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Abstract In this paper, the maximization of aromatics yield is taken as the objective, combined with the kinetic
model of photocatalytic reaction, and the reactor inlet temperature is taken as the decision variable. Differential
evolution (DE) algorithm is introduced to solve the variable optimally. Aiming at the solution limitations of DE, the
adaptive relay-based hybrid differential evolution algorithm is proposed. Combining roulette selection with Gaussian
random wandering strategy enhances the ability of global exploration and local exploitation. Through the
comparison of algorithm performance and practical application, the improved algorithm in this paper is verified to
be effective in enhancing the reaction efficiency of photocatalytic materials. The results show that the unit step
deviation of this paper's algorithm varies in the range of [0.00,0.35]. The optimal value can be basically obtained
after about 12 generations of iterations. The difference in the fit of the optimization results does not exceed 0.005.
The optimization accuracy is high and the convergence speed is fast. In the photocatalytic chemical simulation
experiment, the aromatic yield based on this paper's algorithm is increased by 3.87%, and the actual aromatic yield
reaches 75.89%. Using the algorithm of this paper can improve the optimization effect of photocatalytic reactor,
improve the experimental reaction efficiency and increase the aromatic hydrocarbon yield.

Index Terms differential evolutionary algorithm, photocatalytic reaction, adaptive relay, roulette wheel selection,
Gaussian random wandering

. Introduction
Photocatalytic phenomena are prevalent in nature, and photocatalytic materials are materials that can catalyze
chemical reactions using light energy. They are usually composed of semiconductor materials or metal catalysts
and photosensitizers, and these photocatalysts are able to utilize the light energy present in nature to generate the
energy required for chemical reactions and play a catalytic role, causing the surrounding oxygen and water
molecules to be stimulated to decompose to form a variety of free radicals with high oxidizing properties [1]-[4].
They can decompose almost all organic substances and some inorganic substances that are harmful to the natural
environment and living organisms, which not only accelerate the relevant chemical reactions and make them
conform to the laws of development of the natural world, but also do not lead to the waste of resources and the
formation of additional pollution [5], [6]. Under light illumination, photocatalytic materials can absorb light energy
and convert it into electron and hole pairs, which can participate in chemical reactions, thus accelerating the reaction
rate or changing the reaction path [7], [8]. Photocatalytic materials can be used for the decomposition and removal
of harmful substances such as formaldehyde and benzene in water and air, converting them into harmless products,
realizing environmental pollution control and remediation projects such as water and air purification, antibacterial
deodorization, mildew and algal prevention and antifouling and self-cleaning, which have a wide range of
applications in the fields of environmental governance, energy generation and chemical synthesis [9]-[13]. In
addition, photocatalytic materials can also be applied to solar energy conversion and storage, which can be used
as components of photovoltaic cells to convert light energy into electrical energy, and can also be used for
photocatalytic water decomposition to convert light energy into chemical energy, thus generating hydrogen fuel [14].
However, the research and application of photocatalytic materials still face some challenges. For example, the
reaction efficiency and selectivity of photocatalytic materials still need to be improved. First, the reaction efficiency
of photocatalytic materials is affected by the different compounding speeds of electron and hole pairs due to the
differences in the characteristics of the light source, properties of the photocatalysts, the reaction environments,
and the efficiency of the light energy utilization [15], [16]. Secondly, the complex reaction phenomena of
photocatalysts in terms of energy band structure, appearance and morphology, size, and reaction conditions lead
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to different difficulties in controlling the selectivity of the products [17], [18]. Differential evolutionary algorithm (DE),
is an efficient global optimization algorithm. By simulating a stochastic model of biological evolution, those
individuals adapted to the environment are preserved through repeated iterations [19]. To this day, DE has good
progress in the field of material design, such as material inverse design, material calibration, alloy design, etc., due
to its high efficiency of parallel computation, good self-adaptation, and flexible constraints, which show the direction
of the above challenges [20]-[22].

Optimizing the efficiency of photocatalytic reaction is the key to improve the quality of energy conversion and
production. In order to improve the reaction efficiency and selection possibility of photocatalytic materials, this paper
introduces the differential evolution algorithm into the kinetic model of photocatalytic reaction. In order to enhance
the adaptability of the differential evolution algorithm to complex scenarios, a hybrid-based improved differential
evolution algorithm is proposed. Adaptive relay mechanism is utilized to realize dynamic switching in the process of
optimization solving, and Gaussian perturbation is introduced to enhance the diversity of the population to avoid
optimization stagnation. The performance of this paper's algorithm is compared with that of the same type of
algorithm, and the advantages of this paper's algorithm are judged in three dimensions, namely, optimization
accuracy, convergence speed and final optimization result. The efficiency improvement of this paper's algorithm in
the chemical reaction of photocatalytic materials is verified through practical applications.

ll. Analysis of photocatalytic enhancement related technology based on differential
evolutionary algorithm

In this chapter, the differential evolution algorithm is introduced to realize the optimal solution of relevant decision

variables for the problems of reaction efficiency improvement and selectivity increase of photocatalytic materials.

The differential evolutionary algorithm is hybridized and improved with adaptive relay method to improve the

algorithm solution accuracy.

Il. A.Optimization analysis of photocatalytic reaction efficiency

Il. A.1) Photocatalytic reaction kinetic modeling

In this paper, the photocatalytic aggregate kinetic model, which contains a total of 18 sets of 31 reactions. Figure
shows its network of pooled reactions.
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Figure 1: Reaction scheme for naphtha reforming
Similar to most kinetic models of photocatalytic reforming reactions, in this paper, the whole reaction system is

considered as a proposed homogeneous one-level single-molecule reaction system, and for each reforming
reaction there are
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For the photocatalytic reforming radial reactor, assuming a uniform temperature and concentration distribution in
the axial cross-section, neglecting the back-mixing phenomenon, and approximating an adiabatic reactor, the
reactor is modeled as

dFF  2zR,L

2 " Cc.K-F
dz  LHSV xV, (3)
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dz LHSV XV, ¢, -F

P

Il. A.2) Process optimization problem description

Process optimization is to seek a set of operating parameters that optimize the objective function of the evaluated
production process and at the same time satisfy the production constraints. Based on the above mechanism model,
in this paper, the process optimization of photocatalytic reforming is carried out, and the maximization of aromatics
yield is selected as the objective, the inlet temperatures of the four reactors are selected as the decision variables
through the sensitivity analysis, and the load of the heating furnace, the ratio of hydrogen to oil, and the amount of
catalyst coking are selected as the constraints according to the requirements of the process design. The
mathematical model of this constrained optimization problem is as follows

min J =-A4Y(X)
X=x
stEC* <EC(X)<EC"
HC" < HC(X)< HCY
CK"* <CK(X)<CKY

(5)

where X =[T,,7,.T,.T,] is the vector of inlet temperatures for the four reactors, X" is the optimal value of the
decision variable, AY isthe aromatics yield, EC is the heating furnace load, HC is the hydrogen-to-oil ratio,
and CK is the amount of catalyst coking. The upper limit (L) and lower limit (U ) of each variable are
determined by the actual situation of the industrial plant.

Since AY , EC, HC and CK are all nonlinear functions of X and none of them have analytical

expressions, the above nonlinear constrained optimization problem is difficult to be solved by traditional optimization
algorithms, and in this paper, we use differential evolutionary algorithms to solve the problem with the feasibility
rules to handle the constraints.

Il. B.Differential Evolutionary Algorithm
The basic DE algorithm performs iterative optimization through four steps: initialization of the population, mutation
operation, crossover operation and selection operation. The basic steps of the DE algorithm are as follows:

Il. B. 1) Population initialization
Each individual in the population can be represented as:

X =[ X, X o X (=121, (6)
where ) denotes the problem dimension and N, denotes the size of the population.
The basic DE algorithm generates the initial population by random initialization as in equation (7):
X, =rand (0,1)-(U} - L})

L)

7
+0) (i =1,2,-+,N,;j =1,2,+,D) (7)

where rand (0,1) is a uniformly distributed random number between 0 and 1, and U/ and L] denote the upper

and lower bounds of the /jth dimension in the search space, respectively.

Il. B.2) Variational operations

The variation operation helps to increase the diversity of the population, and the DE algorithm uses a difference
strategy to realize the variation of individuals. The basic DE algorithm uses the “DE/rand/1” strategy to realize the
variation operation as in equation (8):
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Vie=X,6+F (X, c-X, ) (8)

where V. denotes the variant individuals generated; X.., X.s, X.c are three individuals randomly selected
from the population, and these three individuals are not identical to each other, i.e., 7.7, €1{,2,--,N,}, and at the
same time satisfy the #n #r #r,; [F is the variation factor.

Based on the basic DE algorithm, researchers have also proposed various forms of mutation strategies, such as:
1) “DE/best/1”:

Vie = Xpesrg + F '(Xn,c _Xr:.u) (9)
2) “DE/best/2”:
Vi,(j = Xbe‘sl,(j +F '(Xy‘,a - sz.c) +F- (sz.G - Xr4~G) (10)
3) “DE/rand/2”:
V:,G = Xq,G +F '(sz‘c; - sz,G)+F '(XQ‘G _X,-S,G) (11)
4) “DE/current-to-rand/1”:
Vig =X +F-(X, =X, )+ F-(X, ;=X ) (12)
5) “DE/current-to-best/1”:
Vie =X+ F (Xppo—X i)+ F ‘(X,-,,G - X@,G) (13)

where X.., X.o, X.¢, X,0, and X,. are randomly selected individuals from the current population,

N1 1574575 6{1529”'5Np} and satisfies n=n #n=r #r#2i; X, denotes the individual with the best fitness

value in the population atthe G th generation; and F' is the variation factor .

Equations (8)-(13) are the more commonly used mutation strategies, which have their own advantages and
disadvantages, so different mutation strategies should be selected for different optimization problems. The detailed
analysis is as follows: "DE/rand/1" and "DE/rand/2" have good random exploration ability in the whole population
because their benchmark individuals and differential individuals are randomly selected from the population, but they
are also accompanied by problems such as slow convergence speed and low solution accuracy. "DE/best/1" and
"DE/best/2" take the current optimal individual as the benchmark individual, and all such variation strategies have
strong development ability, but they are also accompanied by problems such as weak population exploration ability
and easy to fall into local optimal value points. The difference term of "DE/current-to-rand/1" is composed of the
current individual and a random individual, which enhances the ability to search around the current individual.
"DE/current-to-best/1" has stronger development capabilities because it uses the current optimal individual as a
guide, and the use of two sets of differential terms also enhances the exploration ability.

Il. B.3) Cross-operation

After generating variant individuals after the above mutation operation, crossover operation will be performed. The
crossover operation is the process of combining the current individual with the generated variant individuals in each
dimension with a certain crossover probability to generate offspring test individuals. The crossover operation of the
basic DE algorithm is binomial crossover as in equation (14)):

Vo if randO)<CR, orj=j,
Uyjo = {X " a

.G Otherwise

where U, ,; denotes the trial individuals generated by the crossover operation; CR €[0,1] denotes the crossover
probability; and /.., is an integer randomly selected from {1.2,---, D}, which allows the trial individuals to inherit
at least one component from the variant individuals to inherit at least one component from the variant individuals.

This crossover operation allows the newly generated test individual to retain the information of the original individual
as well as the information of the variant individual.

Il. B.4) Selection operations
A greedy selection operation is used in the DE algorithm, i.e., the better adapted individuals are retained from the
parent individuals and the newly generated trial individuals. The selection operation is as in equation ():
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G+l T .
L\ X, otherwise

U i /WU, f(Xg) (15)

where f(-) denotes the individual's fithess value.
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Figure 2: The processes of / DE-ARM-1and / DE-ARM-2

Il. C.Description of Improved Hybrid-Based Differential Evolutionary Algorithm
In order to overcome the limitations of a single algorithm, f DE-ARM mixes the two DE improvement algorithms
in an adaptive relay, and designs two different relay modes, f DE-ARM-1 and f DE-ARM-2, to improve the
algorithm's solution accuracy through the relay cooperation of the two DE improvement algorithms.

/ DE-ARM-1 mainly consists of four phases, in the first phase, the population is initialized; in the second phase,

the algorithm 4

is executed, which periodically calculates the average fitness improvement rate FR and

determines whether it satisfies the relay condition, and if it does, it goes to the next phase; in the third phase, the
Gaussian stochastic wandering strategy is executed; and in the fourth phase, the algorithm B is executed. f

DE-ARM-2 consists of four main phases, the first and second phases are the same as f DE-ARM-1; in the third
phase, the relative population diversity R[) is calculated, and if RD <y , some individuals are selected to
execute the Gaussian random wandering strategy by using the roulette wheel method, and if RD 2y, the current
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population is archived; in the fourth phase. Execute algorithm B and enable the feedback mechanism to
determine whether algorithm B plays a role in improvement based on the average adaptation improvement rate,
if algorithm B can play a role in improvement then algorithm B continues to be executed, otherwise, the
extraction of the archive by the algorithm A4 to continue to be executed.

Il. C. 1) Adaptive relay mechanisms
The f DE-ARM optimization algorithm framework proposed in this chapter is mainly based on the adaptive relay

mechanism for algorithmic hybridization. Among them, “relay” means that Algorithm 4 switches to Algorithm
to continue the iterative process at a specific moment, and two adaptive relay modes, f DE-ARM-1and f DE-
ARM-2, are designed according to the different convergence states of Algorithm 4 . Figure 2 shows the specific
flow of f DE-ARM-1and [ DE-ARM-2.

1) f DE-ARM-1

Figure 2(a) partly shows the flow of the first adaptive relay model. The relay occurs under the condition that the
algorithm 4 has an average fithess improvement rate FR < in the current learning cycle, indicating that the
algorithm A4 has converged to a stagnant state, and a better solution cannot be obtained. Analyzing the population
state at this time, it is found that all individuals in the population are basically clustered around the current optimal
individual, and the population diversity is low, which is not conducive to the search of algorithm B . Therefore,
before the execution of algorithm B, all individuals in the population are added to the random population pop,,

and the Gaussian stochastic wandering strategy is utilized for positional perturbation to improve the population
diversity. The average adaptation improvement rate for one learning cycle is calculated as shown in (W):

Z (f(Xi,G—t ) - f(X,‘,foq ))

m

1
FR=—-
m [_1‘

NP (16)
2 X ‘

i=1

where f(X,;_,) is the fitness value of the ith individual at the G—tth iteration, = is the learning period, i.e.,
the average fitness improvement rate is computed every = th iteration, and AP is the population size.

(2) f DE-ARM-2

Figure @(b) shows the flow of the second adaptive relay model. The relay occurs under the condition that the ratio
divFR of the average fitness improvement rate of the current learning cycle to that of the previous learning cycle
is less than the threshold 3, . If divFR islessthan /B, it means thatthe convergence speed of the algorithm A4
decreases significantly, and at this time an appropriate transformation of the search method is needed to improve
the convergence performance of the hybrid algorithm.

Calculate the current population diversity according to Eq. (17) before the algorithm B relays, and calculate
the value of relative population diversity R[) according to Eq. (ﬁ). When RD <y aroulette method is used to
select some individuals to join the random population pop, and execute the Gaussian random wandering strategy
before executing the algorithm B . According to Equation (M), it can be seen that the population diversity is
measured by the average Euclidean distance from all individuals in the population to the current optimal individual,
when the population diversity is small, it means that the positional difference between individuals is small, which is
manifested as a more aggregated population in the search space, which is not conducive to the search of algorithm
B . Therefore, in order to increase the population diversity while retaining some of the optimal individuals in the
original population to realize the two-stage information transfer, f DE-ARM-2 will use roulette to select some of
the individuals with poor fitness values to participate in the Gaussian random wandering strategy.

1 NP D
PD =ﬁ-2\/Z(XI-J,G X i6) (17)
i=1 \ j=1
PD
RD =
D (18)

init

where PD is the current population diversity and PD,, is the population diversity at the initial moment.
2115



[

Application of differential evolutionary algorithms in chemical reaction mechanism studies to improve reaction efficiency and selectivity of photocatalytic materais

Finally, in order to ensure the overall performance of the hybrid algorithm and prevent the poor development
performance of the algorithm B on some of the test objectives after the relay occurs leading to the premature
convergence of the hybrid algorithm, a feedback mechanism is included in this adaptive relay model. If RD >y
the current population is deposited into the archive pop, before the relay of algorithm B ; after the occurrence of
the relay, the fitness improvement rates of algorithm B in the first two learning cycles FR, and FR, are
computed separately, and the archive pop, is extracted if FR </f and FR,<p is continued by algorithm 4
and vice versa, relayed by algorithm B .

Il. C.2) Roulette selection
/ DE-ARM-2 Some of the individuals with poorer exploitation performance need to be selected to join the
stochastic population to execute the Gaussian random wandering strategy to improve the population diversity when
the population diversity is small. Individuals with smaller fitness values that are more capable of development are
retained and passed on to the next stage of the algorithm B to improve the development performance of the
algorithm. The basic idea of the roulette wheel selection method is to map each individual to the roulette wheel
according to their fithess values, and select an individual by randomly rotating the wheel, with the larger fitness
value having a higher chance of being selected.

Step 1 Calculate the fitness value f(X;) of each individual and sum it to get the sum of fitness values suml’,

which is calculated as in Equation (19):
NP
suszZf(Xi) (19)
i=1

where AP is the population size.
Step 2 Calculate the probability of each individual being selected P, according to Eq. (20).

b S

sumkF

(20)

Step 3 Calculate the cumulative selection probability Q; of each individual according to Equation (M), the larger

the cumulative selection probability of an individual is, the larger the “span” on the roulette wheel, the greater the
probability that the individual will be selected.

0-Y"F (21)

Step 4 Generate a uniformly distributed pseudo-random number « in the interval [0,1], and determine which of
the “span” intervals in Step 3 « falls in, then the individual corresponding to that interval is selected. Assuming that
the selected individual is x, , k is determined as shown in equation (ﬂ):

k:{l if a<Q,

i ifQ171<aSQi and i>1 (22)

Step 5 Assuming that a roulette selection method is needed to select 4 different individuals from the population,
repeat Step 4 until 5 different individuals are selected.

Il. C. 3) Gaussian Stochastic Wandering Strategy
The population is high, which is not favorable to the algorithm B 's search. The use of Gaussian random walk

strategy to apply perturbations to the individuals in the population and when the algorithm stagnates, the use of the
random walk strategy can enable the algorithm to effectively jump out of the local optimum. Therefore, after the

algorithm 4 converges completely the Gaussian random wandering strategy is used to perturb the individuals in
the random population pop, to generate new individuals in order to improve the population diversity. The model is
as follows:

Y, = Gaussian(u,,0)+ (& - X, ;s —&, X, ) (23)
=X, (24)
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o= log(G)
G

(Xig—X.06) (25)

where X,; isthe ird individual in the current random population pop,, Y, is a new individual generated after
performing a Gaussian random walk, X, ; is arandomly selected individual from pop,,and ¢, and ¢, aretwo
random numbers uniformly distributed in the interval [0,1].

The size of the random population », that performs the Gaussian random wandering strategy in /' DE-ARM-
2 is determined based on an iterative process, computed as shown in Equation (%):

N, =round (nfi NPJ (26)

max_ nfes

where max_nfes is the maximum number of evaluations, nfes is the current number of evaluations, and round (-)
is the rounding function.

lll. Algorithm performance comparison and photocatalytic practice

This chapter investigates the performance difference between the same type of algorithms and the improved
differential evolution algorithm based on mixing in this paper through comparative experiments. On this basis,
photocatalytic material chemistry simulation experiments are carried out to analyze the effectiveness of this paper's
algorithm in enhancing the yield of aromatics.

lll. A. Algorithm performance comparison

lll. A. 1) Comparison of optimization accuracy

Compare this paper's hybrid-based improved differential evolutionary algorithm with the traditional least squares,
SOPDT modeling method, differential evolutionary algorithm, and genetic algorithm, and define the accuracy
improvement rate y of the algorithm as

1 1

ISE, Traditional Algorithms - ISE, Text Algorithms
= - £ 5 100% (27)

1

ISE, Traditional Algorithms

The transfer function model of each algorithm and the corresponding accuracy improvement rate are calculated.
Further, the unit step response corresponding to each model is sequentially differed from the unit step response of
the original system to obtain the corresponding deviation change of the unit step of each system. Figure 3/ shows
the deviation changes. From Fig. , it can be intuitively found that the unit step deviation change of the transfer
function model obtained by the algorithm in this paper is between 0.00 and 0.35. Compared with the -0.10-0.6 of
the least squares method and the range of deviation changes of other algorithms, the unit step deviation change of
the transfer function model obtained by the improved differential evolution algorithm based on hybrid in this paper
is the smallest, which indicates that the individual optimization performance of the algorithm in this paper has a clear
advantage.
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Figure 3: Variation of deviation
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lll. A.2) Convergence speed comparison

The maximum number of evolutionary generations of this paper's algorithm and differential evolutionary algorithm
and genetic algorithm is set to 350, and four variable optimization experiments are carried out to obtain the
relationship between the adaptation degree and the evolutionary generations in the optimization process. Figure @
shows the convergence comparison curve of the algorithm. Observing Figure @ the algorithm in this paper is close
to the optimal value after about 12 generations, while the differential evolutionary algorithm and the genetic algorithm
need about 125 and 250 generations respectively to approach the optimal value, and the convergence speed of
this paper's algorithm is obviously faster than that of the differential evolutionary algorithm and the genetic algorithm.
This paper's algorithm optimizes the termination conditions, and the average number of termination generations of
this paper's algorithm is 55 under the premise of meeting the accuracy requirements, while the differential
evolutionary algorithm and the genetic algorithm need to continue to run until the last generation even if they have
searched for the optimal value ahead of time, so the termination number of generations is the maximum number of
generations of 350. It can be seen that this paper's hybrid-based improved differential evolutionary algorithm not
only improves the transfer function model, but also improves the transfer function model, compared to the traditional
differential evolutionary algorithm and genetic algorithm. Compared with the traditional differential evolutionary
algorithm and genetic algorithm, it not only improves the accuracy of the transfer function model, but also
accelerates the convergence speed of the algorithm to a large extent.
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Figure 4: Algorithm convergence comparison curve

lll. A. 3) Comparison of optimization results
The transfer function of the hybrid-based improved differential evolutionary model is set as

_ 2.4464x10"
T,s> +T,s +1

G(s) (28)

In Eq. (%), I and T, are the parameters to be optimized. The collected individual data are modeled by the
improved differential evolutionary algorithm proposed in this paper for optimization. Figure B shows the results of
the optimization search. From Fig. 5, it can be seen that there are some fluctuations in the frequency of individual
data optimization in each group, which is caused by the roulette wheel selection and Gaussian random wandering
strategy to join the random to avoid the local optimization being stagnant. The optimization results obtained from
the three groups of data respectively have a fit difference of no more than 0.005, which is a good fit, indicating that
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the optimization of the four reactor parameters using the hybrid-based improved differential evolutionary algorithm
of this paper is very effective and can achieve the goal of maximizing the yield of aromatics from photocatalytic

materials.
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Figure 5: Optimization result

lll. B. Photocatalysis Case Study

In 3.1 Algorithm performance comparison, the optimization seeking ability of the improved algorithm of this paper is
verified. In this section, simulation experiments are carried out, and the least squares method, genetic algorithm
and the improved algorithm of this paper are selected to carry out photocatalytic chemical experiments, and the
optimization results of aromatics yield under different algorithms' optimization search are statistically counted, so as
to judge the actual response and selection optimization efficiency of the improved algorithm of this paper. The

parameters are set as follows: the maximum evolutionary number of generations is 150, the population size is 45,
shows the specific optimization results of the

and M=4, respectively.

Figure 6 shows the evolution curve of the aromatic yield. Table [1]
aromatic yield in the photocatalytic reaction. By comparing the evolution curves in Fig. b\ and the specific
optimization results in Table 11, it is found that after 150 iterations, the aromatics yield of the least squares method,
the genetic algorithm and the improved algorithm in this paper are increased by 2.56%, 2.45% and 3.87%,

respectively. The aromatic yield enhancement of the improved algorithm in this paper is higher than that of the
comparison algorithm, and the final aromatic yield reaches 75.89%. The photocatalytic material chemistry simulation

experiments illustrate that the improved algorithm in this paper has a better reactor optimization effect and can

achieve the goal of maximizing the aromatics yield.
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Figure 6: The evolution curve of aromatic hydrocarbon yield

Table 1: Optimization results of photocatalytic aromatic hydrocarbon yield

Algorithm Ti/°C T2/°C T3/°C T4/°C p/MPa HC CK/% EC/(GJ h-") Bem/% AY/%
Current value 5241 521.2 517.7 522.0 0.34 3.39 5.21 263.1 9.98 72.02
Least square method 522.2 521.4 517.3 528.4 0.27 2.71 6.13 268.2 10.01 74.58
Genetic algorithm 521.4 521.1 518.5 521.9 0.21 2.79 6.29 270.7 10.20 74.47
Article algorithm 520.9 521.5 525.2 529.1 0.26 2.54 6.32 270.4 10.14 75.89

IV. Conclusion

In this paper, a hybrid improved differential evolution algorithm is proposed to maximize the yield of aromatics in
photocatalytic reaction. In the comparison of the optimization accuracy, the unit step deviation of this paper's
algorithm varies no more than 0.35, which is smaller than that of the comparison algorithm. The optimal solution
can be found in about 12 iterations, which is significantly faster than 125 and 250 iterations of the comparison
algorithm. In the practical application, the aromatics yield is improved by 3.87%, which is better than the 2.56% and
2.45% of the comparative algorithms. The aromatics yield based on the algorithm of this paper can reach 75.89%.
In the future, the algorithm can be further combined with the multi-objective real-time optimization technology to
expand the application of the algorithm in the dynamic regulation of the reactor, in order to improve the actual
reaction effect of photocatalytic materials in chemical experiments.
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