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Abstract: To better regulate the speed of brushless DC motors, an improved algorithm based on the original Glowworm Swarm Optimization is proposed. The proposed algorithm solves the problems of poor robustness, slow convergence, and low accuracy exhibited by traditional PID controllers. When selecting the glowworm neighborhood set, an optimization scheme based on the growth and competition behavior of weeds is applied to a single glowworm to prevent falling into a local optimal solution. After the glowworm’s position is updated, the league selection operator is introduced to search for the global optimal solution. Combining the local search ability of the invasive weed optimization with the global search ability of the league selection operator enhances the robustness of the algorithm and also accelerates the convergence speed of the algorithm. The mathematical model of the brushless DC motor is established, the PID parameters are tuned and optimized using improved Glowworm Swarm Optimization algorithm, and the speed of the brushless DC motor is adjusted. In a Simulink environment, a double closed-loop speed control model was established to simulate the speed control of a brushless DC motor, and this simulation was compared with a traditional PID control. The simulation results show that the model based on the improved Glowworm Swarm Optimization algorithm has good robustness and a steady-state response speed for motor speed control.
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1  Introduction

With the advancement of Internet of Things (IoT) technology, new motor manufacturing technology has been rapidly developed, and power electronics technology has also entered a new stage of rapid development. In traditional mechanical equipment, the mechanical transmission links in a motor can lead to a series of problems, such as friction, motion lag, vibration and noise. Therefore, electromechanical equipment is being developed towards energy savings, high efficiency and intelligence [1]. As a new type of motor, brushless DC motors have a wide range of control system applications, whether in the field of industrial automation or in smart homes. Intelligent drilling water level detection systems based on IoT technology used in industry, red tide detection systems, sweeping robots used at home, precision IoT-based water and fertilizer management and control systems, and intelligent cloud irrigation systems, all of these applications require motors to drive motion [2]. Brushless DC motors have penetrated into all aspects of people’s lives, and the participation of brushless DC motors in smart home life has been indispensable [3]. Currently, in view of the lack of effective motor monitoring, a monitoring system based on the Internet of things technology has been designed. Serial communication interfaces between devices have been added to facilitate data transmission between devices. If there is a network interface outside the brushless DC motor controller, measurement data and related environmental parameters can be collected from the controller. There data can be sent to a cloud server, to achiever remote monitoring of the brushless DC motor [4]. Currently, many schools connect the controller with Internet to improve students’ ability to analyze and design motors. Information exchange and communication are carried out through a specified network protocol for support hardware-in-the-loop simulations as a teaching platform [5]. At the same time, greater requirements are placed on the control performance of the motor. There are two ways to improve motor control performance. One is to solve the problem by upgrading the hardware. The choice of high-performance hardware will surely improve the performance of the whole system. The second is to improve the speed performance of the motor by changing the control algorithm, which is the focus of this article. Currently, PID controllers are the predominant devices used for motor speed control. With the emergence of intelligent bionic algorithms, at many universities and scientific research institutions, research on PID control algorithms for motors has begun to mostly focus on new algorithms that combine intelligent bionic control algorithms with the PID control. This paper proposes a scheme for controlling a brushless DC motor using a traditional PID controller combined with an existing intelligent control algorithm.

Brushless DC motors are used in the automotive industry, aviation, intelligent robots, high-precision servo motors and other applications due to their small size, light weight, high reliability, simple structure, and high control accuracy [6]. However, brushless DC motors are nonlinear and have a strongly coupled and multivariable structure, making it impossible to achieve the expected speed regulation effect through traditional PID control [7]. Therefore, in recent years, improving the speed regulation performance of brushless DC motors has been a popular topic studied by worldwide scholars. Various intelligent control algorithms have been proposed to optimize brushless DC motors control systems. Zhang [8] used a team competition strategy to develop an improved genetic algorithm. Tuning and optimizing the PID parameters improves the convergence speed and the global optimization, and reduces the overshooting and transition time of the motor in the process of starting, changing load and changing speed. Geng et al. [9] designed a particle swarm optimization algorithm using an orthogonal experiment mechanism for PID parameter tuning to achieve a smaller overshoot and good anti-interference performance. Niasar et al. [10] developed an emotion learning algorithm based on an adaptive neuro-fuzzy inference system (ANFIS) controller, in which a proportional-differential controller function is used to modify the output layer gain of the neuro-fuzzy controller. Kommula et al. [11] proposed a fractional PID control scheme based on the firefly algorithm. In brushless DC motor control, the instantaneous torque of the motor is directly controlled with very low ripple, which improves the efficiency of the motor control torque. Jin et al. [12] combined genetic algorithms with fuzzy control strategies and uniformly encoded membership functions and fuzzy control rule tables for global optimization to improve the robustness of brushless DC motors. Kahveci et al. [13] applied fuzzy control in both the speed and current loops of a brushless DC motor to improve the overall performance of the motor control system. This improved the overall performance of the motor control system. The algorithm designed by Ramesh et al. [14] applied fuzzy logic to predictive control. This simplified the control model identification process, optimized the control effects, and improved the response speed. Taheri et al. [15] used a unified rule table for fuzzy logic to tune the PID parameters in accordance with the system’s error and error rate of change to adapt to different motor control parameter requirements. Xue et al. [16] designed a fuzzy adaptive PID controller. They used a fuzzy control strategy to adaptively adjust the three parameters (Kp, Ki, Kd) for PID control, which resulted in a smooth and rapid speed response in the brushless DC motor. Ramya et al. [17] designed a hybrid controller that combines a PID controller and a PID self-tuning fuzzy logic controller to control a brushless DC motor. This hybrid controller, combined the advantages of the two controllers to effectively improve the performance of the controller. Yang et al. [18] used the Particle Swarm Optimization (PSO) algorithm to optimize the fuzzy controller’s quantitative factor and fuzzy rules, which further improved the controller’s robustness and stability. Tian et al. [19] combined a PSO algorithm and a neural network to perform online PID parameter self-tuning and optimized the brushless DC motor to improve the response performance and reduced the speed fluctuation.

Based on a traditional PID control, this paper improves the traditional Glowworm Swarm Optimization, introduces the invasive weed optimization and the league selection operator, and applies these to the PID speed control system of the brushless DC motor. The PID parameters are adjusted and optimized. The convergence speed and robustness of the algorithm are enhanced.

The remainder of this paper is organized as follows: Section 2 describes the mathematical model of the brushless DC motor, Section 3 introduces the standard Glowworm Swarm Optimization algorithm and the improved algorithm after introducing the invasive weed optimization and Section 4 builds the brushless DC motor using Simulink to simulate the algorithm and analyzes the simulation results. Section 5 summarizes this article.

2  Mathematical Model of Brushless DC Motor

The equivalent circuit diagram of a brushless DC motor control system is shown in Fig. 1.
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Figure 1: Equivalent circuit diagram of a brushless DC motor

A brushless DC motor is composed of a stator and a rotor. By changing the current, frequency and waveform of the stator winding, the operating state of the rotor can be controlled. The following assumptions can be made when building a mathematical model: ① The three-phase windings are completely symmetrical, and the parameters of each stator winding group are the same. ② The armature winding is evenly and continuously distributed on the inner surface of the stator. ③ The magnetic circuit is not saturated, and eddy current and hysteresis losses are not considered. ④ The cogging, commutation process and armature reaction are ignored [20]. The voltage balance equation can be expressed as

(UaUbUc)=(R000R000R)(iaibic)+(LaLabLacLbaLbLbcLcaLcbLc)ddt(iaibic)+(eaebec)(1)

where Ua, Ub and Uc are the terminal voltages of the motor’s three-phase windings, R is the resistance, ia, ib and ic are the phase currents, La, Lb and Lc are the self-inductances of the windings, Lab, Lac, Lba, Lbc, Lca and Lcb are the mutual inductances of the windings, and ea, eb and ec are the back electromotive forces. Because the influence and losses between the magnetic circuits are ignored, the mutual inductances between the windings can be considered constant, namely,

Lab=Lac=Lba=Lbc=Lca=Lcb=M(2)

Because the three-phase windings are completely symmetrical and the parameters of each group of the stator windings are the same, ia+ib+ic=0 and Mia+Mib+Mic=0 therefore, formula (1) simplifies to formula (3).

(UaUbUc)=(R000R000R)(iaibic)+(L−M000L−M000L−M)ddt(iaibic)+(eaebec)(3)

According to the working performance of a brushless DC motor, the electromagnetic torque equation can be obtained as

Te=eaia+ebib+ecicw(4)

where w is the angular velocity of the mechanical angle of the motor.

The motor motion equation is

Te−Tl=Jdwdt+Bw(5)

where Tl is the load torque, B is the damping coefficient, and J is the moment of inertia.

3  Improved Glowworm Swarm Optimization

3.1 Standard Glowworm Swarm Optimization

The Glowworm Swarm Optimization (GSO) is a bionic swarm intelligent optimization algorithm proposed by Indian scholars Krishnan and Ghose [21,22] in 2005. The algorithm simulates the luminous characteristics of fireflies. The fireflies are scattered in space, and each firefly carries fluorescein and has its own visual range, which represents the decision domain. The fireflies will look for a set of neighbors within the decision domain. The brighter neighbors in the set attract the current firefly to move in that direction. Each time the firefly moves, the direction of the firefly will change with the neighbors selected and with the size of the decision domain. The size of the decision domain is also affected by the number of neighbors. When the neighbor density is lower, the decision domain radius of the firefly will increase to find more neighbors; when the firefly density is higher, a firefly’s decision domain radius will decrease. Allowing the fireflies to gather around the brighter fireflies achieves the optimization. The GSO algorithm includes four primary steps: GSO parameter initialization, fluorescein updating, firefly movement and decision domain updating.

Step One: GSO parameter initialization. Randomly place n fireflies in a search space and assign the following: fluorescein of each firefly li, the dynamic decision domain r0, the initial step size s, the domain threshold value ni, the fluorescein disappearance rate ρ, fluorescein update rate γ, the dynamic decision domain update coefficient β, the dynamic decision domain update coefficient r, and the iteration number M.

Step Two: Fluorescein updating:

li(t)=(1−ρ)li(t−1)+γJ(xi(t))(6)

where li(t) represents the value of fluorescein of firefly i at time t, and J(xi(t)) is the value of the objective function of the location of firefly i at time t.

Step Three: Firefly movement. Find the neighborhood fireflies:

Ni(t)={j:||xj(t)−xi(t)||<rdi(t);li(t)<lj(t)}(7)

where Ni(t) represents the set of neighborhoods of firefly i at time t, and rdi(t) represents the dynamic decision domain of firefly i at time t.

Determine the direction of the fireflies:

j=max(pi)(8)

where pi=(pi1,pi2,⋯,piNi(t)) is the probability of choosing a direction to move in the neighborhood:

pij(t)=lj(t)−li(t)∑k∈Ni(t)(lk(t)−li(t))(9)

Step Four: Decision domain updating. Update the location of each firefly i:

Xi(t+1)=Xi(t)+s(Xj(t)−Xi(t)||Xj(t)−Xi(t)||)(10)

where s is the movement step length.

Update the radius of the dynamic decision domain of each firefly:

rdi(t+1)=min{rs,max{0,rdi(t)+β(ns−|Ni(t)|)}}(11)

where rs is the radius of the firefly’s movement, β is a constant, ns is used to control the number of neighbors attracted, and |Ni(t)| is the number of fireflies in Ni(t).

3.2 Invasive Weed Optimization

The invasive weed optimization is an algorithm proposed by Mehrabian et al. [23–25] to simulate the reproduction of weeds. It shows good robustness and convergence and strong randomness. The invasive weed optimization algorithm simulates the natural processes of seed generation, diffusion, and reproduction of weeds and the survival of the fittest.

Step One: Randomly initialize some weeds in an initial area.

Step Two: During the process of evolution, the weeds produce seeds in proportion to their fitness. The relationship between the adaptive function and the number of weed seeds is the following:

seedi=floor(fi−fminfmax−fmin(Smax−Smin))(12)

where seedi is the number of weed seeds, fi is the adaptive function of the weeds, Smax and Smin are the maximum and minimum number of seeds, respectively.

The method for determining the number of weed seeds is illustrated in Fig. 2.
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Figure 2: Determine the number of weed seeds

Fig. 2 shows the relationship between the fitness value and the number of weed seeds. The number of seeds is determined by the fitness value. High fitness values produce more seeds, and individuals with low fitness values produce fewer seeds.

Step Three: Randomly generated seeds are scattered around the mother plant in a normal distribution in the search space, and the standard deviation of the normal distribution is also scattered:

σiter=(itermax−iteritermax)n(σinit−σfinal)+σfinal(13)

where σiter is the standard deviation of the scattered normal distribution, iter represents the number of iterations, itermax represents the maximum number of iterations, σinit is the initial standard deviation, and σfinal is the final standard deviation of. These values are selected to ensure that the standard deviation decreases from the initial value to the final value in stages.

Step Four: After multiple iterations, the population reaches its maximum value. For plants with poor adaptability, the competitive process will begin, and the fittest will survive. Arrange the mother plants and progeny plants in the order of fitness from large to small, and the remaining plants are eliminated when the population reaches the maximum.

3.3 Improved Glowworm Swarm Optimization

In the GSO, if the area to be optimized is relatively wide, the position of the firefly will be more scattered during initialization, and a single firefly cannot be searched due to insufficient brightness. The existence of multiple independent fireflies in the space will lead to waste of resources. So the operating efficiency of the algorithm will be reduced, and the shortcoming of falling into a local optimization will occur. Coupled with the randomness of the firefly movement, and because the positions of the fireflies are constantly updated, the distance between the movement of bright fireflies and the optimal value cannot be accurate. When controlled, the firefly moves too far to exceed the optimal position. If the step is too small, the number of iterations will increase, which will lead to problems such as slow convergence, poor robustness, and poor accuracy. Therefore, the encroachment, reproduction and competition behavior of weeds are introduced. And the standard deviation σiter of the normal distribution of the offspring individuals in the invasive weed optimization is the distribution step length of the offspring fireflies. The distribution step σiter of the offspring fireflies generated by a single maternal firefly will decrease with an increase in the number of iterations. A large-scale search will be carried out in the early stage of the algorithm, and a small-scale search will be carried out in the later stage, which will enhance the local search ability of the algorithm. The league selection operator in the genetic algorithm is used to optimize the selection of all individuals in the global space and to enhance the algorithm’s global search capabilities. Combining the two advantages and applying them to the GSO can effectively solve the problems of slow convergence, poor robustness and low accuracy. The algorithm implementation process is shown in Fig. 3.
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Figure 3: Flow chart of improved GSO

The specific implementation steps are as follows:

Step One: Initialize the population parameters and randomly generate n fireflies in space: each firefly’s fluorescein is li, the dynamic decision domain is r0, the initialization step is s, the fluorescein disappearance rate is ρ, the fluorescein update rate is γ, the dynamic decision domain update domain is β, the firefly signal recognition perception domain is r, and the maximum number of iterations is M;

Step Two: Update and calculate the fluorescein of each firefly: use Eq. (6) to update the fluorescein;

Step Three: Within the sight of the firefly, look for the set Ni(t)in the neighborhood of the firefly. If Ni(t) is an empty set, go to step five, and if the set is not empty, go to step four;

Step Four: Select the neighborhood set, use formula (9) to calculate the probability pij of firefly i moving to each firefly in Ni(t), determine the moving direction according to formula (8), and move to the neighbor firefly, then go to step six;

Step Five: Introduce the preemptive reproduction behavior and the survival of the fittest competition behavior in the invasive weed optimization into the firefly, and reproduce the offspring of a single firefly. According to formula (12), the “seed” of the firefly seedi is produced according to the current iteration Calculate the distribution step σiter of the offspring fireflies using formula (13). Nseed fireflies randomly scattered around the maternal fireflies in a normal distribution. Combine the maternal fireflies and the newly generated fireflies form a new firefly population, sorted according to the adaptive value from large too small. Keep the number of fireflies in the maximum space, occupy the corresponding position space, eliminate all the redundant fireflies, and finally take the position of the firefly with the largest fitness value instead of a single fireflies as the location of the next moment;

Step Six: Use formula (10) to update the position of each firefly;

Step Seven: Introduce the league selection operator in the genetic algorithm. The league selection operator strategy is: selecting the optimal solution to enter the next iteration. In order to continue the excellent genes in the maternal fireflies, the progeny with poorer fitness values are replaced with the maternal with better fitness values during the generation of the offspring of the maternal firefly through the league selection operator strategy. All individuals are sorted according to the value of the objective function, and a threshold δ is selected: All individuals below this threshold are replaced with individuals above the threshold, and better individuals are selected to enter the next iteration;

Step Eight: After sorting, the fish school bulletin board is used to record the position of the optimal individual and the objective function value. After each iteration, the objective function value of each firefly is calculated and compared with the optimal objective function value in the bulletin board. If the objective function is better than the value in the bulletin board, use this instead. If it is lower than the objective function value in the bulletin board, the value in the bulletin board remains unchanged;

Step Nine: Update the firefly’s decision domain radius rdi(t+1) and step size s using the optimal objective function value in the bulletin board;

Step Ten: Judge whether the number of iterations reaches the maximum number of iterations M, if the number of iterations does not reach the maximum number of iterations, the number of iterations iter=iter+1 jump to step Two. The optimal value is output when the number of iterations reaches the maximum iterations number M.

4  Simulation of the PID Speed Regulation of a Brushless DC Motor

The principle of PID control is to make adjustment according to the deviation e(t), and the output is adjusted to drive the brushless DC motor [26,27]. The mathematical expression of the PID algorithm is the following:

u(t)=Kpe(t)+Ki∫0te(t)dt+Kdde(t)dt(14)

where Kp is the proportional gain, Ki is the integral gain, and Kd is the derivative gain.

According to the PID calculation formula, the PID control block diagram can be obtained, as shown in Fig. 4.
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Figure 4: Block diagram of PID control

Simulink model is built according to the PID control [28] block diagram shown in Fig. 5.
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Figure 5: PID simulation model

The brushless DC motor uses three-phase six-states motor. The double closed loop consists of a speed loop and a current loop. The speed loop is the outer loop and the current loop is the inner loop. The model includes a brushless DC motor module, an improved GSO regulation PID module, a current hysteresis loop, a regulation module and a three-phase inverter module. The system block diagram is shown in Fig. 6.
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Figure 6: System block diagram of the brushless DC motor

First, we input a rated speed, and set the difference between the feedback value of the loop speed of the brushless DC motor as e(t), and input e(t) to the PID controller. The difference in the speed is calculated by proportional, integral and derivative. The error of the feedback value with the current loop is output, and fed to the brushless DC motor through the current hysteresis loop and the three-phase inverter, so as to control the stable operation of the motor. Adjustment of speed control is very important for brushless DC motors. However, a traditional PID controller has a long adjustment time, and a phenomenon of chattering during the control process which cannot be recovered in time due to large external interference. These make the traditional PID controller difficult to meet the requirements of production. The PID controller optimized by the improved GSO can effectively solve the shortcomings of the motor, such as an extended motor adjustment time, poor robustness, and large overshoot, and make the brushless DC motor run more smoothly and reliably.

According to the mathematical model and system control block diagram of the brushless DC motor, a double closed-loop speed regulation simulation model of the brushless DC motor is built in Simulink and it shown in Fig. 7.
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Figure 7: Double closed-loop speed regulation model of the brushless DC motor

The parameters used by the motor are as follows: the back electromotive force coefficient ke = 0.453, resistance R = 1 Ω, inductance L = 1.17 mH, torque coefficient Kt = 1 moment of inertia J = 2 × 10−3 kg·m2. The transfer function W(s) of the brushless DC motor is derived according to formula (1) and formula (4).

W(s)=1keJLKeKts2+JRKeKts+1(15)

The transfer function is obtained by substituting the parameters into formula (15).

W(s)=2.210.0008s2+0.44S+1(16)

The initial firefly population is set to 50, and the maximum number of iterations is M = 200. The initial distribution of fireflies can be obtained as shown in Fig. 8.
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Figure 8: The initial distribution of fireflies

After 200 iterations, the fireflies gather around the brighter fireflies, as shown in Fig. 9. Almost all fireflies congregate at the four extreme points below.
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Figure 9: Firefly extremum distribution map

 After 200 iterations, the best fitness value is obtained, as shown in Fig. 10.
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Figure 10: Evolution of fitness over 200 iterations

The initial speed is set to 1,450 rpm. The simulation model is built by using the transfer function of the brushless DC motor. The improved GSO is applied to the PID control to compare with the conventional PID algorithm and compare the waveform. The motor is started to the input rated speed under the two algorithms. Their waveforms are shown in Figs. 11 and 12.
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Figure 11: Waveform of traditional PID algorithm
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Figure 12: Waveform of improved PID control algorithm

Though waveform comparison, it can be seen that the PID control with improved GSO has almost no overshoot before the motor starts to reach the rated speed, while the traditional PID control has a higher overshoot. The improved GSO has reached a stable state at 0.4 s, while the traditional PID algorithm reaches a stable state at about 0.5 s.

The current-time diagrams for both algorithms are shown in Figs. 13 and 14.
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Figure 13: The current waveform of the traditional PID algorithm
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Figure 14: The current waveform of the improved algorithm

It can be seen from the figures that the current fluctuation of the traditional PID is relatively large at 0.4 s, while the improved algorithm has almost no current fluctuation at 0.4 s, and the overshoot is small.

5  Conclusions

This paper proposes an improved GSO to be applied to the PID speed control system of a brushless DC motor, which combines the improved GSO with traditional PID control for the speed control of a brushless DC motor. A dual closed-loop control simulation model of a brushless DC motor was built in Simulink to simulate the application of the improved GSO to motor speed control. The simulation results show that the improved GSO overcomes the slow convergence speed and poor robustness of the standard GSO. The speed response of the brushless DC motor is accelerated, the robustness is enhanced, and the accuracy of the algorithm is improved. This approach provides a new reference idea for optimizing motor control systems.
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