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Abstract

Recently, solar power generation systems are more and more popular and widely used in
grid connected power generation, intelligent buildings, and power supply in remote areas.
For photovoltaic panels, due to the influence of factors such as light intensity and ambient
temperature, their output voltage and current become uns, and the output voltage of a sin-
gle photovoltaic panel is considerably low. As a result, Boost circuits are needed for voltage
boosting. PID controller is commonly used for Boost converter because it can effectively
control the controlled object according to the characteristics of the controlled object.
However, when the controlled object is complex and variable, the appropriate parameters
are hardly to be selected by experience, and the fixed controller parameters may lead to
unexpected performances under different working conditions. Here, a genetic algorithm
combined with BP neural network PID control (GA-BPPID) is proposed to improve
both dynamic and anti-interference performances of Boost circuit by introducing the
global optimization ability of genetic algorithm and the adaptive adjustment characteristics
of BP neural network. System modelling and detailed controller design procedures are
provided. Finally, the theoretical analysis and controller design are validated by simulation
results.

1 INTRODUCTION

Boost converter is commonly used for distributed photovoltaic
power generation systems to increase the low module voltage to
high load voltage [1]. A typical solar grid connected power gen-
eration system is shown in Figure 1. The output power of the
photovoltaic panel is connected to the voltage source inverter
after passing through the Boost circuit, and the output can be
connected to the power grid or directly supply power to the
load. Among them, the main functions of Boost circuit include
voltage boosting, voltage stability, electrical isolation and cur-
rent ripple suppression. The purpose of voltage boosting is to
change the output voltage of photovoltaic cell into a stable value
after power conversion, which is conducive to the operation of
power inverter [2]. Electrical isolation is to isolate the photo-
voltaic panel from the inverter to improve the safety level and
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reduce interference. Reducing current pulsation can improve
the operating performance and lifetime of photovoltaic panels.

Proportional Integral Differential (PID) controller is often
used to control the on and off of Boost circuit power switch to
achieve the effect of output voltage stabilization because of its
simple algorithm and easy implementation [3]. However, when
the controlled object is complex and variable, the appropriate
parameters of PID controller are difficult to be selected only
by experience, and the fixed controller parameters cannot make
the controlled object achieve satisfactory performances under
different operating conditions.

With the rapid development of artificial intelligence (AI),
relevant intelligent technologies are gradually mature. Rein-
forcement learning is widely used in control and optimization
problems, especially in the control of distributed generation
[4–7]. Some publications combine AI with traditional PID
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technology to improve the control performances of PID and
enrich the diversity of PID control. In [8–10], in order to
obtain the correct values of three parameters of PID controller,
fuzzy control is combined with traditional PID, where the
fuzzy algorithm is used to process the calculated error change
rate.

Neural network technology is also an important part of AI
technology. Using the characteristics of self-learning and strong
adaptability of BP neural network, several publications combine
BP neural network with PID technology (BPPID) [11, 12]. BP
neural network can self-study and adjust the weight to change
the output PID parameters, ensuring strong adaptability of the
controller. Radial Basis Function (RBF) neural network has been
selected by many literatures to combine with PID controller
[13, 14] because of its faster convergence speed. A novel Gen-
eralised Hopfield neural network (GHNN) based self-adaptive
PID controller for load frequency control (LFC) is also designed
in [15].

Intelligent optimization algorithm can solve most global
optimization problems, and it is also widely used in PID
controller parameter optimization. A genetic algorithm (GA)
optimization method of PID controller is proposed in [16]
to realize on-line multivariable and multi-objective optimiza-
tion. Paper [17] presents the random reinforcement genetic
algorithm (RR-GA) algorithm to avoid the local optimum effi-
ciently. In [18], a salp swarm algorithm (SSA) is utilised to adjust
the fractional-order PID controller coefficients. The results
indicate that the proposed controller has fewer frequency varia-
tions. In [19], hybrid salp swarm algorithm–simulated annealing

(HSSA-SA) algorithm is introduced to enhance the proficiency
of PID controller by sensibly plucking the gain parameters, and
the supremacy of this method is substantiated.

As analysed above, it is feasible and effective to combine
intelligent algorithm with neural network. As one of the main
optimization algorithms, particle swarm optimization algorithm
is used to optimize the initial weight of neural network and
improve the performance of PID controller in controlling com-
plex systems [20, 21].

As discussed, Boost converter is widely used in the photo-
voltaic power generation system. In this paper, a novel con-
trol consists of BP neural network PID control combined with
GA is proposed for Boost converter to improve its dynamic
response and stability performances. The purpose of GA is to
optimize the initial state of BP neural network. By comparing
the control effects of traditional PID, BPPID and GA-BPPID,
it is revealed that the GA-BPPID controller optimized by GA
has the best performance.

Specifically, the organizational structure of this paper is as fol-
lows. In Section 2, optimization principle of BP neural network
and GA is described. In Section 3, the modelling of Boost cir-
cuit is briefly explained. Besides, detailed design process of GA
optimization and BP neural network in PID control for Boost
converter is well illustrated. In Section 4, the proposed control
method is validated by simulation results. In section 5, conclu-
sions are drawn on the paper results.

2 PRINCIPLE OF BP NEURAL
NETWORK AND GA

2.1 Principle of BP algorithm

The basic principle of BP algorithm is that the learning process
is composed of signal forward propagation and error back prop-
agation [22]. The common neural netword structure is shown in
Figure 2. In forward propagation, the input samples are trans-
ferred from the input layer, and then processed by each hid-
den layer, finally, they will be transmitted to the output layer. If
the actual output of the output layer does not conform to the
expected output, the error will be backpropagated. Error back
propagation is to transmit the output error to the input layer
in some form through the hidden layer and allocate the error
to all the units of each layer, so as to obtain the error signal of
each layer, which is the basis for correcting the unit weight. The
weight adjustment process of each layer of signal forward prop-
agation and error back propagation is repeated. The process of
weight adjustment is the process of network learning and train-
ing. This process continues until the error of network output
is reduced to an acceptable level, or until the pre-set learning
times.

2.2 Formula derivation of BP neural
network

As shown in Figure 3, the model diagram of a three-layer per-
ceptron is given, the input vector is:
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FIGURE 3 Schematic diagram of BP neural network

→

X = (x1, x2, … ., xi , … .xn )T (1)

The output vector of hidden layer is:

→

Y = (y1, y2, … ., y j , … .ym )T (2)

The output vector of output layer is:

→

O = (o1, o2, … ., ok, … .oL )T (3)

The expected vector of output layer is:

→

d = (d1, d2, … ., dk, … .dL )T (4)

The weight between the input layer and the hidden layer is

represented by
→

V :

→

V =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

v11, v12, … , v1 j , … v1m

v21, v22, … , v2 j , … v2m

… ., … ., … ., … ,… ,… ,

vi1, vi2, … ., vi j , … , vim

… ., … ., … ., … ,… ,… ,

vn1, vn2, … ., vn j , … vnm

⎫⎪⎪⎪⎪⎬⎪⎪⎪⎪⎭
(5)

The weight between the hidden layer and the output layer is

represented by
→

W :

→

W =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

w11, w12, … , w1k, … w1L

w21, w22, … , w2k, … w2L

… .., … .., … .., … ., … ., … .,

w j1, w j2, … , w jk, … , w jL

… .., … .., … .., … ., … ., … .,

wm1, wm2, … ., wmk, … wmL

⎫⎪⎪⎪⎪⎬⎪⎪⎪⎪⎭
(6)

And x0 is the threshold of the network.
Let the activation function of the hidden layer be f(x), and the

activation function of the output layer be g(x), the output of the
output layer can be expressed as:

netk =

m∑
j=0

w jky j (7)

ok = g(netk ) (8)

The output expression of the hidden layer is:

net j =

n∑
i=0

vi j xi (9)

y j = f (net j ) (10)

The difference between the actual output and the expected
output is error E which can be expressed as:

E =
1
2

(d − O)2 =
1
2

L∑
k=1

(dk − Ok )2 (11)

According to Equations (1) and (2), the error E can be
expanded to the hidden layer:

E =
1
2

L∑
k=1

(dk − g(netk ))2

=
1
2

L∑
k=1

[
dk − g

(
m∑

j=0

w jky j

)]2 (12)

The error E can also be expanded to input layer:

E =
1
2

L∑
k=1

{
dk − g

[
m∑

j=0

w jk f (net j )

]}2

=
1
2

L∑
k=1

{
dk − g

[
m∑

j=0

w jk f (
n∑

i=0

vi j xi )

]}2
(13)
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WANG ET AL. 1339

Next, the gradient descent method is used to update the
weights. Since the gradient of a certain point is its first-order
partial derivative, the partial derivatives of the error E for the
weights w and v are needed to be calculated, respectively.

Δw jk = −𝜂
𝜕E

𝜕w jk

= −𝜂
𝜕E

𝜕netk

𝜕netk

𝜕w jk

(14)

Δvi j = −𝜂
𝜕E

𝜕vi j

= −𝜂
𝜕E

𝜕net j

𝜕net j

𝜕vi j

(15)

Among them, the sign represents the gradient descent, and η
is the learning rate. Choosing the appropriate value of the learn-
ing rate is helpful to improve the performance of the neural net-
work.

To make the result more convenient, the error signal errcan
be defined in the output layer and the hidden layer respectively,
which can be deduced by chain rules

err o
k
= −

𝜕E

𝜕netk
= −

𝜕E

𝜕ok

𝜕ok

𝜕netk
= −

𝜕E

𝜕ok

g′(netk ) (16)

err
y

j = −
𝜕E

𝜕net j

= −
𝜕E

𝜕y j

𝜕y j

𝜕net j

= −
𝜕E

𝜕y j

f ′(net j ) (17)

According to the above formula, the adjustment of the weight
vector of the output layer and the hidden layer can be written as:

Δw jk = 𝜂 ⋅ err o
k
⋅ y j (18)

Δvi j = 𝜂 ⋅ err
y

j ⋅ xi (19)

According to (1), (2) and (5)

𝜕E

𝜕ok

= −(dk − ok ) (20)

𝜕E

𝜕y j

=
𝜕E

𝜕ok

𝜕ok

𝜕y j

= −

L∑
k=1

(dk − ok )g′(netk )w jk (21)

The results of Equations (16) and (17) can be calculated as:

err o
k
= (dk − ok )g′(netk ) (22)

err
y

j =

[
L∑

k=1

(dk − ok )g′(netk )w jk

]
f ′(net j )

=

(
L∑

k=1

err o
k
⋅w jk

)
f ′(net j )

(23)

Substitute Equations (22) and (23) into Equations (18) and
(19) yields:

Δw jk = 𝜂 ⋅ (dk − ok )g′(netk ) ⋅ y j (24)

Δvi j = 𝜂 ⋅

(
L∑

k=1

err o
k
⋅w jk

)
f ′(net j ) ⋅ xi (25)

Using the calculated Equations (22) and (23), the weights of
the neural network can be modified after each state update to
ensure the optimal output of the neural network.

2.3 Introduction to the principle of GA

GA is a kind of random search algorithm based on the natural
selection and natural genetic mechanism of biology [23], which
is a global optimization probability algorithm. It introduces the
biological evolution principle of “survival of the fittest and sur-
vival of the fittest” into the coding string population formed
by the parameters to be optimized and screens each individual
according to a certain fitness function and a series of genetic
operations. Individuals with high fitness will be retained and
form a new group. The new group contains a lot of informa-
tion from the previous generation and introduces new individ-
uals better than the previous generation. Because of its unique
working principle, GA can carry out global optimization search
in complex space and has strong robustness. In addition, GA
basically does not need any restrictive assumptions for search
space, such as continuity, differentiability and so on. Its main
features include:

1. The coding strategy of GA directly operates on structural
objects, which has a wide range of applications.

2. There are not too many mathematical requirements for the
optimization problem to be solved, and there is no need to
understand the internal properties of the problem.

3. GA uses random technology to search a coded parameter
space efficiently, which is suitable for the search of multi-
modal distribution. It is not easy to fall into local optimiza-
tion and easy to parallelize.

4. It is suitable for dealing with complex and nonlinear opti-
mization problems that are difficult to be solved by tradi-
tional search methods.

The fitness function in GA often corresponds to the objec-
tive function of the optimization problem, the population cor-
responds to a set of solutions of the optimization problem, and
the chromosome corresponds to a feasible solution. Its basic
idea is to start from multiple solutions and iterate step by step
through certain rules to produce new solutions.

2.4 GA optimization process

The main process of Optimizing BP neural network by GA can
be shown in Figure 4, and the steps are as follows:

1. At the beginning, the topology of the neural network should
be determined and the length of the weight to be optimized
should be obtained.
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FIGURE 4 Flow chart of BP neural network optimized by GA

2. The weights of neural network are coded in some form, so
that all weights will be represented by genes, and the com-
bination of a string of genes is a solution. Based on coding,
these gene strings can be operated by GA.

3. The initialization population includes the range and prob-
ability of population crossover, the probability of mutation
and the initialization of population individuals. After popu-
lation initialization, the search algorithm starts to execute.

4. The fitness value of each individual is calculated to judge the
viability of the individual.

5. Excellent individuals are selected from the exchanged popu-
lation, so that they can reproduce the next generation as par-
ents. The principle of choice is that individuals with strong
adaptability are more likely to be selected, that is, the princi-
ple of survival of the fittest.

6. According to the results of crossover probability calculation,
every two selected parents exchange different genes to pro-
duce new individuals, which not only improve the diversity of
the population, but also reflect the idea of population infor-
mation exchange.

Vg

L
RL

Q1

D1

C

Resr

R

FIGURE 5 Basic diagram of Boost converter

7. By simulating gene mutation caused by various accidental
factors in biology, some genes of individuals in the popu-
lation are randomly mutated. The new individuals produced
by mutation have gene values that the previous generation
individuals do not have, which increases the diversity of the
population and embodies the idea of individual evolution. In
this way, after a new individual is generated, the parents and
children are integrated into a new population, and the new
population is used to enter the next iteration process.

8. After the above process is iterated for a certain number of
times, the final population is output and decoded to obtain
the optimized initial weight of BP neural network. The initial
weight obtained by this method often has good results.

9. Take the optimized weight as the initial weight of the neural
network and update the network with the back-propagation
algorithm described above until the requirements are met.

3 GA-BPPID DESIGN FOR BOOST
CONVERTER

3.1 Modelling of boost converter

Figure 5 shows the diagram of the traditional Boost converter.
The high frequency network averaging method is used for
modelling. This method is based on averaging the variables of
switching elements and using controlled source instead of non-
linear switching elements to form equivalent circuit, and then
the transfer function of Boost converter is obtained by small
signal method [24] as follows.

Gvd (s) =
Vg((1 − D)2

R − sL)

(1 − D)2((1 − D)2
R + sL + s2RLC )

(26)

3.2 BP neural network design

The BP neural network combined with PID control belongs to
on-line tuning. According to the relevant theory in the second
section, in Figure 6 the neural network structure is set as fol-
lows: four input layer neurons, five hidden layer neurons and
three output layer neurons, in which four input units are refer-
ence value r(k), actual value y(k), error value e(k) and threshold
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r(k)

y(k)

e(k)

1

kp

ki

kd

FIGURE 6 Structure of BP neural network

1 respectively, and three output units are three parameters kp, ki

and kd of PID respectively.
The activation function of the hidden layer is positive and

negative symmetric sigmoid function f(x) which is the source of
the nonlinearity of the neural network, and the activation func-
tion of the output layer is relu activation function g(x) which can
avoid the output value of sigmoid activation function limited to
the range of 0 to 1. Besides, it can also accelerate the conver-
gence speed and improve the computational efficiency.

f (x ) =
ex − e−x

ex + e−x
(27)

g(x ) = max(0, x ) (28)

3.3 GA design

After establishing the network topology, genetic algorithm is
used to optimize the network performance. The specific opera-
tion steps are as follows:

1. The number of weights of BP neural network should be cal-
culated before optimization. There are 4 × 5 weights from
the input layer to the hidden layer and 5 × 3 weights from
the hidden layer to the output layer, so it is determined that
a total of 35 weights need to be optimized.

2. In order to improve the search speed of genetic algorithm
and avoid too long individual gene length, the above weights
are coded by decimal coding.

3. The fitness function of this genetic algorithm is defined as
the difference between the reference value and the real value
of PID control signal. The smaller the fitness of an individ-
ual, the smaller the error, and the higher the probability of
survival of the individual.

4. The selection process uses the selection strategy based on fit-
ness ratio. There are N individuals in the random initial pop-
ulation, each individual is composed of chromosomes, and
chromosomes at different positions correspond to different
weights. First, their fitness values are calculated for the initial

TABLE 1 Parameters for simulations

Symbol Quantity Values

L inductance 0.08 H

R resistance 5 Ω
C capacitance 0.007 F

Vg supply voltage 5 V

Vref reference voltage 7 V

D duty cycle 0.285714

Lr learning rate 0.001

𝛼 inertia factor 0.05

N number of individuals 10

Pc crossover probability 0.2

Pm mutation probability 0.1

m maximum number of iterations 120

individuals, and then the individuals are randomly selected
by roulette algorithm.

5. The crossover process adopts the single point crossover
mode, and the crossover probability is defined as Pc, whether
to perform crossover operation is determined by randomly
generating a number between 0 and 1 and comparing it with
Pc. The gene crossover is carried out at the random gene
between two individuals to improve the diversity of the pop-
ulation.

6. In the process of mutation, the mutation probability is
defined as Pm. Similarly, Pm also determines whether the indi-
vidual will mutate. Once the conditions are met and each
code is mutated according to Equation (29), where Xnew rep-
resents the individual after mutation, X represents the indi-
vidual before mutation, b is the maximum value boundary of
the individual, a is the random number between 0 and 1, n

is the current number of iterations, and m is the maximum
number of iterations:

Xnew = X + b − X ⋅
[
a ⋅ (1 −

n

m
)
]2

(29)

7. The operation of the above GA is iterated m times, and the
optimal initial weight is obtained after iterations. Then the
value is used to start the training of BP neural network. By
using the gradient descent method to update the weight, the
on-line tuning of PID controller parameters can be realized.

4 SIMULATIONS AND DISCUSSIONS

4.1 Parameter setting

To test the performance of GA-BPPID, simulation verification
is carried out on MATLAB/Simulink. The parameters for sim-
ulations are shown in Table 1.
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1342 WANG ET AL.

FIGURE 7 Main circuit of the proposed controller

4.2 Simulations and results

Through the parameters of the Boost circuit set above, the
transfer function of the Boost circuit can be calculated, which
is taken as the controlled object to simulate under PID con-
trol, BPPID control and GA-BPPID control respectively. In
Figure 7, the above three control methods are compared based
on the same transfer function obtained from the Boost circuit,
where BPPID control is on the upper side, PID control in the
middle and GA-BPPID on the lower side.

Figure 8 is the GA-BPPID circuit diagram written by S-
function module. Figure 9 is the optimization iteration process
of GA. The fitness value of y-axis reflects the error between the
actual value and the reference value of the output of the PID
controller, while x-axis represents the number of iterations of
GA. It can be seen from the figure that when the GA is iter-
ated nearly 90 times, the fitness value at this time is very small,
indicating that the weight at this time is in a better state of opti-
mization.

The output voltage of the Boost circuit under the three con-
trol methods is observed in Figure 10. All the control circuits
can stably output 7 V reference voltage after a certain period.
Obviously, the control effect of BP neural network combined
with PID controller is better than that of traditional PID con-
troller, and the performance of BPPID controller optimized by
GA is significantly improved compared with the other two.

FIGURE 8 GA-BPPID circuit based on S-function module

FIGURE 9 Iterative process of GA

The dynamic performance indexes of these three waveforms
in Figure 10 are shown in the Table 2.

By comparing the data in the table, it can be clearly seen that
the overshoot values of the Boost circuit voltage waveform out-
put by BPPID controller and GA-BPPID controller are far less
than 29.66% under traditional PID control. In addition, BPPID
successfully increased the adjustment time from 0.406 s of tra-
ditional PID to 0.343 s, and GA-BPPID again shortened the
adjustment time to 0.136 s by optimizing neural network.

Figure 11 shows the changes of the weights of the internal
neural networks of BPPID and GA-BPPID. Figure 11a shows
the weight change process of BPPID controller. There are 35
curves in the figure, and each curve represents the change pro-
cess of 35 weights in the neural network. Figure 11b shows the
weight change process of GA-BPPID controller. Similarly, the

FIGURE 10 Comparison of output voltage waveform under PID
control, BPPID control and GA-BPPID control
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TABLE 2 Dynamic performance indexes

Symbol Quantity PID BPPID GA-BPPID

td delay time 0.052s 0.051s 0.046s

tr rise time 0.084s 0.107s 0.195s

tp peak time 0.147s 0.174s

ts settle time 0.406s 0.343s 0.136s

σ% overshoot 29.66% 9.68% 0%

FIGURE 11 Weight changes of different controllers

figure also reflects the change process of 35 weights. The dif-
ference is that GA is used for global optimization search in the
initial state, so the initial weights are still in the search state with
a large change range ratio, and all weights are set between −20
and 20 in the process of GA optimization.

The anti-interference performances of traditional PID,
BPPID and GA-BPPID controllers are tested. At the simula-
tion time of 0.9 s, interferences with amplitude of 2 and dura-
tion of 0.01 s are added on the three controller circuits, and
the output voltage waveforms of the three circuits after inter-
ference are observed. As shown in the results of the three wave-
forms in Figure 12, the traditional PID can recover to the tar-
get state in the face of interference by its fixed parameters, but
it takes a long time, and the waveform fluctuation is relatively
large. BPPID can use neural network to realize on-line adjust-
ment of PID parameters, and the corresponding waveform is
relatively stable, and the fluctuation range is small. GA-BPPID
optimizes the weight based on BPPID, which makes the con-
troller adjust parameters more quickly and accurately, and it can
greatly improve the anti-interference performance, which is the
best among the three methods.

FIGURE 12 Comparison of anti-interference performance under PID
control, BPPID control and GA-BPPID control

5 CONCLUSION

This paper presents an adaptive controller based on GA to
optimize BP neural network and combined with traditional
PID control. The system modelling and detailed design pro-
cess are provided. The three-layer BP neural network selected
in the design can adjust the weight of each layer according to
the gradient descent method. Compared with the traditional
PID controller, which can only rely on experience to set fixed
controller parameters, BPPID and GA-BPPID can adjust the
controller parameters more flexibly. Especially when dealing
with complex objects, GA-BPPID further optimizes the weight
based on BPPID, making the controller more capable of on-
line adjustment. By observing the output voltage of Boost cir-
cuit under three different controllers and the waveform results
under certain interferences, it is found that the proposed GA-
BPPID controller not only greatly reduce the overshoot and set-
tle time of output voltage, but also improve the stability and
anti-interference performance of the system.
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