. 
Chlortetracycline fermentation process is shown in Figure 1. 

 

Figure 1. Schematic diagram of chlortetracycline fermentation process. 
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1.2. Total sugar content 

The synthesis pathway of chlortetracycline is closely related to sugar metabolism. Figure 2 
describes the pathway of chlortetracycline synthesis, and intermediates of sugar metabolism are the 
basis of chlortetracycline synthesis [2]. In the development phase of chlortetracycline bacteria, 
approaches of the metabolism of sugar for glycolysis, it is a glucose degradation into lytic enzyme 
process of pyruvic acid, and is accompanied by ATP (adenosine triphosphate), at the same time 
generate chlortetracycline bacteria related material, pyruvate metabolism will continue to generate 
intermediate for synthesis of chlortetracycline. In the production stage of chlortetracycline metabolism, 
Streptomyces aureus will follow a pentose metabolic pathway to produce NADPH (reduced coenzyme 
A), which is the reducing power energy of chlortetracycline synthesis, and the resulting pentose 
phosphate will participate in nucleic acid metabolism [3]. 

 

Figure 2. The relationship between chlortetracycline synthesis and glucose metabolism. 

Based on the principle of biological metabolic balance, the metabolic reaction of chlortetracycline 
(CTC) in culture and fermentation can be described simply. Several major macro metabolic reactions 
are [4]: Reaction of bacterial cell growth, CTC synthesis, decomposition of sugar (substrate) and 
energy generation; The substances involved are mainly substrate sugar S, nitrogen (or ammonia), 
oxygen ‚, as well as thistle X, product P (CTC) and CO2. Substances considered in the metabolic 
process are mainly NADH and ATP, which represent reducing power and energy. CTC synthesis 
pathway is shown in Figure 3. 

 

Figure 3. The scheme of metabolic pathways for chlortetracycline biosynthesis. 
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The total sugars mentioned in this paper include glucose, fructose, pentose, lactose, maltose, as 
well as starches that can be hydrolyzed. These sugars have reductive properties. In chlortetracycline 
fermentation, these sugars are collectively referred to as total sugars. The chemical determination of 
total sugars is time-consuming (And it is offline detection) and not suitable for on-line determination 
of industrial processes. In this paper, the total sugar content is detected by a test program called 
“Determination of the total sugar content of chlortetracycline fermentation broth by refractometer” 
(patent No. CN102297847A). This method is used for the manual determination of total sugar content 
mentioned in the following sections. 

The importance of on-line detection of total sugar content: In the process of chlortetracycline 
fermentation, because the total sugar content of fermentation broth can not be detected online, it can 
only be completed by manual timing sampling analysis. Because there are multiple fermentation tanks 
on the production site, manual field sampling and then to the laboratory for analysis, this process is 
labor-intensive and time-consuming. At present, the sampling and analysis interval of chlortetracycline 
factories in China is set at 4−8 hours. In order to reduce the labor cost, the factory involved in this 
paper currently sets the interval of on-site sampling for off-line analysis as 8 hours. Due to the long 
time interval, the total sugar content in fermentation tank fluctuates greatly, and it is very difficult to 
adjust it online, which has a great impact on production indexes such as biological potency and 
fermentation volume (i.e., product quality and yield). 

So far, pH, temperature, dissolved oxygen and pressure can be detected online and controlled 
automatically in the process of chlortetracycline fermentation, while the total sugar content is analyzed 
offline and the glucose feed process is controlled manually. The total sugar content is an on-line 
parameter that is difficult to measure (the fermentation broth is too viscous for the sensor to measure 
in direct contact). Therefore, the analyst first took samples on site and filtered them in the analysis 
room (as shown in Figure 4). Then the total sugar content value was obtained through instrumental 
analysis. This process takes several hours to complete. 

 

Figure 4. Chlortetracycline fermentation broth (1 represents the fermentation broth in the 
fermentation tank, and 2 represents the filtered solution). 
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1.3. Review of previous work 

Total sugar includes reducing sugar and non-reducing sugar. Reducing sugar is an active 
carbohydrate and can be quantitatively detected by direct chemical titration, spectrophotometry, high 
performance liquid chromatography, infrared spectroscopy and other methods [5]. In order to achieve 
rapid nondestructive detection of LBP and total sugar content by hyperspectral image technology, H. 
Yu et al. processed original hyperspectral images by principal component analysis and established 
prediction models based on different characteristic parameters by partial least squares regression. 
Experimental results show that, in order to improve the accuracy of prediction results, all features are 
screened according to the correlation degree of relevant indicators, and the detection model constructed 
by optimized features has good prediction results [6]. The total sugar content in edible fungi was 
detected by multi-microporous plate detector. The experimental results show that the results obtained 
by the multi-porous plate detector are in good agreement with those obtained by the national standard 
method, but the new method used by the author consumes less reagents, has fast detection speed and 
good reproducibility [7]. The total sugar content in edible fungi is an important quality index. The 
Chinese standard (GB/T 15672-2009) method for the determination of total sugar content in edible 
fungi is spectrophotometric method. The shortcomings of this method are slow detection speed, 
consumption of reagents. 

At present, there are some methods to determine the total sugar content, such as DNS method [8], 
conductivity method [9], method of infrared spectroscopy [10], refraction method [11], etc. The 
analysis instrument used in manual analysis in this paper is based on the measuring principle of 
refraction method. Firstly, sample (fermentation broth) is taken from the on-site fermenting tank, then 
filtered by filter paper, and then filtered liquid is dropped onto the measuring mirror of the analysis 
instrument to display the value of total sugar content [12]. Cozzolino et al. analyzed the fermentation 
process of wild yeast using refraction principle [13]. The ATAGO RX-7000i analyzer (made in Japan) 
is in this paper used for off-line analysis of total sugar content in the analysis laboratory. 

Y. Li [14] describes the reaction process in the fermentation tank, and introduces oxygen supply 
and demand and transfer, microbial fermentation mechanism, fermentation kinetics, biological reactor, 
fermentation process control and prevention of bacterial contamination. The main purpose of K. H. 
Petie and P. Trayana [15] is to design the feasibility of online prediction of process variables (such as 
concentrations of lysine, glucose and amino nitrogen, etc.) in the lysine fermentation process based on 
artificial neural network. T. Damak [16] proposed a method of estimating biological variables based 
on data through an example of a nonlinear distributed parameter bioreactor. Simulation results show 
that the estimator can be used for nonlinear estimation and robust processes. M. R. García et al. [17] 
proposed a method for measuring oxygen concentration in fermentation tank based on basic 
biochemical principles. The method was applied to a horizontal tubular reactor in which free-growth 
aspergillus produced gluconic acid. In order to study the corresponding relationship between the total 
sugar content of Junzao jujube in Southern Xinjiang and hyperspectral data, K. Surisetty et al. [18] 
used hyperspectral imaging technology combined with genetic algorithm and back propagation neural 
network (BP network) to model and analyze the total sugar content of Junzao jujube in Southern 
Xinjiang. The original spectral data were processed by different pretreatment methods and the 
wavelength variables were selected by genetic algorithm. The experimental results show that MSC is 
better than other pretreatment methods. The BP neural network was better than partial least squares 
(PLS) in predicting the total sugar content of Junzizao in southern Xinjiang. For the parameter 
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identification of fermentation process, L. Chen and F. Liu [19] established the model principle of 
each operation point of fermentation process based on the least square method, and obtained multiple 
models at different points. The total or global model is then calculated using a weighting function or 
interpolation method. J. Deng et al. [20] is to apply data-driven model and model update strategy to 
soft measurement, and use data-driven model to estimate parameters under the framework of 
expectation maximization (EM) algorithm. The soft measurement method is applied to predict online 
quality variables of industrial processes. A nonlinear model predictive controller (NMPC) is 
proposed to determine the optimal substrate feed flow for Escherichia coli culture on an experimental 
device [21]. Since biological process models are often uncertain, an NMPC optimization scheme is 
proposed and simulated using Monte Carlo analysis method. The research team of Professor Jian-lin 
Wang from Beijing University of Chemical Engineering has made great progress in the research and 
application of soft sensor modeling methods [22−24]. In recent years, our research team has 
undertaken several research projects on Chlortetracycline fermentation process, and has published 
some relevant articles in Chinese and English journals [25−32]. 

1.4. The organizational structure of this paper 

The rest of this paper is structured as follows. Section 2 provides soft sensor modeling method of 
total sugar content, including methods for determining the fermentation stages of chlortetracycline, 
online rolling prediction method of total sugar content in fermentation tank, and recurrent fuzzy neural 
networks (RFNN) structure. Section 3 proposes a method for optimal control of glucose feed rate in 
chlortetracycline fermentation process, including expert experience regulation rule reasoning and 
optimal control algorithm of glucose feed rate. Section 4 discusses an application Example in the real 
field. Section 5 summarizes the research work and gives some innovations. 

2. Modeling method of soft sensor of total sugar content 

In this section, we will propose a soft sensor modeling method for total sugar content in 
chlortetracycline fermentation process, which includes dividing several stages of chlortetracycline 
fermentation process by total sugar consumption, online rolling prediction method for total sugar 
content and improved RFNN network structure. 

2.1. Determination method of chlortetracycline fermentation stage 

Chlortetracycline is the final product of Streptomyces aureus through successive amplification, 
culture and fermentation. A batch of chlortetracycline fermentation lasts about 85−120 hours. 
According to the different consumption of total sugar during the strains growth of fermentation tank, 
the fermentation process can be divided into four stages, that is, delay period, exponential growth 
period, stable period and decline period. The main characteristics of each growing period are as follows: 
1) Delay period: the growth of bacteria is slow, the consumption rate of nutrients (i.e., total sugar 
consumption) is small, and the fermentation time is between 0 and t1. 
2) Exponential growth stage: the bacteria grow exponentially, the consumption rate of nutrients (i.e., 
total sugar consumption) increases sharply, and the fermentation time is between t1 and t2.  
3) Stable period: The growth of the bacteria slows down, the concentration of the bacteria is stable, the 
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formation rate of the product reaches the maximum, the consumption rate of nutrients (i.e., total sugar 
consumption) is relatively high, and the fermentation time is about between t2 and t3.  
4) Decay stage: the bacteria begin to autolysis, the fermentation process is coming to an end, and the 
fermentation time is between t3 and t4.  

According to the different feeding operation modes, the feeding operation of chlortetracycline 
fermentation can be divided into two modes:  
1) In the delay period, a certain amount of nutrients are input to the fermentation tank at the beginning 
of fermentation, and there is no need to carry out feeding operation in the fermentation process. 
Therefore, this mode of operation is not usually adopted in large-scale production processes. 
2) After the exponential growth period begins, the fermentation tank needs to be continuously 
supplemented with nutrients (i.e., continuous feeding fermentation production process).  

In this paper, based on the statistical analysis of the historical data of the fermentation tank and 
the experience of the field engineers and operators, a method is proposed to divide the fermentation 
stages based on the glucose feed rate (i.e., the rate of consumption of total sugar). It can be divided 
into four stages: stagnation stage, growth stage, stable stage and decline stage. Its operation mode is 
shown in Figure 5. In the figure, t is the fermentation time, and q is the consumption rate of total sugar 
in the fermentation process. 

 

Figure 5. The fermentation stages of the fermentation process are divided based on the 
consumption rate of total sugar. 

2.2. Online rolling prediction method of total sugar content in fermentation tank 

The online rolling prediction method of total sugar content in fermentation tank is shown in 
Figure 6, and its basic principle is explained as follows:  

In the process of chlortetracycline fermentation, due to the total sugar content can not be detected 
online, manual timing to the site sampling, and then back to the laboratory for analysis. In order to 
reduce labor costs, manual sampling interval of chlortetracycline fermentation tank in China is 
currently set at 4−8 hours. In order to reduce the cost of labor, the two chlortetracycline factories we 
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studied set the interval of manual sampling and analysis at 8 hours (because several parameters, such 
as total sugar content, amino nitrogen, biological potency, etc., need to be analyzed in one sample). 
When the time interval is long, the total sugar content of fermentation tank fluctuates greatly, which 
has a great influence on the production indexes such as biological potency and fermentation volume 
(i.e., product quality and yield). 

As shown in Figure 6, three soft sensor values (i.e., predicted values of total sugar content) are 
evenly inserted into the interval of 8-hour offline sampling analysis values. The input values of the 
prediction model include not only offline analysis value and online predicted value in this sampling 
period, but also offline analysis value and soft sensor predicted value in the previous sampling period. 
Different from soft sensor values in the usual sense, this paper takes several historical process values 
and current state values as the input of the model. By giving them different influence weights, the 
results of soft sensor can not only eliminate the random disturbance of input data, but also reflect the 
change of total sugar content after 2 hours of fermentation. The accuracy of soft sensor can be 
improved obviously by using this method. 

 

Figure 6. Online rolling prediction method of total sugar content in fermentation tank. 

2.3. Improved recurrent fuzzy neural networks (RFNN) structure 

In this paper, the improved RFNN network structure is used to construct the soft sensor model, 
as shown in Figure 7. 
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Figure 7. Structure diagram of recursive fuzzy neural network (RFNN). 

The network structure in Figure 7 contains n input nodes and one output node, where k represents 
discrete time series values. In the structure in Figure 7, the first layer receives all input variables, and 
the second layer fuzzies the input variables. The number of fuzzy membership functions, the initial 
center value and width value of the membership function are the data field clustering analysis values 
of the input variables.  

Each node in this layer stores the membership value of the previous round of calculation, so the 
output value of the network node can be calculated as 𝜇௜௟(𝑘) = 𝑒𝑥𝑝 ൬− (௫೔(௞)ାఓ೔೗(௞ିଵ)ఒభିఏ೔೗)మଶఙ೔೗మ ൰       (1) 

Where, 𝑖  represents the ith input variable, 𝑖 = 1, 2, . . . , 𝑛 . l represents the lth fuzzy rule, 𝑙 =1, 2, . . . , 𝑚. 𝜃௜௟ and 𝜎௜௟ are the center value and width value of the Gaussian membership function 
respectively. Each node in the third layer performs an "and" calculation on the input value of the 
previous layer, 𝜇̄௟(𝑘) = ∏ 𝜇௜௟௡௜ୀଵ (𝑘). The output of the node at the fourth layer represents the ratio 

between the influence degree of rule l and the influence degree sum of all rules. 𝜔௟(𝑘) = ఓ̄೗∑ ఓ̄೗೘೗సభ (௞). 
Where, 0 ≤ 𝜔௟(𝑘) ≤ 1， and ∑ 𝜔௟(𝑘)௠௟ୀଵ = 1 . The fifth layer is the output weight of rule 𝑙 
multiplied by the network output value after RFNN. 𝜔௟(𝑘)(∑ 𝑝௜௟𝑥௜(𝑘)௡௜ୀ଴ ) = 𝜔௟(𝑘)𝑦̄௟(𝑘). The sixth 
layer is the defuzzification layer. 𝑦(𝑘) = ∑ 𝜔௟௠௟ୀଵ 𝑦̄௟(𝑘) . The calculation equations for updating 
RFNN network parameters 𝜃௜௟, 𝜎௜௟, 𝜆௜௟ and 𝑝௜௟ are Eqs (2)−(5). 𝜃௜௟(𝑘 + 1) = 𝜃௜௟(𝑘) + 𝜂(𝑦(𝑘) − 𝑦̄(𝑘))(𝑦̄௟(𝑘). . . −𝑦̄(𝑘))𝜔௟(𝑘) (௫೔(௞)ାఓ೔೗(௞ିଵ)ఒ೔೗ିఏ೔೗)ఙ೔೗మ   (2) 
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𝜎௜௟(𝑘 + 1) = 𝜎௜௟(𝑘) + 𝜂(𝑦(𝑘) − 𝑦̄(𝑘))(𝑦̄௟(𝑘). . . −𝑦̄(𝑘))𝜔௟(𝑘) (௫೔(௞)ାఓ೔೗(௞ିଵ)ఒ೔೗ିఏ೔೗)మఙ೔೗య   (3) 

𝜆௜௟(𝑘 + 1) = 𝜆௜௟(𝑘) + 𝜂൫𝑦(𝑘) − 𝑦̄(𝑘)൯. . . ൫𝑦̄௟(𝑘) − 𝑦̄(𝑘)൯𝜔௟(𝑘). .. 
(௣೔೗(௞)ି௫೔(௞)ିఓ೔೗(௞ିଵ)ఒ೔೗)మఙ೔೗మ 𝜇௜௟(𝑘 − 1)       (4) 𝑝௜௟(𝑘 + 1) = 𝑝௜௟(𝑘) + 𝜂(𝑦(𝑘). . . −𝑦̄(𝑘))𝜔௟(𝑘)𝑥௜(𝑘)     (5) 

Note: Figure 7 is a general structure diagram, so the expression of output parameter in Figure 7 (such 
as 𝑐(𝑘), 𝑤(𝑘), 𝑧(𝑘), etc.) can be rewritten according to the actual application. 

2.4. Selection of modeling auxiliary variables 

Currently, in the process of chlortetracycline fermentation, the process variables that can be 
measured online include fermentation tank temperature (TE), fermentation tank pressure (TP), pH 
value (pH), mixer rate (MR), dissolved oxygen (DO), accumulation of defoaming agents (AD), 
fermentation broth volume (FV), ammonia accumulation (AA), accumulation of sugar 
supplementation (AS), motor current (MC), fermentation time (FT) and the relative gas content in 
fermentation tank exhaust gas. 

Because the fermentation tank outlet exhaust gas has viscosity and contains impurities, it is easy 
to make analytical pipeline jam in measuring instruments. The error of on-line measurement of carbon 
dioxide content and oxygen content in fermentation tank exhaust gas by current analytical instruments 
on the market is very large. 

In this paper, AA is the accumulated amount of ammonia water. When the pH value in the 
fermentation tank fluctuates, the pH value can be changed within the range required by the set value 
by adjusting the flow rate of ammonia water. MR is the stirring rate of the stirrer in fermentation tank, 
which has a certain influence on the dissolved oxygen (DO) of the fermentation tank and the change 
of related parameters. AD is the accumulated amount of defoamer because the fermentation tank 
produces bubbles during stirring that will carry the broth out of the fermentation tank if they are not 
removed. AS is the accumulated amount of supplementary sugar. During the fermentation process, 
nutrients (such as glucose or hydrolyzed starch, etc.) should be continuously supplied to the required 
bacteria in the fermentation tank. 

The correlation coefficient of multiple independent variables and one dependent variable is 
calculated as follows: 

𝑟(𝑥௜,௝௞ , 𝑐௜௞) = ஼௢௩(௫೔,ೕೖ ,௖೔ೖ)ට௏௔௥[௫೔,ೕೖ ]௏௔௥[௖೔ೖ]        (6) 

Where, 𝐶𝑜𝑣(𝑥௜,௝௞ , 𝑐௜௞)  is the covariance of 𝑥௜,௝௞   and 𝑐௜௞ , 𝑉𝑎𝑟[𝑥௜,௝௞ ]  is the variance of 𝑥௜,௝௞  , and 𝑉𝑎𝑟[𝑐௜௞] is the variance of 𝑐௜௞. 𝑖 = 1, 2, . . . , 𝑁, 𝑗 = 1, 2, . . . , 𝑀, 𝑘 = 1, 2, . . . , 𝐾.  𝑘 represents the serial number of a batch data set of T306 fermentation tank, i represents the 
serial number of independent and dependent variables of a group of data in T306 fermentation tank, j 



10697 

Mathematical Biosciences and Engineering  Volume 19, Issue 10, 10687−10709. 

represents the serial number of variables that can be measured online in T306 fermentation tank. 𝑘 = 1, 2, . . . , 𝐾 , 𝑖 = 1, 2, . . . , 𝑁 ; 𝑗 = 1, 2, . . . , 𝑀 . 𝐾  is the number of T306 fermentation tank 
batches, M is the number of parameters that the fermentation tank can measure online and K is the total 
number of batches of T306 fermentation tank, M is the number of parameters that T306 fermentation 
tank can be measured online, and N is the number of data sets of each batch of T306 fermentation tank. 

50 batches of sample data were selected for the T306 fermentation tank experiments, Using 
typical variable correlation analysis method, the average correlation degree between measurable 
process variables and total sugar c was calculated as follows: 𝑟̄௜,௝ = ଵ௄ ∑ 𝑟(𝑥௜,௝௞ , 𝑐௜௞)௄௜ୀଵ         (7) 

The results are shown in Table 1. 

Table 1. Correlation between process measurable variables and total sugar content. 

Process variables The correlation between the process variable and Cy 𝑟̄௜,௝
TE 0.26 
TP 0.04 
pH 0.41 
MR 0.72 
DO 0.92 
AD 0.76 
FV 0.13 
AA 0.76 
AS 0.94 
MC 0.71 
TF 0.71 

From the Table 1, select the process variables with 𝑟̄௜,௝ > 0.7 as the modeling auxiliary variables, 
then the model input variables are MR, DO, AD, AA, AS, MC, TF. The total sugar content (Cy) is set 
as the output variable of the model. 

3. Optimal control method of total sugar consumption during chlortetracycline fermentation 

In the present section we discuss the optimal control method of glucose feed rate in the process 
of chlortetracycline fermentation, including the optimal control system structure diagram of glucose 
feed rate optimal control algorithm and regulation rules. 

3.1. Optimal control system of glucose feed rate in fermentation tank 

In this paper, an optimal control scheme of glucose feed rate during chlortetracycline fermentation 
is proposed, and its control system structure is shown in Figure 8. The control system consists of seven 
parts, Namely chlortetracycline fermentation tank (B1) and the parameters of the fermentation tank 
can be on-line detected (B2), total sugar content in offline analysis values (B3), online soft sensor 
model of total sugar content (B4) and expert experience regulation and inference rules and 
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modification model of control algorithm parameters (B5), optimization control algorithm of glucose 
feed in chlortetracycline fermentation tank (B6), and actuator of glucose feed (B7). The main functions 
of each component of the system are described as follows: 
1) Chlortetracycline fermentation tank (B1) is the controlled object of the control system, and its 
applicable volume is 50−200 m3 fermentation tank. The volume of fermentation tank in this paper 
is 120 m3. 
2) The fermentation tank can detect parameters online (B2), including temperature, pressure, pH, DO, 
carbon dioxide content and oxygen content at the outlet of the fermentation tank, etc.  
3) The off-line analysis value of total sugar content (B3) refers to the sampling analysis value 
between 2 and 10 hours. The analyst takes samples from the on-site fermentation tank and goes 
back to the analysis laboratory for off-line analysis to obtain the total sugar content value at the 
sampling time.  
4) Online soft measurement model of total sugar content (B4), based on offline analysis value of total 
sugar content (B3) and online detection value of fermentation tank parameters (B2), the online 
prediction value 𝐶௬ො  of total sugar content in fermentation tank is realized. 
5) The modified model (B5) of expert experience regulation and inference rules and control algorithm 
parameters is based on the online detection parameter (B2) of fermentation tank, the offline analysis 
value of total sugar content (B3), the output value of (B4) and the output value of (B6) 𝑈(𝑡), creating 
conditions for the modified strategy of (B6). 
6) Optimization control algorithm (B6) of glucose feed in chlortetracycline fermentation tank is based 
on field data, fluctuation of raw material ingredients and expert experience regulation rules to 
determine the control algorithm, in order to realize the optimal control of glucose feed rate.  
7) Actuator of glucose feed (B7) is a control device for glucose feed in fermentation tank. 

 

Figure 8. Structure diagram of optimal control system for glucose feed rate in fermentation 
tank. Note: 𝐶௬ and 𝐶௬ො  in Figure 8 are equivalent to 𝑐 and 𝑐̂ in the text. 
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3.2. Optimal control algorithm of glucose feed rate and regulation rules 

According to the deviation of the artificial analysis value of total sugar content from the set value, 
the adjustment formulas of glucose feed rate in the fermentation tank are as follows. 𝑈(𝑡) = 𝑈∗(𝑡) + 𝛥𝑈(𝑡) = 𝑈∗(𝑡) + 𝛿(𝑡) ቂ௱஼(௧)ொೄ(௧)ቃ 𝑄ி(𝑡)      (8) 𝛿(𝑡) = 𝑓(𝑘(𝑡))          (9) 𝑘(𝑡) = ௱஼(௧)ொೄ(௧)          (10) 𝛥𝐶(𝑡) = 𝐶ோ(𝑡) − 𝐶(𝑡)        (11) 

Where, 𝑡 is the fermentation time; 𝑈(𝑡) is the glucose feed rate at time t; 𝑈∗(𝑡) is the set glucose 
feed rate; 𝐶(𝑡) is the total sugar content, 𝐶ோ(𝑡) is the set value of total sugar content; 𝑄ௌ(𝑡) is the 
adjustable range of total sugar content at time t; 𝑄ி(𝑡) is the standard deviation of glucose feed rate. 𝑘(𝑡) is the deviation coefficient of total sugar content; 𝛿(𝑡) is the adjustment coefficient of glucose 
feed rate. 

The total sugar deviation coefficient 𝑘(𝑡) was determined based on the change of the total sugar 
content in the fermentation tank, and the adjustment coefficient 𝛿(𝑡) is determined by the total sugar 
deviation coefficient 𝑘(𝑡). Based on the field values and expert operating experience, the inference 
rules for the adjustment coefficient of glucose feed rate are obtained, as shown in Table 2. 

Table 2. Determining the adjustment coefficient 𝛿(𝑡)  of sugar supplementation rate 
based on the variation range of 𝑘(𝑡). 

Rules Based on the range of 𝑘(𝑡) Determining the adjustment 
coefficient 𝛿(𝑡) 

Rule 1 0.7 < 𝑘(𝑡) ≤ 1  𝛿(𝑡) = 0.5 

Rule 2 1 < 𝑘(𝑡) ≤ 1.3  𝛿(𝑡) = 0.8 

Rule 3 1.3 < 𝑘(𝑡) ≤ 1.5  𝛿(𝑡) = 0.9 

Rule 4 𝑘(𝑡) > 1.5  𝛿(𝑡) = 1 

Rule 5 −1 ≤ 𝑘(𝑡) < −0.7  𝛿(𝑡) = -0.5 

Rule 6 −1.3 ≤ 𝑘(𝑡) < −1  𝛿(𝑡) = -0.7 

Rule 7 −1.5 ≤ 𝑘(𝑡) < −1.3  𝛿(𝑡) = -0.8 

Rule 8 𝑘(𝑡) < −1.5  𝛿(𝑡) = -0.9 

Rule 9 −0.7 ≤ 𝑘(𝑡) ≤ 0.7 𝛿(𝑡) = 0 
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4. Field experiment and discussion 

Chlortetracycline fermentation is a multi-stage intermittent production process, and the 
biochemical activities of growth, reproduction, metabolism and synthesis of Streptomyces aureus are 
also different in different fermentation stages. Therefore, corresponding control schemes for different 
fermentation stages need to be implemented.  

Chlortetracycline fermentation can be divided into four stages based on the total sugar 
consumption of the fermentation tank. When the total sugar content in the fermentation broth is lower 
than or higher than the expected total sugar content of the four stages (that is, it exceeds the set upper 
or lower limit value), it is necessary to adopt the effective strategy of glucose feed in time and use the 
optimized feeding method to add glucose and other nutrients into the fermentation tank within the set 
sampling interval. 

4.1. Hardware composition and software design of the experimental system 

Hardware composition of the experimental system for optimal control of glucose feed rate in 
Chlortetracycline (CTC) fermentation process is shown in Figure 9. In order not to affect the 
production site, the experimental system and the field application DCS system is run in parallel. The 
software design of the experimental system is developed by using LabVIEW and adopts modular 
design scheme. The software design framework of the system is shown in Figure 10. In Figure 10, 
T is the sampling period, D is the total time of batch fermentation process, T301–T309 are numbers 
for 9 fermentation tanks (120 m3). 

 

Figure 9. Optimal control experimental system of glucose feed rate in Chlortetracycline 
(CTC) fermentation process. 
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Figure 10. Experimental framework of optimal control of glucose feed rate in 
chlortetracycline (CTC) fermentation process. 

4.2. The importance of sugar supplement in chlortetracycline fermentation process 

For example, in a certain fermentation stage, if the amount of sugar supplement can not meet the 
growth demand of the fermentation tank bacteria, then the bacteria will be in a state of hunger without 
carbon source, which will inhibit the reproduction and growth of the bacteria, and the phenomenon of 
autolysis will occur in the fermentation process. On the contrary, if the amount of sugar is too high, 
the bacteria will be in a state of high sugar content, which will make the bacteria overgrow and 
reproduce, and consume a large amount of nutritional supplements, which is not conducive to the 
synthesis of chlortetracycline. 

4.3. Comparison between offline analysis and online prediction of total sugar content 

Because there are about 20−30 fermentation tanks (these include several primary seed tanks, 
several secondary seed tanks and a number of fermentation tanks) in the whole chlortetracycline 
process, samples of each fermentation tank need to be analyzed 3−5 parameters (Such as total sugar 
content, amino nitrogen, biological potency, etc.). Considering production and labor costs, at present, 
Chinese factories set the sampling interval of chlortetracycline fermentation tank at 6−8 hours. 

The comparison between offline analysis and online prediction of total sugar content needs to be 
verified by multiple batches of experimental data. Field engineers and workers are satisfied with the 
online prediction results of total sugar content. The comparison results are shown in Figures 11 and 12. 
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Figure 11. Comparison between offline analysis and online prediction of total sugar 
content in a batch of T306 fermentation tank. 

 

Figure 12. Comparison between offline analysis and online prediction of total sugar 
content in another batch of T306 fermentation tank. 
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Offline measurements of total sugar content are: First, the analyst takes samples from the 
production site, and then goes back to the laboratory to filter the fermentation broth. Then, the total 
sugar content is measured by measuring instrument. This process is called off-line measurement of 
total sugar content. The current total sugar content of the fermentation tank is used to determine the 
glucose feed rate. The artificial adjustment of sugar supplementing rate is based on the analysis 
value of total sugar content, the operator input corresponding glucose feed rate value on the 
industrial control computer. The analyst inputs the manual analysis value on the computer in the 
analysis laboratory, and the input data will be automatically entered into the measurement and 
control system database. 

Online predictions of total sugar content are: 1) MATLAB was used to establish the prediction 
model, and the prediction model was trained based on the historical production data on site; 2) The 
T306 fermentation tank was designated as the main experimental device in this research project, and 
the factory leader specially arranged analysts to assist in the verification of the prediction model. It 
took several months (i.e., multiple batches of fermentation data) to verify the accuracy of the 
prediction model. 

4.4. Comparison between artificially adjusted and optimized glucose feed rate 

It can be seen from (a)−(c) in Figure 13 that artificial adjustment of glucose feed rate is based 
on the experience and judgment of operators, and each operator has some differences in adjustment 
methods and experience. This will lead to a wide range of fluctuation in the adjustment process of 
glucose feed rate, which will also cause the instability of the fermentation process, and will not only 
increase the production cost, but also affect the yield and quality of Chlortetracycline products; 
When the soft sensor model is used to predict the total sugar content and optimize the glucose feed 
rate, the fluctuation range of the regulation process is relatively small, which made the fermentation 
process relatively stable. This not only reduces the production cost, but also improves the yield and 
quality of Chlortetracycline products. 

In Figure 13, (a)−(c) are the comparison charts of fluctuation range of glucose feed rate 
corresponding to the two different regulation methods and the comparison charts of transition 
curve of glucose feed rate corresponding to the two different regulation methods. As shown in 
Figure 13(a),(b), the statistical average fluctuation range of artificial adjustment of glucose feed 
rate is 362 L/h, while the statistical average fluctuation range of optimal control is 189 L/h. 
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Figure 13. The fluctuation range comparison of two adjustment methods for glucose feed 
rates ((a) manual operation, (b) Optimal control). 
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In the process of chlortetracycline fermentation, in addition to some variables (such as pH 
value, DO, temperature, etc.) that can be measured online, there are also several variables (such as 
total sugar content, amino nitrogen, biological potency, etc.) that are difficult to be measured online. 
In order to realize the optimal control of chlortetracycline fermentation process, it is necessary to 
have a method to predict the variables that are difficult to measure online. The content of this paper 
is online prediction of total sugar content and optimal control of glucose feed rate. Based on the 
prediction of online total sugar content, the optimal control of glucose feed rate can be realized, 
so as to achieve the goal of stable fermentation process, reducing the total sugar supplementing 
(that is, reducing the production cost) and improving the product quality. 

ⅰ) The set values of glucose feed rate are the regulation rules summarized by field engineers and 
operators after years of practice, but the regulation rules should also be changed according to the analysis 
values of the total sugar content of the fermentation tank. As the interval time for artificial analysis of 
total sugar content is set as 6−8 hours, the adjustment of glucose feed rate would be delayed greatly. ⅱ) 
The soft sensor model is used to predict the total sugar content online (The predicted time interval is 2 
hours), and the glucose feed rate of fermentation tank could be adjusted automatically. See Figures 11 
and 12. ⅲ) Firstly, the on-site operators can adjust the glucose feed rate according to the total sugar 
content value through sampling, filtering and measurement, which is the artificial adjustment process of 
glucose feed rate. ⅳ) The first part of this paper focuses on building a soft sensor model to make an 
online prediction of the total sugar content of the fermentation tank. The second part focuses on the 
optimal control of glucose feed rate of fermentation tank, so as to reduce production cost, stabilize 
production process and improve product quality. 

As can be seen from Figure 13: 1) due to the large lag time of artificial analysis of total sugar 
content, the control of glucose feed rate is not timely and fluctuated greatly; 2) The prediction model 
based on the total sugar content can control the rate of glucose feed in time with small fluctuation, 
reduce the total amount of glucose feed and reduce the production cost. The superposition of the two 
curves in Figure 13 is intended to facilitate comparison and analysis. 

In this section we will be considering the following factors for performing experiments on the 
production site. 

i) When we do experiments on the production site, we must not affect the normal production 
process in order to avoid economic losses or casualties to the production plant. 

ii) When the experimental process needs to obtain online measurement data from the 
production process monitoring center or database, the factory leaders and related engineers should 
be contacted in advance, and the field experiment can only be carried out after obtaining formal 
permission and commitment. 

Note: The online soft sensor model of total sugar content established in this paper has been 
run in the field for several months and compared with the manual analysis value. The predicted 
value of the model can only be used as the measurement value of total sugar content in the optimal 
control system of glucose feed rate when the measurement accuracy is satisfied and the operator’s 
approval is obtained. In order not to affect the production process, the validation process of the 
prediction model takes several months, which requires multiple batches of data to be validated. 

5. Conclusions 

In the process of chlortetracycline fermentation, because the fermentation broth contains a lot of 



10706 

Mathematical Biosciences and Engineering  Volume 19, Issue 10, 10687−10709. 

impurities, and its viscosity is very large. At present, no instrument can be used to measure the total 
sugar content of fermentation broth online, so it is difficult to realize the optimal control of glucose 
feed rate in fermentation process. In order to solve this challenging problem, the authors first 
established the online soft sensor model of total sugar content, and then proposed the expert experience 
regulation rules and inference algorithm. The optimal control of glucose feed rate in fermentation 
process is realized. The innovations of this paper can be summarized as follows: 
1) Several different fermentation stages are divided based on the changing trend of the amount of 
supplemental sugar required in the chlortetracycline fermentation process.  
2) Based on the measurable variables of fermentation tank, a recursive fuzzy neural network (RFNN) 
is constructed and a network rolling training method is used to establish an online soft sensor model 
of total sugar content in the fermentation tank.  
3) The online prediction of total sugar content and the optimal control of glucose feed rate are realized 
by the expert experience regulation rules and the corresponding inference algorithm.  
4) The experimental results show that the online prediction model of total sugar content and the optimal 
control strategy of sugar supplement rate proposed in this paper have the advantages of reducing 
production cost and improving the yield and quality of chlortetracycline production. Therefore, the 
online soft-sensing model and optimized control scheme can also be applied to related industrial 
production processes (or biochemical production processes). 
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