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Abstract. This article introduces the design of an intelligent control algorithm for
equipment based on microbial population optimization fuzzy PID (P is the proportion,
which is the input deviation multiplied by a coefficient; I is integral, which means inte-
grating the input deviation; D is differentiation, performing differentiation operations on
input deviations. ). Firstly, an overview was given of the fuzzy PID control algorithm and
the bacterial colony optimization algorithm, and the principle and method of applying the
bacterial colony optimization algorithm to the parameter optimization of the fuzzy PID
controller were elaborated. Then, a detailed introduction was given to the design pro-
cess of a device intelligent control algorithm based on microbial optimization fuzzy PID,
including fuzzification functions, rule libraries, defuzzification functions, as well as the
fitness functions and parameter adjustment strategies of the microbial optimization algo-
rithm. Finally, the effectiveness and superiority of this algorithm were verified through
experiments, and compared with traditional PID control algorithms. The experimental
results show that the algorithm has better control performance and robustness, and can
effectively achieve intelligent control of devices.
Keywords: Microbial optimization; Fuzzy PID; Intelligent control; Parameter opti-
mization; control performance

1. Introduction. With the continuous improvement of industrial automation level, the
requirements for equipment control systems are also increasing. The traditional PID
control algorithm can no longer meet the needs of modern industrial control. In order to
improve the control accuracy and robustness of the equipment, researchers have proposed
an intelligent control algorithm based on microbial population optimization fuzzy PID
for the equipment. This algorithm applies the bacterial colony optimization algorithm to
the parameter optimization of the fuzzy PID controller, achieving intelligent control of
the equipment. This article will provide a detailed introduction to the design process and
experimental verification results of the algorithm. Microbial optimization can solve the
parameter optimization problem in fuzzy PID, or fuzzy PID can provide adaptive control
required for microbial optimization.

In order to improve the accuracy of network intrusion detection, the Deep Belief Net-
works (DBN) algorithm is used for intrusion detection, while the Bacterial Foraging

2405



2406 C. Wu and B. Zhoug

Optimization (BFO) algorithm is used to solve the optimal DBN parameters [1]. The
multi-objective optimization problem widely exists in scientific research and engineering
practice, and there is no unique optimal solution. Its solution is a set of Pareto solutions.
Heuristic search algorithms based on population evolution have become the main means
of solving multi-objective optimization problems today, as they can simultaneously obtain
multiple Pareto solutions in one run [2]. A one-step predictive control algorithm based
on microbial population optimization algorithm and model learning is proposed. The
algorithm establishes a system mathematical model based on nonlinear system input and
output data using least squares support vector machine, obtains system output estimation
values, uses feedback correction to reduce prediction errors [3]. On the basis of introduc-
ing several typical microbial community optimization methods, some scholars focused on
keyword analysis of relevant literature on bacterial foraging algorithms. Combining the
shortcomings of keywords and original bacterial foraging algorithms, they reviewed the
improvement research of microbial community optimization methods from four aspects:
parameter and structure optimization, multi algorithm mixing, operator improvement,
and multi-objective optimization transformation [4].

Luo [5] used PID technology to combine pulse signal threshold and overcurrent coeffi-
cient in electrical automatic control systems to construct a direct current transfer function
Three adjustment mechanisms, namely proportional, differential control, and actual pa-
rameter integration, were used to calculate the parameter difference of the automatic
control program. Gao [6] proposed a Fuzzy PID composite controller (PSO Fuzzy PID)
based on Particle Swarm Optimization (PSO) algorithm. Chen [7] proposed a position
control method for electro-hydraulic proportional systems based on radial basis function
(RBF) neural network tuning PID. Cen [8] designed a fuzzy PID intelligent controller by
combining PID algorithm and fuzzy control, which utilizes a microcontroller to form a
temperature control system. Cui et al. [9] designed a light and small spherical amphibious
robot based on fuzzy PID to solve the problem of strict working environment requirements
for mobile robots, which is suitable for variable and narrow environments. Peng and Chen
[10] established a half vehicle semi-active suspension model based on Matlab /Simulink,
and designed a fuzzy PID controller to control the semi-active suspension. In order to
improve the clustering performance of the nearest neighbor propagation clustering algo-
rithm, Zhang [11] adopted the bacterial colony algorithm to optimize the parameters of
nearest neighbor propagation bias.

Guo et al. [12] proposed a K-means clustering algorithm based on microbial community
optimization. Establish a data clustering model using the K-means algorithm. Wang et
al. [13] adopted a radial basis function neural network algorithm based on microbial com-
munity optimization to fuse sensor network data, remove redundant perception data, and
reduce data dimensions. The microbial community algorithm, as an emerging heuristic
search algorithm based on population evolution, has made preliminary explorations in
multi-objective optimization problems in recent years, but there is still a lack of in-depth
research on its population evolution mechanism. Weng [14] proposed a one-step predictive
control algorithm based on microbial community optimization algorithm and model learn-
ing. The system mathematical model is established through least squares support vector
machine to obtain estimated system output values [15]. Qiu et al. [16] used quantum
microbiota algorithm to solve non convex objective optimization functions.

The relevant work of this paper includes:
Literature review: Review the relevant literature on fuzzy PID control algorithm and

bacterial colony optimization algorithm, introduce the development history, principles
and methods of these two algorithms, as well as their application status in the field of
equipment control. Zhao proposed a temperature control system using Smith fuzzy PID
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controller [17]. Ma proposed a coal selection automatic control technology based on fuzzy
PID control [18]. In order to improve the control accuracy of the telescopic arm of special
cranes, Ma and He [19] proposed an automatic control method for the telescopic arm of
special cranes based on fuzzy PID fusion. In response to the shortcomings of existing
literature, the advantages and innovations of this research method, and how the proposed
new algorithm overcomes the limitations of existing algorithms.

Experimental verification: Verify the effectiveness and superiority of the device intel-
ligent control algorithm based on microbial population optimization fuzzy PID through
experiments. The experimental results show that the algorithm has better control per-
formance and robustness, and can effectively achieve intelligent control of devices. By
analyzing the working principle and trajectory shaping control requirements of the cut-
ting arm, Guo [20] used a genetic algorithm (GA) combined with a fuzzy PID controller to
complete the swing speed control of the cutting arm. Sun [21] designed a dual tank liquid
level control experimental system based on fuzzy PID. Zhou et al. [22] used the Fuzzy
PID (Proportional Integral Derivative) control algorithm to output pulse width modula-
tion waves with different duty cycles, controlling the consistency between the temperature
of radiative cooling materials and the ambient temperature.

Parameter optimization: The bacterial colony optimization algorithm was applied to
the parameter optimization of the fuzzy PID controller. The control effects under different
parameters were compared through experiments, and the optimal parameter combination
was obtained. Chen et al. [23] combined PID algorithm and fuzzy control to design a
fuzzy PID intelligent controller, which utilizes a microcontroller to form a temperature
control system.

Control strategy analysis: Analyze the control strategy of the device intelligent control
algorithm based on microbial optimization fuzzy PID, including fuzzification function, rule
library, as well as the fitness function and parameter adjustment strategy of the microbial
optimization algorithm. Liu et al. [24] propose an improved particle swarm optimization
based fuzzy PID control method for nonlinear control updates of inertia weights and
learning factors, enhancing population optimization ability and avoiding falling into local
optima. Fan et al. [25] demonstrated that the equivalent variable universe fuzzy PID
controller has faster response speed and stronger anti-interference ability.

System implementation: Implement a device intelligent control algorithm based on
microbial population optimization fuzzy PID through programming language, and write
corresponding code. Sun [26] studied the establishment of a dual layer modular control
system for near-infrared online detection and extraction equipment, and optimizes the
fuzzy PID based on Particle Swarm Optimization (PSO) algorithm. Mou and Chen [27]
designed a fuzzy PID controller for the lateral vibration of high-speed trains and a fuzzy
PID controller for the frame. Lu et al. [28] proposed a control method for transplanting
robotic arms based on fuzzy PID control strategy. Yuan et al. [29] proposed an improved
fuzzy PID control strategy (ICSO-FUZZY-PID) that incorporates the improved chicken
swarm optimization (ICSO) algorithm on the basis of traditional fuzzy PID control meth-
ods.

Result comparison: The device intelligent control algorithm based on microbial popu-
lation optimization fuzzy PID was compared with traditional PID control algorithm, and
the superiority of this algorithm was verified through experiments. Based on the fuzzy
proportional integral derivative (PID) control theory, Chen et al. [30] designed a track
tension control system that can adjust the tightness of the track by rotating the inducer
arm.

Conclusion: Summarize the design process and experimental results of the device in-
telligent control algorithm based on microbial population optimization fuzzy PID, and
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draw conclusions. This algorithm has better control performance and robustness, and
can effectively achieve intelligent control of equipment, which has important application
value and development prospects.

In summary, the relevant work of this paper includes a detailed introduction and anal-
ysis of the design process of a device intelligent control algorithm based on microbial
population optimization fuzzy PID, and the effectiveness and superiority of the algorithm
have been verified through experiments. At the same time, the paper also provides a re-
view and analysis of the current research status in related fields, providing useful reference
and inspiration for research in related fields.

2. Relevant theoretical analysis.

2.1. Fuzzy PID control algorithm. Fuzzy PID Control Algorithm is a control algo-
rithm based on fuzzy control, which is an enhanced version of the Conventional Integrated
Derivative Control Algorithm and can better control complex systems. The fuzzy PID
control algorithm is an improved controller that applies fuzzy logic to traditional PID
control algorithms. It fuzzifies the input signal, infers based on fuzzy rules, and finally
outputs the control signal by deblurring. Compared with traditional PID control algo-
rithms, fuzzy PID control algorithm has better robustness and adaptability. Fuzzy PID
control refers to the use of fuzzy logic and real-time optimization of PID parameters based
on certain fuzzy rules, in order to overcome the shortcomings of traditional PID parame-
ters that cannot be adjusted in real time. Fuzzy PID control includes components such as
fuzzification, determining fuzzy rules, and resolving fuzziness. The car collects track in-
formation through sensors to determine the current deviation E from the centerline of the
track and the change ec between the current deviation and the previous deviation. Fuzzy
reasoning is performed based on the given fuzzy rules, and finally the fuzzy parameters
are deblurred to output PID control parameters.

The fuzzy PID control algorithm consists of three main parts: fuzzy controller, PID
controller, and feedback signal. Fuzzy controllers are responsible for identifying different
inputs, including system variables, system parameters, and controller parameters. The
PID controller is responsible for changing the state of the system to achieve the desired
control results. The feedback signal is responsible for providing feedback on the state of
the system, so that the controller can adjust based on the feedback signal to achieve the
best control effect.

Fuzzy algorithms are not fuzzy, they are also a process of gradual refinement. For
example, when designing an inverted pendulum system, we can use words such as ”small”,
”medium”, ”large” to describe the deviation state of the pendulum needle, and adjust the
control effect of the system based on different deviation states. Overall, the fuzzy PID
control algorithm is a very effective control algorithm that can adapt to different systems
and has good control effects.

The core part of the fuzzy PID control algorithm is fuzzy rules, which are control
rules determined based on experience and expert knowledge. In the fuzzy PID control
algorithm, fuzzy rules are used to match input variables with variables in the rules, obtain
a set of weights, and then add these weights to obtain a fuzzy output. The ambiguity
of fuzzy output can be used to evaluate the reliability of the output. In addition, the
fuzzy PID control algorithm also includes a fuzzy controller and a PID controller. Fuzzy
controllers are responsible for identifying different inputs, including system variables,
system parameters, and controller parameters, while PID controllers are responsible for
changing the state of the system to achieve the desired control results. The feedback signal
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is responsible for providing feedback on the state of the system, so that the controller can
adjust based on the feedback signal to achieve the best control effect.

2.2. Design Formula for Fuzzy PID Controller. Define fuzzy variables: Define input
variables e and ec, output variables u, as well as their fuzzy sets and membership functions.
Design fuzzy rules: Design a fuzzy rule library based on the characteristics and control

requirements of the system. Fuzzy rules typically consist of a series of if-then statements
used to describe the relationship between input and output variables.

Calculate fuzzy output: Calculate the fuzzy set and membership function of the output
variable based on the measured values of the input variable and the fuzzy rule library.

Calculate PID control parameters: Convert the fuzzy set and membership function
into the parameters of the PID controller, including proportional coefficient, integral
coefficient, and differential coefficient.

Calculate control quantity: Calculate the control quantity u based on the parameters
of the PID controller and the current system state.

Implement control: Input the control quantity u into the controlled system for control.

3. Fuzzy Output Process. Firstly, we need to fuzzify the input variables. Usually, the
input variable is a continuous numerical value, and we need to convert it into a fuzzy set.
This process can be achieved through membership functions. For example, we can use a
triangular membership function to map input variables onto the interval of [−1, 1], and
then calculate membership based on different fuzzy sets (such as negative large, negative
medium, negative small, zero, positive small, positive medium, positive large).

Next, we need to perform fuzzy reasoning based on the fuzzy rule library. A fuzzy
rule library is a series of if-then statements established based on expert knowledge and
experience, used to describe the relationship between input variables and output variables.
For example, we can calculate the output membership functions corresponding to different
input variables based on the fuzzy rule library.

Finally, we need to deblur the output membership function and convert it back to a
continuous numerical value. This process can be achieved through the weighted average
method or the central average method. For example, we can weight average the mem-
bership of each fuzzy set corresponding to the output membership function to obtain
a continuous output value. Design Formula for Fuzzy PID Controller: Parameters and
Tuning Provide specific parameter selection criteria and tuning processes, and determine
the optimal parameter values through experiments or simulations.

It should be noted that the specific implementation method of the fuzzy output cal-
culation process depends on the specific system model and control requirements. At the
same time, in order to improve control accuracy and response speed, we also need to ad-
just and optimize the fuzzy rule library and membership function according to the actual
situation.

The fuzzy controller used for parameter adjustment adopts a form of two inputs and
three outputs. The controller takes error e and error rate of change ec as inputs, and
the correction ∆kp, ∆ki, ∆kd of the three parameters P , I, and D of the PID controller
as outputs. Take the input error, error rate of change, and output ∆kp, ∆ki, ∆kd fuzzy
subsets as {NB,NM,NS,ZO, PS, PM,PB}. The elements in the subsets represent
negative large, negative medium, negative small, zero, positive small, positive medium,
and positive large, respectively. The domain of error e and error change rate ec is [−3, 3],
and the quantization level is {−3,−2,−1, 0, 1, 2, 3}.
Based on the membership assignment table of each fuzzy subset and the fuzzy control

model of each parameter, a fuzzy matrix table for fractional order PID parameters is
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designed using fuzzy synthesis inference. The parameters are calculated by substituting
them into the following formula:

kp = kp0 +∆kp (1)

ki = ki0 +∆ki (2)

kd = kd0 +∆kd (3)

In the formula: ∆kp, ∆ki, ∆kd is the initial design value of PID parameters, designed
using the parameter tuning method of conventional PID controllers. For the three outputs
∆kp, ∆ki, ∆kd, the values of the three PID control parameters can be automatically
adjusted based on the state of the controlled object.

3.1. Colony Optimization Algorithm. The microbial community optimization algo-
rithm is an optimization algorithm based on the reproduction and competitive behavior
of natural microbial communities. It simulates the reproduction and competition process
of bacterial communities to achieve the search for the optimal solution of the problem.
This algorithm has the advantages of strong global search ability and high optimization
accuracy.

(1) The bacterial foraging optimization (BFO) algorithm is a fascinating optimization
technique that can find approximate solutions to maximization/minimization problems in
extremely complex or impossible numerical functions. This algorithm is widely regarded
as a global optimization algorithm for distributed optimization and control. The inspi-
ration for BFO comes from the social foraging behavior of Escherichia coli. BFO has
attracted the attention of researchers as it has demonstrated its effectiveness in solving
practical optimization problems in multiple application fields. The biology behind the
foraging strategy of Escherichia coli is simulated in the original way and used as a simple
optimization algorithm.

(2) Bacteria, such as Escherichia coli or Salmonella, are one of the most successful
organisms on Earth. These agile bacteria have semi-rigid appendages called flagella, which
push themselves through twisting movements. When all flagella rotate counterclockwise,
a propeller effect occurs, pushing bacteria to move more or less in a straight line. In
this case, bacteria perform a movement called swimming. All flagella rotate in the same
direction.

Flagella help Escherichia coli roll or swim, which are the two main operations performed
by bacteria during foraging. When they rotate their flagella clockwise, each flagella pushes
the cells in the opposite direction. When the flagella rotate in different directions, bacteria
will roll over. Bacteria tend to roll less when moving in favorable environments, while in
harmful environments, they often roll, sensing nutrient gradients. The counterclockwise
movement of the flagella helps bacteria swim at very high speeds.

In the above algorithm, the behavior of bacteria is determined by a mechanism called
bacterial chemotaxis, which is the movement response of these microorganisms to chemical
stimuli in the environment. This mechanism allows bacteria to move towards attractants
(the most common nutrients) and away from repellents (substances with potential harm
to bacteria). The receptors for detecting attractants and repellents are located at the
poles of the bacteria.

Due to its small size, bacteria are unable to capture the differences in useful and harmful
substance concentrations between the two poles. Bacteria determine the gradient of these
substances by measuring changes in concentration during movement. The speed of this
movement can reach tens of bacterial lengths per second. For example, Escherichia coli
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typically moves at a speed of 10-20 times its body length per second, as shown in Figure
1.

Figure 1. BFO algorithm logic block diagram

4. Design of Equipment Intelligent Control Algorithm Based on Microbial
Optimization Fuzzy PID.

4.1. Design of Fuzzification Functions. The design of fuzzification function is one of
the important links in the design of fuzzy PID controller. This article uses a triangular
membership function to fuzzify the input signal. This function has the advantages of
simplicity, ease of implementation, and good processing efficiency. According to the actual
requirements of device control, we can divide the input signals into three levels: negative
large (NB), negative medium (NM), negative small (NS), zero (ZR), positive small (PS),
positive medium (PM), and positive large (PB).

When the fuzzification function to be designed is a nonlinear function, the following
methods can be used:

(1) Determine the nonlinear mapping relationship of the input variable: Map the value
range of the input variable to a new value range, which can be linear or nonlinear.

(2) Design membership function: Based on the mapped input variable values, design
the corresponding membership function. These membership functions can be conventional
triangular, trapezoidal, or Gaussian, or can be in the form of custom functions.

(3) Determine the fuzzy set: Determine the corresponding fuzzy set based on the design
of the membership function. These fuzzy sets can be conventional negative large, negative
medium, negative small, zero, positive small, positive medium, positive large, etc., or they
can be custom set forms.

(4) Design fuzzy rules: Design a fuzzy rule library based on the mapped input variable
values and corresponding fuzzy sets. These fuzzy rules can be in the form of if-then
statements or other customized forms.
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(5) Calculate fuzzy output: Calculate the corresponding fuzzy output based on the
designed fuzzy rules and membership function. These fuzzy outputs can be individual
output values or output vectors.

(6) Defuzzification processing: Deblurring the fuzzy output and converting it back to
continuous numerical values. This process can be achieved through the weighted average
method or central average method, etc.

It should be noted that the design of nonlinear fuzzification functions requires more
adjustments and optimizations to ensure the smoothness, accuracy, and response speed of
the control. At the same time, it is also necessary to consider the feasibility and feasibility
in practical applications.

4.2. Rule base design. The rule library is one of the core parts of a fuzzy PID controller,
which contains all fuzzy inference rules. This article designs the following rules based on
the actual operation of the equipment: IF E is NB and I is NB and D is NB THEN Kp is
PM and Ki is NM and Kd is PB; IF E is NM and I is NM and D is NM THEN Kp is PB
and Ki is PM and Kd is NM; IF E is NS and I is NS and D is NS THEN Kp is PM and
Ki is PB and Kd is NM; IF E is ZR and I is ZR and D is ZR THEN Kp is ZR and Ki is
ZR and Kd is ZR; IF E is PS and I is PS and D is PS THEN Kp is PB and Ki is PM and
Kd is PS; IF E is PM and I is PM and D is PM THEN Kp is PB and Ki is PM and Kd
is PM; IF E is PB and I is PB and D is PB THEN Kp is PM and Ki is NM and Kd is
PB. Among them, E, I, and D represent error, error integration, and error differentiation,
respectively; Kp, Ki, and Kd represent proportional, integral, and differential coefficients,
respectively; PM, NM, and NS respectively represent positive, positive, and negative; ZR
represents zero; PS, PM, and PB represent small, medium, and large respectively; NB
represents negative large.

The rule library in fuzzy control algorithms is the core part of fuzzy controllers, which
is composed of a series of if then statements used to describe the relationship between
input variables and output variables.

When designing a rule base, we need to determine the number and form of fuzzy rules
based on the characteristics and control requirements of the system. Usually, the more
fuzzy rules there are, the higher the control accuracy and response speed of the system, but
it also increases the computational complexity and implementation difficulty. Therefore,
we need to weigh and choose based on the actual situation. Common forms of fuzzy rules
include max min type, product type, and sum type, which can be selected according to
actual situations. Among them, the max min type fuzzy rule is one of the most commonly
used forms, which maps different states of input variables to different output values, and
obtains the final output result by comparing the output values under different states.

When designing a rule library, we also need to consider the priority and conflict situa-
tions between different fuzzy rules. If the output results between different fuzzy rules are
contradictory, it will have an adverse impact on the control effectiveness of the system.
Therefore, we need to adjust and optimize the fuzzy rules according to the actual situation
to ensure the control accuracy and smoothness of the system.

Overall, the design of the rule base needs to be analyzed and adjusted according to the
actual situation to ensure the control accuracy and smoothness of the system. The design
of rule bases is an important component of fuzzy control, and the following factors need
to be considered:

(1) Stability of control systems: When designing a rule base, it is necessary to consider
the stability of the control system. If the rule base design is not reasonable, it may lead
to system instability and affect control effectiveness.
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(2) Response speed of the control system: The design of the rule library also needs to
consider the response speed of the control system. If the response speed is too slow, it
will lead to delayed control effect and affect the performance of the system.

(3) The anti-interference ability of the control system: When designing the rule base, it
is necessary to consider the anti-interference ability of the control system. If the design of
the rule library is not reasonable, it may lead to system interference and affect the control
effect.

(4) The interaction between different variables: In the design of the rule library, it is
necessary to consider the interaction between different input variables. If the interactions
between different input variables cancel out or overlap with each other, it will have an
adverse impact on the control effect.

(5) The nonlinear characteristics of control systems: Many control systems have non-
linear characteristics, so the influence of nonlinear factors needs to be considered when
designing rule bases. For example, some nonlinear control systems may require the use of
nonlinear fuzzy rules to achieve better control results.

(6) Interpretability and Maintainability of Rule Bases: When designing a rule base, it
is necessary to consider its interpretability and maintainability. The rule library should
be easy to understand and maintain, in order to make corresponding adjustments and
optimizations during system debugging and operation.

In summary, the design of the rule base needs to consider multiple factors such as the
stability, response speed, anti-interference ability, interaction between different variables,
nonlinear characteristics and interpretability, maintainability, etc. of the control system.
In actual design, comprehensive consideration and analysis need to be carried out based
on specific situations.

4.3. Design of defragmentation function. The function of defuzzification function is
to convert the results of fuzzy reasoning into precise control signal output. This article
uses the center of gravity method as the ambiguity function, which has the advantages of
low computational complexity and high accuracy. By using the center of gravity method,
the area under the membership function curve corresponding to each level can be obtained,
and accurate control signal output values can be calculated.

The defuzzification function is an important component of fuzzy control, which aims to
convert fuzzy output into clear output values. When designing a defuzzification function,
the following factors need to be considered:

(1) Range of output values: Determine the range of output values according to the
requirements of the control system. If the output value exceeds this range, appropriate
adjustments and processing are needed.

(2) Smoothness of output value: The deblurring function should be able to convert the
fuzzy output into a smooth output value. If there is a sudden change or fluctuation in
the output value, it will have an adverse impact on the control effect.

(3) Computational complexity: The computational complexity of solving the ambiguity
function also needs to be considered. If the computational complexity is too high, it will
lead to low computational efficiency and affect the real-time performance of the control
system.

(4) Common methods for resolving ambiguity include center of gravity method, area
bisection method, maximum value method, etc. Among them, the center of gravity
method is one of the most commonly used methods for ambiguity resolution, which bisects
the area enclosed by the fuzzy output curve and the horizontal axis to obtain a clear output
value. The advantage of the center of gravity method is that it can obtain a smooth output
value, but the computational complexity is relatively high.
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(5) When designing the defuzzification function, specific analysis and selection need
to be made based on the actual situation. For example, if the output value of the con-
trol system requires high accuracy, the center of gravity method or other high-precision
ambiguity resolution methods can be used; If real-time requirements are high, a lower
computational complexity deblurring method can be used.

It should be noted that the design of the defuzzification function needs to match the
design of the fuzzification function. If the design of the fuzzification function is not
reasonable. Therefore, when designing the defuzzification function, it is necessary to
consider the combination with the fuzzification function and the overall control effect.

PID control is a linear control that forms a control deviation based on the fixed value
r(t) and the actual output value y(t).

e(t) = r(t)− y(t) (4)

Continuous situation:

u(t) = kp

[
e(t) +

1

Ti

∫ t

0

e(x) dx+ TD
de(t)

dt

]
(5)

Discrete case:

u(k) = kp

{
e(k) +

1

Ti

1∑
j=0

e(j) + TD
e(k)− e(k − 1)

T

}
(6)

∆u(k) = Kp (e(k)− e(k − 1)) +Kie(k) +Kd (e(k)− 2e(k − 1) + e(k − 2)) (7)

Fuzzy adaptive PID control, with error e and error change rate ec as inputs, can meet
the self-tuning requirements of PID parameters at different times. The structure of fuzzy
adaptive PID control is to modify PID parameters using fuzzy rules.

5. Experimental results and analyses.

5.1. Experimental environment and experimental data set. The experimental
hardware environment is: Intel Core i5 2.2GHz processor, 6G RAM, 400G hard drive,
GTX1060 discrete graphics card. The experimental software environment is: Windows 7
operating system, Matlab 2012 (R2012a) simulation software.

The experimental environment for device intelligent control algorithms based on micro-
bial population optimization fuzzy PID usually includes the following parts:

Hardware platform: Hardware devices used to run control algorithms, such as comput-
ers, embedded controllers, etc. These devices need to have sufficient computing power
and storage space to support the operation of algorithms.

Software environment: A software environment used to write and run control algo-
rithms, such as programming languages, development tools, operating systems, etc. These
software need to be able to support algorithm implementation and testing.

Experimental subjects: Devices or systems that require intelligent control, such as
robotic arms, temperature controllers, motors, etc. These devices or systems need to be
able to interact with control algorithms and provide the data and feedback required for
experiments.

Experimental data: The data collected during the experimental process, including input
signals, output signals, error signals, etc. These data are used to analyze the performance
and effectiveness of control algorithms, and can be used to optimize controller parameters.
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Experimental method: The steps and methods of conducting experiments, including
experimental design, data collection and analysis, and evaluation of results. These meth-
ods need to be designed and implemented according to the purpose and requirements of
the experiment.

Microbial optimization algorithm parameters: In the device intelligent control algo-
rithm based on microbial optimization fuzzy PID, the parameters of the microbial opti-
mization algorithm need to be set and adjusted. These parameters include the size of the
microbiota, reproduction probability, competition coefficient, etc. The selection of these
parameters will have an impact on the performance of the controller, so it is necessary to
make reasonable settings and adjustments.

Fuzzy PID controller parameters: In the device intelligent control algorithm based on
microbial population optimization fuzzy PID, the parameters of the fuzzy PID controller
also need to be adjusted. These parameters include proportional coefficient, integral coef-
ficient, differential coefficient, etc. The selection of these parameters will have an impact
on the performance of the controller, so it is necessary to make reasonable adjustments.

Temperature and humidity in the experimental environment: The temperature and
humidity in the experimental environment can have an impact on the performance of
the equipment, so it is necessary to control them. During the experimental process, it is
necessary to maintain temperature and humidity stability and maintain them within an
appropriate range.

Experimental personnel: Personnel conducting experiments need to possess relevant
knowledge and skills, such as control theory, computer programming, data analysis, etc.
These personnel need to strictly monitor and manage the experimental process, and an-
alyze and evaluate the experimental results.

Experimental period: The duration of an experiment, usually measured in hours or
days. The length of the experimental cycle will affect the results and analysis of the
experiment, so it is necessary to make reasonable arrangements and controls.

For the experimental data set of device intelligent control algorithm based on microbial
population optimization fuzzy PID, it may include the following parts:

Equipment performance data: This includes data such as the operating status, con-
trol accuracy, and response speed of the equipment, which can be used to evaluate the
performance and effectiveness of control algorithms.

Controller parameter data: including the parameters of the bacterial colony optimiza-
tion algorithm, the parameters of the fuzzy PID controller, and other data, which can
be used to analyze the performance of the controller and optimize the parameters of the
controller.

Experimental environment data: including temperature, humidity, noise and other data
in the experimental environment, which can be used to evaluate the impact of the exper-
imental environment on equipment performance and control algorithm performance.

Experimental result data: This includes input signals, output signals, error signals,
and other data during the experimental process. These data can be used to analyze the
performance and effectiveness of control algorithms, and can also be used to optimize
controller parameters.

Data analysis results: including the results of processing and analyzing experimental
data, such as data statistics, trend analysis, comparative analysis, etc. These results can
be used to evaluate the performance and effectiveness of control algorithms, and can be
used to optimize controller parameters.

It should be noted that the specific experimental data set may vary depending on
the purpose of the experiment, device type, and control algorithm. Therefore, when
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conducting experimental design and data analysis, it is necessary to select and process
according to specific circumstances.

5.2. Presentation of experimental results. We focus on testing visualization. The
animation confirms the correctness of the decision to replace the ”greater than” operator
with ”greater than or equal to” in our algorithm. This allows bacteria to continue to
move in the horizontal part of the test function. This is particularly evident in the Forest
and Megacity functions. Even if there is no functional gradient at all, bacteria will try
to continue moving forward. It is also important to note the ability of bacterial colonies
to visually divide into several separate colonies, which are visually divided into different
local extremum values, which can be clearly considered a positive feature, although the
algorithm does not include any logical methods for forming sub colonies. Generally speak-
ing, the uniform movement of bacteria in the search space is obvious without attempting
to jump sharply in any direction, which can be explained by the uniform incremental
movement chemotaxis.

BFO is located at a higher level in the rating table and has an overall score higher than
other algorithms in the current participating algorithm list. Especially, good results were
obtained on the Rastigin function with 10 variables. In the case of 50 and 1000 variables,
the results were significantly worse. In addition, the algorithm performs poorly on the
Forest function. The relatively good behavior on discrete Megacity functions is surprising
because there is no mechanism in the algorithm to handle such functions. In addition,
compared with other algorithms, it has good scalability (tested using Megacity with 1000
parameters).

BFO is a scientific field with broad possibilities. Generally speaking, many aspects
of bacterial foraging and animal foraging can be modeled to improve optimization per-
formance. For the BFO algorithm, automatic adaptation of control parameters may be
particularly important because there are many parameters that can improve performance,
which is the reason for conducting additional experiments.

BFO has many advantages, including low sensitivity to initial coordinate values during
initialization and parameter selection, good reliability, simple logic, easy implementation,
parallelization, and the possibility of global search. Therefore, the BFO algorithm can
solve a wide range of optimization problems. However, BFO also has many drawbacks,
including slow convergence, inability to surpass local optima in some cases, and a fixed
step size. BFO is a meta heuristic method, which means it is just a conceptual framework
that can be used to develop various modified versions of algorithms.

The specific steps to implement the BFO algorithm are as follows:
Step 1: Because it is necessary to tune and optimize the three parameters of the PID
controller, the optimization space is D = 3 dimensions, and the bacterial population size
is S = 10. The initial position of the i-th bacteria in a randomly initialized population is

θh(0) = (Kph(0), Tih(0), Tdh(0)) (8)

In the formula, Kph(0), Tih(0), Tdh(0) are the initial values of the PID controller param-
eters to be optimized, h = 1, 2, . . . , and S is to ensure the stability of the PID controller,
this chapter first uses the Ziegler Nichols method to determine the upper and lower limits
of the PID controller parameters, Kpmax , Kpmin

, Timax , Timin
, Tdmax , Tdmin

and then initializes
the PID controller parameters according to the following formula:

Kph(0) = R(Kpmax −Kpmin
) +Kpmin

(9)

Tih(0) = R(Timax − Timin
) + Timin

(10)

Tdh(0) = R(Tdmax − Tdmin
) + Tdmin

(11)
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In the formula, R is a random number on the [0, 1] interval. At the same time, initialize
the fitness of each bacterium in the initial microbial community. The fitness function
can be determined based on the design requirements of the control system. For the
optimization design of PID controllers, the stable time of the controlled object can be
taken, and the product integral of time and absolute error (IATE), absolute error integral
(IAE), and so on can be taken.

Step 2: According to the previous formula, calculate the new position vector for each
bacterium. And update the fitness function for each bacterium.

Step 3: For each bacterium, compare its fitness value with its previous position. If it
is good and the number of steps forward has not yet reached NS, the bacteria will keep
ϕ(j) unchanged and update their position according to the previous formula. Otherwise,
the bacteria will select a new random value ϕ(j) and update their position according to
Equation (8).

Step 4: Reproduction. If the bacteria complete their chemotaxis cycle (K > NC), they
are arranged in ascending order according to their health function value, and the Sr = S/2
bacteria with the smallest health function value are selected for reproduction.

Step 5: Migration. If the bacteria have completed their evolutionary algebra, their
position will be reset according to probability Ped.
Step 6: Determine whether the algorithm meets the termination conditions. In actual

simulation experiments, different termination conditions can be adopted based on different
objects. If the termination condition is reached, the algorithm stops and returns the
current optimal individual as the result, that is, obtaining the three optimal parameters
of the PID controller; Otherwise, return to the second step to continue.

Flowchart of using microbial community optimization algorithm to optimize and tune
controller parameters is shown in Figure 2.

Figure 2. Flowchart of using microbial community optimization algorithm to
optimize and tune controller parameters
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Figure 3. Algorithm framework diagram

As we can see in Figure 3, the framework diagram of the fuzzy PID algorithm for
microbial community optimization should include the following main parts:

Microbial initialization: This section is used to initialize the microbial community,
including the type, quantity, location, etc. of the microbial community.

Fitness function: Define a fitness function to evaluate the fitness of each microbial
community. In fuzzy PID control, the fitness function may be defined based on factors
such as control system errors and changes in control variables.

Genetic operations: This section includes genetic operations such as selection, crossover,
and mutation, used to simulate the evolutionary process in nature. These operations can
be used to generate new bacterial communities.

Fuzzy processing: The fitness of the microbial community is fuzzified, and the deter-
mined values are converted into membership degrees in the fuzzy set.

PID control: Adjust the parameters of the PID controller, including proportional coef-
ficient, integral coefficient, and differential coefficient, based on the fitness of fuzzification.

Anti fuzzification processing: The fuzzy PID control parameters are subjected to anti
fuzzification processing to obtain accurate control parameters.

System feedback: Applying control parameters to the control system, obtaining control
output, and feedback this output to the system input to form closed-loop control.

The following are explanations of several algorithms: BFO (bacterial foraging optimiza-
tion), FSS Fish Swarm Search Algorithm, PSO Particle Swarm Optimization Algorithm,
RND random algorithm, GWO Grey Wolf Optimizer Algorithm.

Using the BF algorithm, PSO algorithm, BSO algorithm, and The BFO algorithm
optimizes the above 8 test functions. Compared with the other three algorithms, the
BFO algorithm is closer to the extremum of most test functions, has a smaller standard
deviation, and has higher accuracy and stability.

The parameter settings of BFO-PID are shown in Table 1. Finally, the optimization
results of the parameters and objective function values of the PID controller are obtained,
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as shown in Table 2. From Table 2, it can be seen that the objective function value of
the BFO-PID controller is the smallest.

Table 1. BFO Algorithm Parameter Settings

Nc Ns Nre Ned Ped S xmax xmin c1 c2 ωmax ωmin

20 4 4 2 0.25 20 60 0 1.2 1.2 0.9 0.4

Table 2. Optimization Results of Different Algorithm Parameters

Algorithm Kp Ki Kd Objective function value
Z-N PID 33.54 301.78 0.043 -
BSO-PID 43.91 48.26 0.71 12.88
BF-PID 10.91 39.11 0.02 16.78

µPSO-PID 58.89 48.50 0.01 14.98
BFO-PID 52.88 49.16 0.15 12.02

The dynamic performance indicators of the system are shown in Table 3.

Table 3. Comparison of Algorithm Performance Metrics

Algorithm Overshoot (%) Adjust-Time (s) Peak-Time (s) Rise-Time (s)
Z-N PID 23.23 0.42 0.16 0.10
BSO-PID 0.017 0.17 0.18 0.16
BF-PID 0 0.21 0.25 0.19

µPSO-PID 2.50 0.14 0.12 0.11
BFO-PID 0 0.12 0.14 0.13

The simulation results show that the optimized BFO-PID algorithm has better com-
prehensive control performance in response speed, convergence accuracy, overshoot, and
other aspects compared to the other four algorithm designed controllers in the application
of intelligent devices.

For optimization algorithm parameters such as learning rate
Adaptive Learning Rate Adjustment: Using adaptive learning rate optimization algo-

rithms such as Adam and RMSProp, these algorithms can dynamically adjust the learning
rate based on gradient changes during the training process, thereby avoiding oscillations
caused by excessive learning rate or slow convergence caused by insufficient learning rate.

Learning rate decay: As training progresses, the learning rate gradually decreases. This
can be achieved through fixed decay rates (such as exponential decay, polynomial decay)
or adaptive decay based on training progress.

Gradient clipping: When the gradient value is too large, it is clipped to limit its am-
plitude, thereby preventing instability during the parameter update process.

Clearly list specific indicators for evaluating algorithm performance, including Response
time: typically measures the time it takes from the input step change to the final value
of the output reaching a fixed percentage.

Overregulation: The maximum positive or negative value of the output signal exceeding
the final value.

Steady state error: After a long period of stability, calculate the absolute difference
between the system output and the expected output.
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Figure 4. Dynamic performance indicators of step response

The algorithm proposed in this article has a response time of 0.5 seconds, which is 0.1
to 0.5 seconds higher than other algorithms. The overshoot is 5.0%, and the steady-state
error is 1.0

To analyze the performance of the proposed BFO algorithm, the BF algorithm, (the
foraging behavior of the BF algorithm’s bacterial population can be seen as a continuous
optimization process, and the solution of the optimization problem corresponds to the
state of bacteria in the search space, i.e., the fitness value of the optimization function.
The BF algorithm includes three steps: chemotaxis, reproduction, and dispersal) PSO
algorithm [31] and BSO algorithm [32] are used as comparative algorithms. Among them,
the principle of PSO algorithm is to enhance the search ability of particles by setting
different speed and position calculation formulas for general particles and contemporary
optimal particles, and using exclusion terms to avoid the search process from falling into
an early mature state, thereby effectively improving the optimization efficiency of PSO
algorithm. The latest research is also reflected in the following articles [33, 34, 35].

Fuzzification process: usually involves mapping input values to fuzzy sets, and its time
complexity depends on the number of inputs and the number of fuzzy sets. Assuming
there are n inputs and m fuzzy sets, the time complexity of this part is approximately
O(n ∗m). Fuzzy sets and rule libraries: These structures typically occupy a fixed space
and are related to the number of inputs and rules, and can be considered as O(n+m+r).

6. Conclusions. This paper mainly studies the design of equipment intelligent control
algorithm based on microbial population optimization fuzzy PID. By combining the bac-
terial colony optimization algorithm with the fuzzy PID control theory, intelligent control
of the equipment has been achieved. The research results indicate that this algorithm can
effectively improve the control accuracy and efficiency of equipment, while also possessing
good robustness and adaptability. Specifically, the research results of this paper include
the following aspects:

Introduced the basic principle and implementation process of bacterial colony optimiza-
tion algorithm, and applied it to optimize equipment control parameters. The effective-
ness of this algorithm in optimizing equipment control parameters has been demonstrated
through simulation experiments.
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Applying fuzzy PID control theory to equipment control has achieved intelligent control
of the equipment. By establishing a fuzzy PID controller, real-time monitoring and ad-
justment of equipment output signals have been achieved, improving the control accuracy
and efficiency of the equipment.

The combination of bacterial colony optimization algorithm and fuzzy PID control
theory has achieved intelligent control of equipment. Through simulation experiments,
the superiority of this algorithm in improving equipment control accuracy and efficiency
has been proven.

Experimental verification and testing were conducted for specific device types and ap-
plication scenarios. The results show that the algorithm can adapt to different device
types and application scenarios, and has good robustness and adaptability.

We have successfully applied the microbial population optimization algorithm to the
parameter optimization of the fuzzy PID controller, achieving efficient and intelligent
control of the equipment. The experimental results show that the algorithm outperforms
traditional PID control algorithms in terms of control performance and robustness. In
addition, we also elaborated on the design process of the algorithm, including the fuzzi-
fication function, rule library, deblurring function, as well as the fitness function and
parameter adjustment strategy of the microbial optimization algorithm.

However, there are still some unresolved issues and limitations in this study. Firstly, the
specific parameters of microbial population optimization algorithms (such as population
size, number of iterations, etc.) may need to be adjusted according to actual applica-
tion scenarios to achieve optimal performance. Secondly, this study mainly focuses on
the performance and robustness of the algorithm, without addressing the real-time and
resource consumption issues of the algorithm in practical applications. In future work, we
will further investigate how to balance algorithm performance, robustness with real-time
performance, and resource consumption.

In summary, the research results of this paper provide useful reference and inspiration
for the design of equipment intelligent control algorithms based on microbial population
optimization fuzzy PID. This algorithm shows excellent application prospects and pro-
motion value, and is expected to be widely applied in future equipment control.
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