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This paper aims at the shortcomings of manual offline sampling and offline analysis of the traditional biofermentation technology, proposes an intelligent online monitoring system for the bio-fermentation, presents
the overall system structure, detail hardware and software design, and then using actual examples to verify
the effectiveness of the system design in this paper. The system is embedded with improved continuous
hidden Markov measurement model, which can effectively monitor the biological fermentation parameters
online and utilize the minimum classification error to optimize the CHMM to achieve the purpose of controlling
the convergence error of the algorithm. The simulation results show that the mean variance of the proposed
algorithm is 0.182, and the calculated mean variance of the neural network algorithm reaches 0.911. The
simulation algorithm proposed in this paper is significantly higher in the calculation accuracy than that of the
neural network algorithm. At the same time, by using reliability we can better identify the simulation results and
avoid blind control.

1. Introduction
Bio-fermentation is a bioengineering technology that utilizes the metabolism of microorganisms for the
production of chemical raw materials. The continuous regulation of the technological parameters of biofermentation is the most important means of maintaining biological production of chemical raw materials
(Bogaerts and Wouwer, 2003; Assis, 2000; Li, 2017; Pederzoli et al., 2017; Gagliardi and Mondini, 2018;
Majumdar and Roy, 2018; Zhang et al., 2016; Ma, 2016; Seddak and Liazid, 2016; Quinlan et al., 2017;
Amara et al., 2017; Puglia et al., 2017; Calabrò and Panzera, 2017; Quinlan et al., 2017; Malaguti et al., 2017;
Borchiellini et al., 2017; Borchiellini et al., 2017; Zaccone et al., 2017; Rajput et al., 2017;).
The essential factors for the growth of microorganisms are temperature, water, nutrients, pH value, etc. Since
the bio-fermentation involves many aspects as physics, chemistry and biology, etc, and it is a typical nonlinear
and time-varying reaction process (Yong, Huang and Jin, 2004), the existing technologies have many
shortcomings in the online monitoring of related metabolic indexes (such as biological concentration, growth
rate and metabolic rate) of microorganisms. Currently, the most commonly used method is to manually sample
the bio-fermentation and perform offline analysis, however, this method has larger sampling amount and the
analysis result is lagging, which severely constrains the development of bio-fermentation technology (Pérez et
al, 2013; Desai et al, 2006).
The online monitoring of bio-fermentation is currently a research hotspot in bioengineering. The present online
monitoring methods are based on different measure and control units, neural network method, support vector
machine (SVM). (Rivera et al., 2009). The neural network method has some defects such as slow rate of
convergence and overfitting; SVM also has defects such as inability to adaptively select calculation
parameters and large algorithm calculated amount (Shah et al., 2010; Chandola et al., 2007; Tarkiainen et al,
2005; Rhee, Ritzka and Scheper, 2004). Therefore, establishing an intelligent monitoring system for the biofermentation is of great practical significance for real-time monitoring of fermentation process and mechanism,
and the optimization and regulation of bio-fermentation.
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This paper aims at the shortcomings of manual offline sampling and offline analysis of the traditional biofermentation technology, proposes an intelligent online monitoring system for the bio-fermentation, presents
the overall system structure, detail hardware and software design, and then using actual examples to verify
the effectiveness of the system design in this paper.

2. Design of bio-fermentation intelligent online monitoring system
Figure 1 shows the overall system architecture of the bio-fermentation intelligent monitoring system. The
monitoring of traditional bio-fermentation process is mostly conducted and controlled by hardware sensors and
microbial metabolic data collectors. The intelligent online monitoring system designed in this paper can
analyze the whole process of microbial fermentation, and construct the soft-sensing model by processing the
prior knowledge and related parameters. The system has set up several main functional units including
intelligent detection unit, data acquisition unit, hardware sensor unit, control unit, network interface unit, the
units are described in detail as follows:
(a) Data acquisition unit: it collects relevant data of the bio-fermentation process. This unit consists three
parts: sensor, signal conditioner and data collector. The collected bio-fermentation analog quantity is
converted into digital quantity that can be processed on computers;
(b) Hardware sensor unit: it includes detection unit, data preprocessing unit and online monitoring real-time
data unit, its main role is to conduct related calculation to the converted digital quantity;
(c) Intelligent detection unit: it is the core unit of the whole bio-fermentation intelligent monitoring system, by
analyzing the extracted bio-fermentation data, it obtains parameters of the whole bio-fermentation process and
finally achieves online detection of microbial fermentation.
(d) Control unit: it includes PID, control of various equipment switch components; modules, predictive control,
etc;
(e) Network interface unit: it is used to control the data exchange between the platform and the staff operation
layer.
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Figure 1: Overall architecture of bio-fermentation intelligent monitoring system
Figure 2 shows the hardware design framework of the bio-fermentation intelligent monitoring system. The
hardware in the system can collect core parameters of the bio-fermentation such as pH value, temperature
and oxygen concentration etc. The environment temperature of bio-fermentation can be adjusted by the
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cooling water switch; the fermented nutrient solution is mixed thoroughly by the stirring rod; and the alkaline
pump is used to adjust the pH value of the solution.
Air
Cooling water
Cooling water

Monitor computer
OPC Client
OPC Server

Temperature
Dissolved oxygen

Detection
PXI-8186
Embedded
Controller

Fermenter

Defoaming

PXI-6259
Multi-function
DAQ capture
card

Peristaltic pump

Add acid
PH value

Add alkali
Defoaming
Feeding

Motor speed
Inverter

Heating
switch

Motor

Control

Figure 2: Hardware design framework of bio-fermentation intelligent monitoring system
Figure 3 shows the software design framework of the bio-fermentation intelligent monitoring system. It is
mainly consisted of several parts including monitoring task management and operation, data management
scheduling and interface software, which are programmed by LabVIEW. Each unit exchanges data through a
unified interface of the system. Staff can open the system interface to access different modules uniformly,
which effectively increases the reliability of the system and reduces the complexity of the system calculation.
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Figure 3: Software design framework of bio-fermentation intelligent monitoring system
The soft-sensing model used in this paper is an improved continuous hidden Markov model (CHMM), the
CHMM is optimized by the minimum classification error (MCE), and the MCE expression is:

 1
η
d ( Ok , n , Λ ) = − g ( Ok ,n , λk ) + 
g ( Ok , n , λ p ) 

 K − 1 p≠k

By simplifying Formula 1 we can get:

1η

(1)
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d ( Ok ,n , Λ ) = − g ( Ok ,n , λk ) + g ( Ok ,n , λc )

(2)

λc is the optimal competition model; g (Ok, n, λc) is discrimination function. By embedding a Sigmoid function
into Formula 2 we get:

l ( Ok ,n , Λ ) =

1

(

1 + exp −d ( Ok ,n , Λ )

)

(3)

Formula 3 is the loss function of the CHMM model. When there are K subcomponents in the system, the total
loss function is the sum of K subcomponents:
K

N

L ( O, Λ ) =  l ( Ok ,n , Λ )

(4)

k =1 n =1

3. Test and analysis
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Conduct verification to the bio-fermentation intelligent online monitoring system established in this paper, and
take the fermentation of erythromycin as an example. The fermentation cycle of erythromycin is about 170h,
and its main fermentation stage is 50h-150h. Manually take offline samples of the microbial fermentation every
6h, and collect several core parameters of the bio-fermentation of each single sampling. Figure 4 shows the
offline sampling and fitting results of erythromycin concentration. The overall offline sampling data is divided
into training set and test set, the maximum number of iterations is 200 times.

20
10
0

O ffline value
Fitted value
0

40

80
t/h

120

1 1 .4

1 1 .0

0

160

Figure 4: Erythromycin concentration offline sampling
results and fitting results
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Set the convergence error of the algorithm as 10 . Figure 5 shows total loss curve of the model of the
proposed algorithm, when the loss severity reaches 50 steps, the model is convergent.
Figure 6 shows the computer simulation results of the proposed algorithm and the traditional neural network
algorithm of bio-fermentation. It can be seen from the figure that the prediction results of the proposed method
are better than those of the neural network algorithm. Using mean variance to calculate both algorithms, the
mean variance of the proposed algorithm is 0.182, while the calculated result of the mean variance of the
neural network algorithm reaches 0.911.

40
30
20
10
0

0

Offline value
Fitted value
40

80
t/h

120

160

(b) Neural network model

Figure 6: Simulation prediction of microbial fermentation concentration based on neural network model and
the proposed model
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The reliability V is expressed as:
V=

(

max P ( O λk )
k

K

 P (O λ )

) ×100%

k

(5)

k =1

Using the proposed algorithm and NN algorithm to calculate 10 samples, the predicted value, prediction error
and reliability are obtained. The statistical results are shown in Table 1. From Table 1, we can see that the
simulation algorithm proposed in this paper has significantly higher computational accuracy than the neural
network algorithm. The fifth and seventh samples in the 10 samples have relatively lower reliabilities of 57%
and 35%, respectively, while the predictive results of the two samples are higher than the actual offline
sampling results, the prediction error is larger, which indicates that the use of reliability can better identify the
simulation results, and avoid blind control.
Table 1: Prediction results and reliability of the proposed algorithm and neural network (NN) algorithm
Serial
number
1
2
3
4
5
6
7
8
9
10

Offline analysis of
the value/(g/L)
38
36
35
33
34
38
36
32
35
38

Predictive value/(g/L)
Proposed NN
37.01
37.98
37.56
37.72
37.23
37.38
33.96
36.55
35.16
35.69
35.88
35.71
38.25
36.93
35.78
36.97
37.39
37.04
32.74
35.84

Error/(g/L)
Proposed
0.02
0.01
0.03
0.04
0.46
0.09
0.82
0.01
0.03
0.02

NN
0.78
0.78
1.21
1.08
1.44
0.62
1.73
0.89
0.66
1.15

Credibility/%
Proposed
NN
98
99
100
94
57
90
35
97
95
93
-

4. Conclusion
This paper aims at the shortcomings of manual offline sampling and offline analysis of the traditional biofermentation technology, proposes an intelligent online monitoring system for the bio-fermentation, presents
the overall system structure, detail hardware and software design, and then using actual examples to verify
the effectiveness of the system design in this paper. The research conclusions are as follows:
(1) The system is embedded with improved continuous hidden Markov measurement model, which can
effectively monitor the biological fermentation parameters online and utilize the minimum classification error to
optimize the CHMM to achieve the purpose of controlling the convergence error of the algorithm.
(2) The simulation results show that the mean variance of the proposed algorithm is 0.182, and the calculated
mean variance of the neural network algorithm reaches 0.911. The simulation algorithm proposed in this paper
is significantly higher in the calculation accuracy than that of the neural network algorithm. At the same time,
by using reliability we can better identify the simulation results and avoid blind control.
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