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abstract

In food processing, e�ective optimization of process parameters can improve product

quality, reduce production costs, and shorten production cycles. This paper improves the

traditional particle swarm optimization algorithm by introducing an adaptive learning

factor and an elite particle variation strategy, thereby balancing global search and local

convergence while preventing particle aggregation and local optima. Using kimchi as a

case study, an optimization model including fermentation temperature and other variables

is developed, and the improved algorithm is applied to the multi-objective optimization

of processing parameters to achieve optimal product quality. Experimental results are

compared with those of the traditional particle swarm algorithm and the response surface

method. The �ndings show that the improved model requires only 43 iterations and

reduces �nal risk loss by 14.26%, outperforming the other two methods, which require

52 and 100 iterations, respectively. Thus, the improved particle swarm optimization

model can e�ectively shorten the optimization cycle and reduce the cost of food-processing

parameter optimization.
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1. Introduction

In recent years, with the leaping development of the country's economic level and stan-

dard of living, people's requirements for food quality are getting higher and higher, and

food processing technology is also upgraded [10]. Food processing technology is an impor-

tant link to ensure food safety and quality, reasonable process design can maximize the

retention of food nutrients and taste, while e�ective regulation methods can prevent food

contamination and quality problems [1, 4, 15]. Food process parameter regulation is the

basic condition of current food production and quality, and reasonable regulation can im-

prove the quality and taste of food, reduce production costs and food safety risks, improve

production e�ciency, realize the rational use of resources and protect the environment [2,

6, 18]. In food processing, process parameters include factors such as temperature, time,

humidity, concentration, and acid-base value (pH) [13, 16]. The selection and adjustment

of these parameters play a vital role in food processing, for example, temperature and

time in baked foods can a�ect the texture and �avor of the product, and too high or too

low temperatures may lead to a decrease in the quality of the food [9, 17]. The traditional

food processing process has the problems of long processing time, high cost of use and low

optimization e�ciency [3, 14]. Therefore, how to reasonably set the process parameters

and realize the e�ective regulation of food processing process parameters is an urgent

problem to be solved at present.

Multi-objective optimization algorithm is a class of algorithms used to solve optimiza-

tion problems with multiple objective functions, in the actual problem, there are often

multiple con�icting objectives, which requires simultaneous consideration of multiple ob-

jectives and �nd the best compromise between them [21]. The goal of a multi-objective

optimization algorithm is to �nd a set of solutions and make this set of solutions opti-

mal or near-optimal in each objective function [5]. In food processing, multiple process

parameters interact with each other, which is equivalent to the con�icting objectives in

the multi-objective optimization algorithm, and the optimal solution is achieved in the

con�icting objectives, i.e., the optimal regulation of process parameters is obtained.

The traditional optimization methods of food processing process parameters have prob-

lems such as high experimental cost, long cycle time and limited optimization accuracy.

In this paper, particle swarm algorithm with e�cient global search capability and fast

convergence characteristics is selected for the optimization of food processing parameters.

Aiming at the shortcomings of the particle swarm algorithm, it is improved by combining

the adaptive learning factor and the elite particle mutation strategy. The improved par-

ticle swarm algorithm is applied to establish the optimization model of kimchi processing

parameters. Preprocessing, normalization, abnormal sample test and other operations

are carried out on the kimchi processing process data to ensure that the data can be

used in the model experiment. Compare the e�ects of the improved particle swarm algo-

rithm model with those of the particle swarm algorithm model, surface response method

and other food processing process parameter optimization methods, and judge the e�ec-

tiveness of the improved particle swarm algorithm in terms of optimization speed and

optimization cost.
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2. Overview

To address the problem of regulating the parameters of food processing process, scholars

and experts have already conducted research and achieved certain research results. Sub-

ramanian et al. [19] reconciled the characterization of a�atoxin under heat treatment in

food compounding process by optimizing these parameters of pH, temperature, and time

of heat treatment with response surface methodology. Zhang et al. [22] supported by

response surface methodology, the optimal parameter ratios of drying temperature, and

time, color di�erence, thickness of yam slices, polysaccharide content and other param-

eters in drying processing of yam slices were obtained by BP neural network wolf pack

(BP-GWO) algorithm. Hussein et al. [7] found that temperature is an important param-

eter in the process of tomato slices hot-air drying and processing process by Taguchi's

method, while the thickness of the slices has a great impact in the phenomenon of e�ective

moisture di�usion. By regulating the temperature, other parameters such as drying rate

and ascorbic acid in the processing can be regulated. Tanash et al. [20] used Taguchi's

method to obtain the optimum value of each parameter, extracted the performance char-

acteristics of each process parameter by orthogonal array and signal-to-noise ratio, and

replaced it with the noise ratio to input the fuzzy model, and �nally presented it as a com-

posite output index, and the composite output index of each parameter was maximization

design as a way to determine the optimal parameter level. In addition, Kothakota et al.

[11] used multiple linear regression and arti�cial neural network (ANN) to optimize the

process parameters of nutrient forti�cation of semolina by treating brown rice with cellu-

lase and xylanase, and setting di�erent treatment parameters and observing the changes

of nutrients in semolina after treatment. And Kalathingal et al. [8] set up a model for

optimization of process parameters of leaf �uidized bed drying in green tea processing

with ANN for inputs (temperature, air �ow rate) and outputs (drying time, total color

di�erence, and total phenol content) of parameters in the drying process, and the weights

and deviation values of the ANN were calculated by genetic algorithms, so as to obtain

the optimal process parameters. Liu et al. [12] set up an optimization model for the

process parameters of green tea processing with a Genetic algorithm and particle swarm

optimization to optimize the process parameters of vacuum belt drying of orange peels,

which not only improves the production e�ciency but also reduces the production cost,

particle swarm optimization algorithm performs better.

3. Particle swarm algorithm related content research

The standard particle swarm (PSO) algorithm has high e�ciency and �exibility in solving

complex optimization problems, but in some cases there are problems such as easy to

fall into local optimum and slow convergence speed. Aiming at the limitations of PSO

algorithm, this paper proposes an improved particle swarm algorithm (NIPSO) based

on adaptive learning factor (ALF) and elite particle variation strategy (AEM). In the

following section, the basic principle of PSO algorithm and its improvement strategy will

be introduced in detail, and the application idea of the subsequent NIPSO algorithm in
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the optimization of food processing process parameters will be clari�ed.

3.1. Particle swarm algorithm analysis

The idea of the PSO algorithm simulates the process of foraging by group organisms: each

individual shares the amount of food at its own location to the group and dynamically

pushes the group in the direction of su�cient food based on the experience formed by

the amount of food at its own and the group's location. Figure 1 shows the work�ow

of the PSO algorithm in synchronization mode. In the engineering application, the PSO

algorithm puts n individual particle with no volume in the Dimensional �nite space Rdim,

and each particle �ies with a certain speed in Rdim. where the ith particle has a velocity

of vi = (vi,1 , vi,2, . . . , vi,Dim) and a position of xi = (xi,l, xi,2, . . . , xi,Dim). The particle's

velocity is dynamically adapted according to its own experience pBesti and the �ight

experience of the population formation gBest. The algorithm ends its run when the

adaptation of a particle's position reaches the desired value or reaches the maximum

number of runs.

Fig. 1. Work�ow of PSO algorithm

The steps of PSO are as follows:

Step 1: Determine the relevant parameters of the algorithm;

Step 2: Initialize all particles, the initial position and velocity are usually taken as

uniformly distributed values, and the velocity can also be taken as zero;

Step 3: Set the value of i to 1;

Step 4: Calculate the �tness of the ind particle position Fitness
(
xk
i

)
, the speci�c

�tness formula is related to solve the problem;

Step 5: Judge whether the adaptation degree of the ith particle position reaches the

desired value? If yes, execute Step 6, otherwise execute Step 7;

Step 6: Get the optimized solution xk
i,d whose �tness meets the expected value, and the
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algorithm �nishes running;

Step 7: Determine whether the current number of iterations reaches the maximum

number of iterations N , if yes, then the algorithm ends the run, otherwise execute Step

8;

Step 8: update the �ight experience of particles, Figure 2 shows the operation �ow of

updating the �ight experience of particles;

Fig. 2. Operation �ow of updating particle �ight experience

Step 9: Add 1 to the number of iterations and add 1 to the value of i in a loop;

Step 10: Calculate the velocity of the ind particle with the velocity update equation:

vk+1
i,d =ωvki,d + c1rand [0, 1]

(
pbestki,d − xk

i,d

)
+c2rand [0, 1]

(
gbestkd − xk

i,d

)
, (1)

where rand [0, 1] is the function that generates random numbers in interval [0, 1].

Step 11: Update the position of the ird particle, the position update equation is:

xk+1
i,d = xk

i,d + vk+1
i,d . (2)

Jump to step Step 4 to execute.

3.2. Analysis of improved particle swarm algorithm

The particle swarm algorithm No Inertia Velocity Update (NIV) formula is as follows:

vi(t+ 1)=s · (u(t)− u(t− 1)) + c1 × r1 × (pbesti(t)− xi(t))+c2 × r2 × (gbest(t)− xi(t)).

(3)

Parameter s ∈ (0, 1) in Eq. (3), referred to as the �coe�cient of variation� used to

control the range of the population, performs best when it is between s ∈ (0.1, 0.2). u(t)

and u(t − 1) are the mean values of the positions of the particle swarm at moments t
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and t − 1. The position update formula de�nition is consistent with the standard PSO

algorithm.

Although the above proposed improved particle swarm algorithm velocity update for-

mula (NIV) can enhance the in�uence of the optimal position of the swarm on the �ight

trajectory of the particles, it cannot reduce the possibility of the particles falling into

the local optimum. Therefore, on the basis of NIV formula, adaptive learning factor and

elite particle variation strategy are introduced to make up for the shortcomings of (NIV)

formula and improve the optimization seeking performance of particle swarm algorithm.

The idea of ALF is to linearly adjust the learning factor in the iterative process to

guide the direction of particle �ight, and in the early stage of the search phase, the

particle swarm focuses on the global searched, and in the later stage, it focuses on the

fast convergence. The formula for the adaptive learning factor is as follows:

c′1 = cmax −
(cmax − cmin) t

tmax

, (4)

c′2 = cmin +
(cmax − cmin) t

tmax

, (5)

where c′1 decreases linearly with iteration and c′2 increases linearly, and the sum of the

two is constant, indicating a certain level of search and convergence of the particle swarm.

In the initial stage c′1 > c′2 of the algorithm, the particle swarm global search ability is

stronger, and in the later stage c′1 < c′2 of the algorithm, the particle swarm convergence

e�ciency is accelerated, which helps the particle swarm to quickly converge to the global

optimal solution.

The idea of AEM mutation strategy is to mutate gbest(t). The current global optimal

position can be regarded as the �elite particle� of the particle swarm, and the velocity

update formula of the standard particle swarm algorithm is designed to make the particle

swarm blindly �y to the elite particle, but this will lead to a large number of aggregation

phenomenon of the particle swarm, and it is often di�cult for the particle swarm to jump

out of the local optimal when the position of the elite particle is the local optimal, so

the mutation improvement for gbest(t) Variation improvement is carried out to break the

aggregation phenomenon of the particle swarm, so that it guides the whole particle swarm

to jump out of the local optimal solution.

The speed update formula of the improved particle swarm algorithm combining ALF

method and AEM strategy is as follows:

vi(t+ 1) =s · (u(t)− u(t− 1)) + c1
′ × r1 × ( pbesti(t)− xi(t)) + c2

′

× r2 × (gbest∗(t)− xi(t)) . (6)

The formula for the variation of the AEM strategy for �elite particles� is as follows:

gbest∗ = gbest+G(xm). (7)

From Eq. (7), it can be seen that the elite variant particle gbest∗ is only a�ected by

the G(xm) function and the current population optimal historical position. Where the
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perturbation function G(xm) is de�ned as follows:

G (xm(i)) =
1

π
arctan (xm(i)) + C. (8)

In Eq. (8), i = 1, 2, · · · , N is the particle dimension and variables xm and C are the two

keys in the perturbation function G. Where variable C takes di�erent values depending on

the standard deviation of the particle swarm �tness function values, the speci�c formula

is as follows:

C =


1.25 if st−d < 10−2,

1 if 10−2 ≤ st−d < 10−1,

0.25 otherwise,

(9)

std =
N∑
i=1

∣∣∣∣fi − fgbest
fgbest

∣∣∣∣ , (10)

Eq. (9) divides the values into {1.25, 1, 0.25} three values, and st_d in Eq. (10) can

determine the speci�c value of C. fgbest is the value of the �tness function of the historical

optimal position of the current population, where fi indicates the value of the �tness

function of the ith particle, and when fi tends to be more similar to fgbest, the smaller

the value of st_d indicates a higher degree of inter-particle similarity. When the inter-

particle similarity is high, variable C will be given a larger value, which will strengthen the

interference e�ect on fgbest and break the aggregation of the particle swarm to a certain

extent. The formula for variable xm is de�ned as follows:

xm(i) = exp (−λ · t/tmax) · (1− r(i)/rmax) . (11)

In Eq. (11), λ is a custom constant, t is the current number of iterations, tmax is the

maximum number of iterations, and r(i) denotes the absolute value of the di�erence in

distance between the ith dimension of the mean value avg_pbest of the current historical

optimal position of all particles and the optimal position of the current population. The

de�nition of r(i) is shown below:

r(i) = |gbest(i)− avg_pbest(i)| , (12)

where avg_pbest(i) is de�ned as follows:

avg_pbest(i) =

(
N∑
j=1

pbest[j][i]

)/
N. (13)

In Eq. (13), pbest[j][i] is the value of the ird dimension of the jnd particle at the

current historical optimal position. In summary, the improved particle swarm algorithm

(NIPSO) is introduced.

4. Application of Kimchi process parameter optimization model

based on NIPSO algorithm

In food processing, optimization of process parameters is crucial for improving product

quality and production e�ciency. As a traditional fermented food, the processing pa-

rameters of kimchi a�ect the �nal food quality. In order to achieve the optimization of
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kimchi processing process, this paper constructs a multi-objective parameter optimization

model based on the NIPSO algorithm with the objectives of the lowest nitrite content, the

maximum crispness of kimchi and the maximum total amount of fresh amino acids. In

this part, the construction process of kimchi processing process parameter optimization

model will be introduced in detail, and the performance superiority of NIPSO algorithm

in the optimization process will be veri�ed through experimental data analysis.

4.1. Optimization modeling of pickle processing parameters

4.1.1. Optimization model of pickle processing parameters. Based on the NIPSO algo-

rithm, the optimization of kimchi processing process parameters is taken as the research

object and the corresponding optimization model is constructed. Figure 3 shows the

kimchi processing process model. Among them, the main factors on the fermentation

of kimchi include salt concentration, temperature, and lactic acid bacteria inoculation

amount.

Fig. 3. Pickle processing technology model

4.1.2. Optimization problem of pickle processing parameters. In order to improve the

e�ect of kimchi processing process and realize the optimal process. The salt addition

amount, fermentation bacteria inoculation amount, sugar addition amount and fermenta-

tion temperature of kimchi were mainly optimized and controlled to achieve the optimal

goal.

1) Salt addition amount. The main function of optimizing salt addition is to control

microorganisms and harmful bacteria such as fermentation bacteria in kimchi. Di�erent

concentrations of salt seriously a�ect the environmental PH value, and the study combined

with experimental experience to control the salt addition in the range of 0 ≤ S ≤ 55%.

2) Inoculation amount of fermentation bacteria. Di�erent inoculation amount of fer-

mentation bacteria has a large impact on the �nal acidity of kimchi, therefore, the inoc-

ulation amount of fermentation bacteria L was controlled within the range of 0∼55%.
3) Sugar addition amount. In kimchi processing, the generation of lactic acid bacteria

mainly relies on the addition of sugar, and the addition of sugar plays a crucial role for

lactic acid bacteria. Therefore, the optimized range of sugar U was set in the range of

0∼55%.
4) Fermentation temperature. In the fermentation process, the temperature directly

a�ects the microbial content in kimchi, so the fermentation temperature needs to be
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controlled within a reasonable range. After comprehensive consideration, the fermentation

temperature was set to 25 ≤ T ≤ 45.

After clarifying the research object, it is necessary to establish the corresponding ob-

jective function. In the optimization of kimchi process, it is mainly divided into two

optimization objectives, i.e. single-objective optimization and multi-objective optimiza-

tion. Single-objective optimization is to take the quality of kimchi as the goal of process

optimization, i.e. the �nal goal of particle swarm optimization.

According to the various in�uencing factors of kimchi processing, the lowest nitrite

content, the maximum crispness of kimchi and the total amount of fresh amino acids were

selected as the multi-objective optimization objectives. Its objective function expression

is:

Jc1 ∗ ∥f (x1)− 0∥2 + c2 ∗ ∥f2 (x2)−G2∥2 + c3 ∗ ∥f3 (x3)−G3∥2 . (14)

In Eq. (14), c1, c2 and c3 are the weight coe�cients of each objective function; f1 (x1),

f2 (x2) and f3 (x3) are the models constructed by the objective functions; G2 and G3 are

the target values of kimchi crispness and total fresh �avor amino acids, respectively.

4.2. Data processing

This paper utilizes experiments to obtain a total of 23 sets of sample data of relevant

parameters of kimchi processing data, in which each set of data contains a complete pro-

cessing process. The platform used for data processing is Matlab2014a. The preprocessing

of the actual test data is realized through the principle of preprocessing technology.

4.2.1. Data sample pre-processing. First of all, it is necessary to formulate data cleaning

rules, the speci�c rules are as follows:

1) Analyze the �eld "salt concentration", "lactic acid bacteria" and other data, found

that the vacant value to eliminate the sample;

2) Compare the �eld data whether there are duplicates, eliminate duplicate sample

data;

In the process of data cleaning, 23 groups of data samples are processed without dupli-

cated data, 1 group of sample data containing empty values is eliminated, and 22 groups

of integrated data are obtained.

4.2.2. Data normalization. Table 1 shows some of the experimental test data in this

paper. The main purpose of normalization in this paper is to eliminate the in�uence of

the di�erence of the scale on the results, so this paper adopts the min-max normalization

method to normalize the data into the interval of [-1,1]. Observing the experimental test

data in Table 1, it can be seen that there is not much di�erence in the corresponding

variable values in each group of data, such as the PH value between 3.64-3.80, which

meets the experimental requirements.

4.2.3. Abnormal sample detection. Finally the data samples are tested for abnormal

samples. As the purpose of the detection in this paper is to make the sample data classi-
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Table 1. Part of experimental test data

Sample number Variable 1 2 3 4 5 6

Salt concentration (%,w/w) 21 16 26 21 16 26

Temperature (◦C) 26 31 36 36 26 31

Lactic acid bacteria (%,w/w) 0.04 0.056 0.09 0.056 0.09 0.04

Pressure (MPa) 300 300 300 300 300 300

Time (min) 11 6 16 6 16 11

Nitrite (mg/L) 2.4 1.32 2.47 2.80 1.98 2.47

Brittleness (gf) 1073.34 1186 1826 968.34 948.34 1636

PH value 3.64 3.64 3.80 3.67 3.65 3.70

Total amino acids of umami /nmol/mg 0.96 1.40 1.35 1.20 1.27 0.89

�cation more reasonable so as to get a good clustering e�ect. The rationality evaluation

indexes of the samples of the contour method are the number of irrationally categorized

samples and the calculated contour value, the fewer the number of irrationally categorized

samples, the better, and the closer the average contour value is to 1, the more rational the

categorization is. In this subsection, K-mean clustering and contour value calculation are

performed for the sample data of 9 variables. The following section takes temperature,

pressure, and nitrite as an example to visualize the results of contour value calculation

for these three variables and study their optimal number of clusters.

Figure 4 shows the results of contour value calculation under di�erent categories of

temperature. Analyzing Figure 4: when the number of categories is 1, the average contour

value of all points in the graph is 0.97; when the number of categories is 2, the average

contour value of all points in the graph is 0.56; when the number of categories is 3,

the contour value of all points in the graph is 1. It indicates that when the number of

categories is 3, these points can be well separated from the neighboring clusters. Therefore,

the optimal number of clusters for temperature data is 3.

Fig. 4. Calculation results of temperature pro�le values

Figure 5 shows the results of calculating the contour values under di�erent categories
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of pressure. Observing Figure 5, when the number of categories is 1, the average contour

value of all the points in the graph is 0.54; when the number of categories is 2, the average

contour value of all the points in the graph is 0.76; and when the number of categories

is 3, the average contour value of all the points in the graph is 1. It means that when

the number of categories is 3, these points can be well separated from the neighboring

clusters. Therefore, the optimum number of clusters for the pressure data is 3.

Fig. 5. Calculation results of pressure contour values

Figure 6 shows the results of calculating the contour values under di�erent categories

of nitrite. From Figure 6, when the number of categories is 2, there is no sample point

with contour value less than 0 in the graph, indicating that there is no unreasonable

categorization. When the classi�cation category is 2, the highest average contour value is

0.95. This indicates that the optimal number of clusters for nitrite data is 2.

Fig. 6. Calculation results of nitrite pro�le value

Others, the optimal number of clusters for salt concentration, lactic acid bacteria, time,

crispness, PH, and total fresh �avor amino acids are 3, 4, 3, 2, 2, 2. After determining the
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optimal number of clusters, this paper uses the method of K-mean clustering to detect

outlier samples for the data of nine variables. The K-mean clustering algorithm to obtain

the category attributes of each sample, based on the category attributes to obtain the

density of each category, the output of the minimum density of the sample for anomaly

analysis, according to the algorithm �ow chart, to obtain the mean and standard deviation

of the number of elements of each cluster in each category, the number of elements of the

cluster with the di�erence of the mean and the standard deviation of the comparison, to

�nd out that the clusters located in a standard deviation outside of the cluster to look at

the set of samples as anomalous samples to be analyzed.

Table 2 shows the minimum density anomaly set elements corresponding to the nine

variables.

Table 2. Diagnosis results of outlier samples based on clustering

Variable value Set of abnormal samples to be analyzed

Salt concentration (%,w/w) 20

Temperature (◦C) 16

Lactic acid bacteria (%,w/w) 13

Pressure (MPa) Empty

Time (min) Empty

Nitrite (mg/L) Empty

Brittleness (gf) Empty

PH value Empty

Total amino acids of umami /nmol/mg Empty

By analyzing the minimum category set, it can be seen that the percentage of salt

concentration in sample #20 for salt concentration is 150%, the data clearly de�es common

sense; while the data for sample #16 for temperature is 350◦C, which is far beyond the

temperature range determined by the experiment of obtaining the data, and both of them

belong to the obvious entry error data in order to exclude this sample. The detected

lactobacilli value of abnormal sample No. 13 was analyzed by professional experimenters,

and the values were all within a reasonable experimental range. After the experiment

this algorithm misdetects 2 samples. Overall, this paper's algorithm can more accurately

�nd the abnormal samples to be analyzed, and the processed samples can be used as a

data source for subsequent modeling. After pre-processing, the total number of samples

remaining 20 groups, randomly selected 15 groups as training sample data, the remaining

as a test sample data set, in order to test the generalization ability of the model.

4.3. Analysis of model application results

In the calculation and optimization of kimchi processing parameters, the results of tem-

perature, time, and crispness in the processing equipment are used to understand the

current operating status of the processing equipment and to predict the degree of param-

eter optimization that the equipment needs to undergo and the value of the loss that may

be caused. The optimization model was used for application scenario testing, and the
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kimchi processing equipment was subjected to trend analysis under the �N-1� adjustment

mode to understand the loss of load of the equipment during the parameter adjustment

process. When the particle swarm algorithm before and after the improvement is used for

the optimization of parameter adjustment, the basic parameters are set as follows: the

number of particles is set to 60, the inertia weight ù = 0.85, the learning factor c1 = c2
= 3, and the maximum number of iterations is set to 210.

Figure 7 shows the optimization process of PSO algorithm before and after the im-

provement to adjust the parameters of the application scenario device. From Figure 7,

it can be found that when using the standard PSO algorithm before improvement for

equipment parameter adjustment optimization, it has entered the local optimal solution

at 52 iterations, and �nally after 210 iterations, the result of the optimization converges

to the domain of 4,083,300,000 yuan. While using the multi-objective optimization based

NIPSO algorithm studied in this paper in 43 iterations, it enters the iterative steady state,

and the �nal convergence domain is 3.509 million yuan.

Fig. 7. Optimization process curve

The experimental validation results show that when using the multi-objective opti-

mization based NIPSO algorithm studied in this paper for the optimization of equipment

parameter adjustment, it not only reduces the number of iterations from 52 to 43, but also

reduces the �nal risk of loss by 14.26%, which e�ectively reduces the cost of optimization

of kimchi processing parameters.
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5. Comparison of parameter optimization e�ects

In order to test whether the multi-objective optimization NIPSO algorithm is more prac-

tical than the existing parameter optimization methods, this section takes the surface

response method as an example and compares the optimization e�ects of di�erent meth-

ods. In the following section, the optimization process of the surface response method

will be studied to determine the practical parameter optimization e�ect of the two types

of methods.

5.1. Response surface optimization of Kimchi fermentation conditions study

The factors and levels of response surface analysis for kimchi fermentation were designed

based on the results of the one-way test, and Table 3 shows the results of the response

surface analysis test. Design-Expert 8.0.6 software was used to analyze the data in Table

3 to obtain the model of quadratic multinomial regression equations of total acid con-

tent and AITC mass fraction of kimchi on salt addition, fermentation temperature and

fermentation time, respectively:

Y1=1.40−4.874∗10−3X1−0.094X2−0.17X3+0.33X1X2

− 0.25X1X3 − 0.071X2X3 − 0.04X1
2 − 0.26X2

2 − 0.34X3
2, (15)

Y2 =0.96 + 0.22X1+0.09X2+0.02X3+0.36X1X2+0.36X1X3+0.01X2X3

+0.09X1
2−0.22X2

2−0.078X3
2. (16)

Table 3. Test results of response surface analysis

Test number X1 amount of salt added X2 fermentation temperature X3 fermentation time Total acid content /(g/kg) AITC Quality score /%

1 -1 0 -1 0.97 1.22

2 0 0 0 1.31 1.55

3 -1 0 1 1.37 1.12

4 0 0 0 1.48 0.88

5 0 0 0 1.55 0.86

6 1 0 1 1.47 0.54

7 -1 0 1 1.5 0.48

8 0 0 0 1.27 1.51

9 -1 -1 1 0.6 0.39

10 0 -1 -1 1.19 0.78

11 1 1 0 1.13 0.92

12 1 -1 0 0.97 0.27

13 0 1 -1 0.9 0.6

14 0 0 1 0.92 0.82

15 1 0 1 0.81 0.91

Analysis of variance (ANOVA) was performed on the model for total acid content of

kimchi. Table 4 shows the ANOVA results of the model of total acid content of kimchi.

From Table 4, it can be seen that: the regression model of total acid content of kimchi

was highly signi�cant (P<0.01), indicating that the independent variable of the quadratic

regression equation was well correlated with the dependent variable; and the mis�t was not

signi�cant (P=0.5070>0.05), indicating that the equation was a good �t for the test with

a small error. The signi�cance of each of the regression equations shows that the primary
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term X1 is extremely signi�cant (P<0.0001<0.01), X3 is signi�cant (P=0.0240<0.05), and

X2 is not signi�cant (P=0.1459>0.05); the interaction terms X1X2, X1X3 are extremely

signi�cant (P<0.0001<0.01), and X2X3 is not signi�cant (P=0.4601>0.05); secondary

term X2
2 was signi�cant (P=0.0109<0.05), X3

2 was highly signi�cant (P<0.0001<0.01)

and X1
2 was not signi�cant (P=0.4525>0.05). The F-values of X1, X2 and X3 were

1.174Ö10−3, 2.04 and 10.19, respectively. According to the size of F-value, the in�uence

of the three factors on the total acid content of kimchi was X3>X2>X1, i.e., fermentation

time>fermentation temperature>salt addition, from largest to smallest.

Table 4. Results of variance analysis of total acid content model of kimchi

Source of variation Sum of squares Degree of freedom Mean square F-number Prob>F

Model 1.40 8 0.15 9.72 <0.0001**

X1 1.000Ö10−4 1 1.000Ö10−4 1.174Ö10−3 <0.0001**

X2 0.04 1 0.035 2.04 0.1459

X3 0.14 1 0.14 10.19 0.0240*

X1X2 0.4 1 0.4 25.5 <0.0001**

X1X3 0.26 1 0.26 15.49 <0.0001**

X2X3 0 1 0 0.53 0.4501

X1
2 0 1 0 0.52 0.4525

X2
2 0.23 1 0.23 14.49 0.0109*

X3
2 0.39 1 0.39 24.69 <0.0001**

Residual error 0.07 4 0.01

Missing �t 0.01 1 3.522Ö10−2 0.4 0.5070

Pure error 0.04 2 0.01

Total variation 1.58 13

Note: * means signi�cant di�erence (P<0.05), ** means extremely signi�cant di�erence (P<0.01)

Analysis of the con�dence level of the quadratic regression equation for total acid con-

tent shows that the correlation coe�cient R2 of the regression equation is 0.9460, which

indicates that the equation describes well the relationship between each factor and the

response value; The correction coe�cient R2
Adj of the regression equation was 0.8486,

which indicated that the regression equation could explain 84.87% of the variation of the

response value after correction; the signal-to-noise ratio RSN was 8.978, which indicated

that the equation had a high goodness-of-�t and credibility, and could be used for the

model prediction; and the coe�cient of variation CV was 11.43%, which indicated that

the regression equation had a high degree of con�dence. So the regression equation can

be used to optimize the fermentation process of total acid in kimchi.

Analysis of variance (ANOVA) was performed on the model for AITC mass fraction of

kimchi. Table 5 shows the ANOVA results of the model for AITC mass fraction of kimchi.

Analyzing Table 5: The regression model for AITC mass fraction of kimchi was highly

signi�cant (P<0.0001<0.01) and the mis�t was not signi�cant (P=0.8575>0.05). The sig-

ni�cance of each of the regression equations shows that the primary term X1 is highly sig-

ni�cant (P<0.0001<0.01), X2 is not signi�cant (P=0.1610>0.05), and X3 is not signi�cant

(P=0.6485>0.05); the interaction term X1X2 is highly signi�cant (P<0.0001<0.01), X1X3

is highly signi�cant (P<0.0001<0.01), and X2X3 was not signi�cant (P=0.8512>0.05);
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The quadratic term X2
2 was signi�cant (P=0.0275<0.05), X1

2 was not signi�cant (P=0.2490

>0.05) and X3
2 was not signi�cant (P=0.33566>0.05). The F-values of X1, X2, and X3

were 19.39, 2.54, and 0.22, respectively. Judging from the magnitude of the F-values, the

three factors a�ected the AITC mass fraction of total acid in kimchi in descending order

of X1>X2>X3, i.e., the amount of salt added>fermentation temperature>fermentation

time.

Table 5. Results of variance analysis of AITC mass fraction model of kimchi

Source of variation Sum of squares Degree of freedom Mean square F-number Prob>F

Model 1.87 8 0.20 9.98 <0.0001**

X1 0.40 1 0.40 19.39 <0.0001**

X2 0.04 1 0.04 2.54 0.1610

X3 4.7Ö10−2 1 4.7Ö10−2 0.22 0.6485

X1X2 0.55 1 0.55 26.93 <0.0001**

X1X3 0.55 1 0.55 26.93 <0.0001**

X2X3 7.9Ö10−4 1 7.9Ö10−3 0.03 0.8512

X1
2 0.02 1 0.02 1.62 0.2490

X2
2 0.16 1 0.16 8.36 0.0265*

X3
2 0.01 1 0.01 0.99 0.3566

Residual error 0.12 5 0.01

Missing �t 9.5Ö10−2 1 4.7Ö10−2 0.16 0.8575

Pure error 0.11 3 0.02

Total variation 1.99 14

Note: * means signi�cant di�erence (P<0.05), ** means extremely signi�cant di�erence (P<0.01)

Analysis of the con�dence level of the quadratic regression equation for the AITC

mass fraction shows that the model has a regression coe�cient R2 of 0.9373, a correction

coe�cient R2
Adj of 0.8435, a coe�cient of variation CV of 16.78%, and an RSN signal-

to-noise ratio of 11.204. These eigenvalues indicate that the actual prediction test has

a small error and a good �t to the model, which can e�ectively analyze and predict the

AITC mass fraction of kimchi.

5.2. Analysis and Comparison of Results

The experimental setup of the surface response method is the same as that of the multi-

objective optimization NIPSO algorithm, i.e., the maximum number of iterations is 210,

the inertia weights are taken as 0.85, and the learning factors are all 3. The data is

prevented from becoming too large for the computation by setting the weights of the

three objectives. Figure 8 shows the variation of the scoring value with the number

of times. As can be seen from the �gure, when the number of iterations reaches 100

times, there is a state of convergence, the convergence of the objective function value of

0.01379, not close to 0, because the ideal value of the three established objective function

and the optimal value of the actual situation there is a deviation, in addition, due to

the surface response method of the prediction accuracy of the existence of errors and

optimization of the objective value of the contradiction between each other. Therefore, the

optimized solution is only the relative optimal solution set. Comprehensive analysis shows
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that the NIPSO algorithm kimchi process parameter optimization model converges at 43

iterations, which is better than the 100 iterations of the surface response method. The

surface response method requires more iterations and can only �nd the relative optimal

solution set, which may be caused by the large prediction error of the established multiple

regression model on the indicators. Overall, the NIPSO algorithm has a better e�ect in

multi-objective optimization, which can greatly reduce the problems of high cost and

long cycle time brought by orthogonal experimental design in the optimization of process

parameters, and it can provide an e�ective reference for practical optimization.

Fig. 8. Changes of the score value with the number of times

6. Conclusion

In this paper, for the optimization problem of food processing process parameters, a

regulation method based on multi-objective optimization algorithm is proposed, and the

optimization research is carried out by improving particle swarm algorithm. After pre-

processing, normalization and abnormal sample test of multiple sets of data of kimchi

processing, invalid data are eliminated, and the optimal clustering number of each vari-

able is analyzed to be between 2-4 classes, and the �nal experimental data are obtained.

The particle swarm algorithm model before and after the improvement is used to carry

out parameter optimization experiments. The number of iterations of the particle swarm

algorithm model is 52, and the �nal convergence domain is 408.33 million yuan. The

number of iterations of the improved particle swarm algorithm model is 43, and the �nal

convergence domain is 3.509 million yuan. The number of iterations of the improved par-

ticle swarm algorithm model decreases by 9 times and the convergence domain decreases

by 14.26%. Compare the improved particle swarm algorithm model with the traditional

surface response method. The 43 iterations of the improved particle swarm algorithm

model are signi�cantly better than the 100 iterations of the surface response method.

The parameter optimization e�ect of the improved particle swarm algorithm is the best

among the three methods.

Using the improved particle swarm algorithm model in this paper can signi�cantly

improve the optimization e�ciency of kimchi processing parameters, reduce the number
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of experiments and time costs, and provide more economical and practical optimization

solutions for food processing enterprises. As a multi-objective optimization model, the

improved particle swarm algorithm model can ensure that multiple key quality variables

(e.g., nitrite content, crispness, and the total amount of fresh amino acids, etc.) are

optimized simultaneously during the food processing process, which ultimately improves

the overall quality of the product and market competitiveness. In the future, the real-time

multi-parameter optimization system can be further developed by combining the dynamic

data of the actual food processing to adapt to the complex and variable situation of food

processing and support the food processing industry to move towards the direction of

intelligence.
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