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Abstract—Because the traditional method of solving
nonlinear equations takes a long time, an optimal path
analysis method for solving nonlinear equations with
limited local error is designed. Firstly, according to the
finite condition of local error, the optimization objective
function of nonlinear equations is established. Secondly, set
the constraints of the objective function, solve the optimal
solution of the nonlinear equation under the condition of
limited local error, and obtain the optimal path of the
nonlinear equation system. Finally, experiments show that
the optimal path analysis method for solving nonlinear
equations with limited local error takes less time than other
methods, and can be effectively applied to practice.

Keywords—Constraints, mixed, local error, nonlinear
equations, optimization path.

I. INTRODUCTION

HE solution of nonlinear algebraic equations is a basic and

important problem. A large number of practical problems
in engineering practice, economics, information security and
dynamics are converted into algebraic equations. Therefore, the
solution of nonlinear equations becomes an important research
content in engineering application and numerical calculation.
Nonlinear equations refer to the relationship between dependent
variables and independent variables is not linear, this kind of
equations are many, such as square relations, logarithmic
relations, exponential relations, trigonometric functions, and so
on. It is often difficult to obtain accurate solutions for this kind
of equations, so approximate solutions are required, and the
corresponding approximate solutions are gradually getting more
and more attention. Nonlinear optimization is the
interdisciplinary operational research and computational
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mathematics, many practical problems such as national defense,
oil exploration, weather forecast, management, finance and
other problems can be summarized as nonlinear optimization
problems, such as the pattern recognition problems in
information science, the portfolio problems in finance, the
inversion problems in earth science, etc. These practical
problems are usually high dimensional nonlinear problems, so it
is of great significance to study efficient methods to solve
nonlinear optimization problems. The ill-posed nonlinear
observation model is widely used in geodetic measurement and
parameter inversion. For example, the Angle observation
equation and the edge length observation equation with
unknown parameters are both nonlinear functions of the
coordinate of the fixed point. There are also a lot of nonlinear
least square estimation problems in the field of deformation
monitoring and inverse calculation of subgrade and pavement
modulus. Because the observation error of modern field
measurement is equal to or even less than the linear
approximation error. Therefore, the study of the solution theory
and method of ill-posed nonlinear observation model has not
only theoretical significance, but also important engineering
application value.

At present, many research achievements have been made on
the solution of nonlinear equations. Since the mathematical
models of practical problems are mostly nonlinear equations,
and only numerical solutions can be obtained, two kinds of
algorithms can be divided into iterative algorithm and
intelligent algorithm according to different types of algorithms.
Iterative algorithm thought is through the preset initial solution,
using some iterative way to get the solution of correction, finally
reached the requirements of precision and so on, in which
Newton’s method and its improved algorithm is the iteration
algorithm of a class of nonlinear equations is very important, its
main advantage is the convergence speed of 2 order, but the
requirements for the initial value is very high, need as much as
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possible close to the exact solution, at the same time each
iteration needs computing Jacobi matrix, the relatively large
amount of calculation, the solution for a long time, so the
intelligent algorithm arises at the historic moment, In this paper,
an optimal path method for solving nonlinear equations with
local error is designed.

Because the traditional method of solving nonlinear
equations takes a long time, this paper designs an optimal path
analysis method for solving nonlinear equations with limited
local error. Through the finite condition of local error, the
optimization objective of nonlinear equations is established.
According to the optimization objective, the constraint
conditions are set, and the optimal path to solve the nonlinear
equations under the condition of local error is given.

METHOD AND MATERIALS

A. Optimization Objective Function of Nonlinear Equation

The solution of nonlinear optimization problem is an
important part in the study of real life optimization problem. In
practical operation, the accuracy of solving one-dimensional
subproblems needs to be improved because the
one-dimensional accurate line search method can generate a
large amount of computation, especially when the initial point is
far away from the optimal solution point [1]. If Newton’s
method and quasi-newton’s method are used to solve real
problems, their convergence rate does not depend on the precise
one-dimensional line search process. Therefore, we only need to
ensure that every step of the calculation process of the objective
function is optimized.

This paper mainly studies Newton method, quasi-newton
method and particle swarm optimization, summarizes the
advantages and disadvantages of each algorithm in solving
nonlinear equations, and improves the algorithm. For
quasi-newton method and particle swarm optimization (PSO)
algorithm to solve the problem of the advantages and
disadvantages, the hybrid strategy, will be mixed quasi-newton
method and particle swarm optimization (PSO), concluded that
the new method in solving nonlinear equation, mixed
quasi-newton particle swarm algorithm, the method to make up
for the disadvantage of the two algorithms to solve the problem
alone, the design of the local error under the condition of limited
system of nonlinear equations solution optimization path model
is shown in Fig. 1:
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Optimal path for solving nonlinear equations with limited
local errors

A A [ A

4 y 4 4
Local error || Numerical Partial Constraint
. . . Statute |- » .
condition iteration ] setting
Processing
\ \ 4
Optimal Numerical Particle Local Target
value X . .
. iteration Solving extremum search
solution

Fig. 1 Optimization path model framework for solving nonlinear
equations under local error limit

B. Objective Function Constraint Setting

Nonlinear least squares problems of numerical iteration
algorithm in the iteration process, most of them need to inverse
iterative matrix, when the iteration matrix is morbid matrix, as a
result of the iterative matrix inversion is not stable, may lead to
poor iterative convergence effect, thus the nonlinear least
squares problems is not the first qualitative phenomenon.
Therefore, combining the characteristics of the nonlinear least
square iterative matrix, the ill-posed criterion of the nonlinear
least square iterative matrix is established. Based on the
conditional number theory, a new method to reduce the
conditional number of the iterative matrix is proposed [2]-[5].
Set the optimization goal and set the constraint conditions
before optimization, as shown in Table I:

Table I Constraint characteristics table

Index Content Method
1 Level'of abstrgctlon of Capturing design intent
information
Description of the . .
2 - Information expression level
constraint model
Determining the Topological
3 Support sketch design  Structure of Geometric Models
Using Variational Geometry
Support model
4 modification and Association semantics
mutation
The modification
5 process automatically Design environment
reflects the designer’s automation
intention
- . Modifications and mutations
Facilitate the conversion . .
. often drive constraint
6 of constraint models to

relationships through model

data models .
size

95

The division of constraints is shown in Fig. 2:
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Geometric Engineering
constraint constraints
Structural Size
constraints constraint

Fig. 2 Constraint partitioning

There are two types of geometric constraints: structural
constraints and dimensional constraints. Structural constraint
refers to the topological structure relationship between
geometric elements, which describes the spatial relative
position and connection mode of geometric elements, and its
attribute values remain unchanged in the process of parametric
design. It is often implicit in two-dimensional engineering
drawings, not explicitly given, such as parallel, vertical, tangent
and so on. Dimensional constraints are constraints represented
by dimensional labels on the graph, such as distance, Angle, etc.
Dimensional notation in engineering drawings is a direct and
natural descriptor of geometry, thus providing the most
appropriate way to modify geometry. The purpose of dimension
drive is to modify the graph according to the change of
dimension standard value and keep the topological structure
relation before and after the graph change unchanged. Contents
are shown in Table 1II:

Table II Optimized content table

Index Details Specific method
Topological
. constraints of general  Including constraints such as
Indicator 1 o . .
positional joint, parallel, and vertical
relationships
Constraints of Constraints such as common
Indicator 2 various tangent tangent line, common tangent
classes circle, etc.
Constraints that Such as uniformly distributed
. reflect the various on the circumference,
Indicator 3 . L
arrangements of uniformly distributed on the
graphics rectangle, etc.
Constraints as
. specified in Such as thread internal
Indicator 4 . . . .
mechanical drawing diameter constraint
specifications
. . Establish the topology
Indicator 5  Symmetry constraint constraints of the graph
. niforml L . ..
Indicator 6 Uniformly Simplify graphics editing

distributed constraint

This kind of calculation method also exists in the case of
multiple solutions, even under the complete constraint mode,
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the multiplicity is universal. In the case of multiple solutions, it
is necessary to select a set of solutions that conform to the
design intention as much as possible from multiple solutions
according to certain rules of trade-off. Two basic principles are
adopted to deal with the case of multiple solutions in the
complete constraint mode:

Principle of invariant topological relations: the relative
positions and topological connection relations between
geometric elements shall remain unchanged as far as possible,
while the principle of minimal shape change: The positions and
shape changes of geometric elements shall be minimized as far
as possible [6]-[9]. The example where the topological
relationship remains unchanged is shown in Fig. 3:

Fig. 3 Example of topology invariant
Based on the above constraints, the rule for finding the
optimal solution is generated. Analyze the overall range of local
error, replace the weighted coefficient of the solution method of
nonlinear equations, and constrain the local error, satisfying the
following relation:

6>/ [y 1)
ar

where, G represents the frequent term set of the method of
q

solving nonlinear equations; r represents the constraint

condition, whose risk is destructive. _| u represents the solution

of nonlinear equations to minimize empirical risk.
q

as the calculation coefficient of the optimization path of

the solution method of nonlinear equations, the local error set is
constructed into a sequence of function subsets, so that each
local error can be arranged in order from large to small, and the
confidence range can be compromised among subsets.

By using this function relation, the convergence
characteristics of solutions of nonlinear equations under the
condition of local error are calculated:

a
6=2[k(x)+a] @
where, ¢ is the frequent item set under the condition of limited

local error [10]-[15]; a represents the set matrix; k(x)
X
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represents the convergence characteristic of the optimal
solution of nonlinear equations. ¢ as a constraint for the

generation of risk identification association rules. If k(x) in

the minimum empirical risk in each subset is zero, then the
minimum risk permutation is directly selected to determine the
constraint conditions. If the number of the subsets in is infinite,
a certain empirical risk of the local error condition is taken as
the training object for displacement calculation until the optimal
solution is obtained.

Through the above process, the optimization goal is set for
solving the nonlinear equations with limited local error.
[1l. OPTIMIZATION OF SOLUTIONS TO NONLINEAR EQUATIONS

UNDER FINITE LOCAL ERROR CONDITIONS

After the above analysis, the particle swarm optimization
algorithm and quasi-newton algorithm are fused to optimize the
solution of nonlinear equations under the condition of local
error. In particle swarm optimization, the potential solution to
each optimization problemis a bird in the search space, called a
particle. All particles have a fitness determined by the optimized
function, and each particle has a velocity that determines the
direction and distance they fly. The particles then follow the
current optimal particle through the solution space. The particle
swarm optimization algorithm is initialized as a random solution
of a bunch of random particles, and then the optimal solution is
found through iteration. In each iteration, the particle updates
itself by tracking two extremes; The first is the optimal solution
found by the particle itself, which is called the individual
extremum; The other extreme value is the optimal solution
found so far for the whole population. This extreme value is the
global extreme value. If you don’t use the whole population, but
only one part of it as the neighbor of the particle, then the
extremum in all the neighbors is the local extremum. Suppose
that in a target search space, there is a particle that forms a
community, expressed as:

a
k= = 1Y a

w

©)

. . a
where, k represents the dimension vector; — represents the
zs

optimal location searched so far is called individual extremum;
Za represents the global extreme value of the optimal
w

location searched so far for the entire particle swarm.

The whole part is divided into three steps. The first part is the
“inertia” or “momentum” part, which reflects the particle’s
movement “habit” and represents the particle’s tendency to
maintain its previous speed. The second part is the “cognition”
part, which reflects the particle’s memory or recall of its own
historical experience, and represents the particle’s tendency to
approach the best position in its own history. The third part is
the “society” part, which reflects the group history experience of
cooperation and knowledge sharing among particles, and
represents the tendency of particles to approach the best
historical position of the group or neighborhood. The algorithm

E-ISSN: 1998-4464

97

Volume 16, 2022

flow is as follows:

Step 1: Initialize a group of particles, including random
position and velocity;

Step 2: Calculate the fitness value of each particle;

Step 3: For each particle, compare its fitness value with the
fitness value of the best historical location. If it is better, take it
as the best current location.

Step 4: For each particle, compare its fitness value with the
fitness value of the best position globally experienced [16]-[20].
If it is better, take it as the current global best position;

Step 5: If the termination condition is reached and the preset
maximum number of iterations is reached, output the current
global optimal individual, otherwise let, step 2.

The population covers the whole search space as evenly as
possible to improve the global search ability. According to
whether the neighborhood of particles is a whole population or
not, each particle exchanges information with other particles in
the whole population and has a tendency to move to the
historical optimal position among all particles. In the initial
stage of search, the neighborhood is defined as each particle
itself. With the increase of iteration times, the neighborhood
scope is gradually extended to the whole population.
Performance space refers to the neighborhood divided
according to performance indicators such as fitness, objective
function value, and as the number of iterations increases, the
connection between particles gradually increases, and finally a
star topology is formed. The dynamic rank tree is adopted as the
neighborhood structure, and the particles with better historical
best position are in the upper layer. The velocity of each particle
is determined by its own historical best position and the
historical best position of the particle at the node above the
particle in the rank tree. Whether it is the search of particle
swarm in dimension or the cooperative search of multiple
particle swarm in different dimensions, the purpose is that each
particle can find the learning object that is conducive to fast
convergence to the global optimal solution. This learning
strategy allows each particle to have more learning objects and
to fly over a larger potential space, thus facilitating global
search. The speed update formula is:

Pw

D
where, G represents the acceleration factor; a represents
uniform random number, mK; represents the learning
probability given in advance; o represents the learning object
Pu

G:a+i+
mK.

(4)

as the best position in its own history; represents random

individuals within a population. Except for the small-scale
equation system W with special form, it is difficult to obtain the
exact solution of the nonlinear equation system by the direct
solution method. The vast majority of methods for solving
nonlinear equations are iterative methods. The iterative method
generally linearizes the nonlinear problem and calculates the
solution of the linear problem, so as to obtain various forms of
iterative sequences. At the same time, in order to ensure that the
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particle can learn from the good object as much as possible and
not waste time on the poor object, the above learning object
selection process is set to an update interval algebra, during
which the learning object remains the same as the last selected
learning object. The updated interval algebra Settings are shown
in Table IIE

Volume 16, 2022

Table Il Update interval algebra settings
. Geometric
Particle -
- constraint Purpose
expansion
problem
Asmgn a Neighborhood Do not actively change the state
radius to each 4
. structure of the neighborhood
particle
Assign a Collaborative search in units of
. Macro . . -
radius to each . different dimensional
. neighborhood
particle components of space
Assign a
radius to each Search space Information exchange
particle
Asagn a Learn and communicate within
radius to each Local model - .
- a given neighborhood
particle
. Each particle introduces a
Assign a ; S
. Increase particle self-organizing risk index that
radius to each I g .
- diversity is inversely proportional to the
particle . . .
distance of adjacent particles
Assign a . Re-initialize the particle or
. Distance - L
radius to each . push it a certain distance to
- judgement .
particle reduce the risk

Step Content Method
Fusion of Track two optimal solutions to update
step 1 .
mechanisms yourself
Step 2 Organic Strong local search abilit
P integration g y
Wide Removal of previous restrictions when
Step 3 Lo
availability used alone
Features of Organic combination of quasi-Newton
Step 4 parallel . .
- method and particle swarm algorithm
computing

All the above neighborhood structures, whether micro
topology or macro neighborhood, whether it is information
exchange in the whole search space or collaborative search
based on different dimensional components of the space, do not
actively change the neighborhood state. Therefore, there are
exceptional constraints, as shown in Fig. 4:

Fig. 4 Geometric constraint diagram

On this basis, particle algorithm and quasi-newtonian
algorithm are fused, and the hybrid strategy of selecting these
two algorithms can be summarized as shown in Table 1V

Table IV Mixed strategies of the two algorithms
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The flow of quasi-newton algorithm is as follows:

Step 1: Initialize a swarm of particles, including random
positions and velocities;

Step 2: Calculate the fitness value of each particle;

Step 3: For each particle, compare its fitness value with the
fitness value of the best position in history. If it is better, take it
as the current best position.

Step 4: For each particle, compare its fitness value with the
fitness value of the best position globally experienced. If it is
better, take it as the current global best position;

Step 5: If the termination condition is reached and the preset
maximum number of iterations is reached, return the current
global optimal individual to step 6; Otherwise, go to step 2;

Step 6: If the termination condition is reached (If the preset
precision is reached, the end will be reached, and the current
result will be output as the optimal solution of the problem;
Otherwise continue with quasi-newtonian algorithms.

Finally, the discussion of choosing regular parameters and
selecting strategies has been accompanied by the research
process of ill-posed problems. From the point of view of
computational implementation, the key problem is to determine
the correctness to ensure that the solution to the problem is
within our tolerance.

In general, the selection methods of regular factors include
ridge trace method, generalized cross - verification method,
curve method, mean square error minimization method, etc.
These methods require the introduction of additional formulas
to calculate certain metrics of the iterative process. For
example, curve method is used to determine the regular factor.
In the measurement adjustment, the method of regular factor
selection based on the mean square error criterion has also been
studied. Considering the characteristics of the iterative
algorithm for nonlinear least square problems and the
unsuitability of nonlinear least squares, this chapter proposes
two new determination strategies, namely direct search method
and interval division method.

The direct search method is adopted, and its contents are
shown in Table V:

Table V Search contents by direct search method

Content Classification Details
1 Increase the number of Explore the unknown
individuals space
2 Spawn new individuals Maximum accumulated
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benefits
Representation of a quantum . .
Bring population

chromosome
Maintaining group

4 Random observation . :
diversity

Since the quantum probability amplitude states that a
quantum chromosome carries information about multiple states,
the quantum chromosome is in a superposition of multiple
determined states before we perform measurements on it.
Therefore, a new individual is generated through the probability
amplitude of quantum, and its principle is shown in Fig. 5.

According to the above principle, the decision variable is no
longer fixed information in a sense, but becomes a kind of
information carrying information of different superposition
states, so it can bring more abundant population than simply
using genetic operation. Second, for some specific problems, it
is not convenient to carry out crossover and mutation operations
on chromosomes, because the operation will bring a large
number of invalid chromosomes. The solutions are either to
design special evolutionary operators or to correct invalid
chromosomes after evolution, both of which increase the extra
cost of the program. In this case, evolutionary manipulation of
quantum chromosomes is a good strategy. Therefore, through
the above analysis, the conditions for designing and using the
genetic quantum algorithm are determined, as shown in Fig. 5:

Likelihood

A
Initial structure

\ J
Termination
condition
Assignment Parallel
within a domain Computing
Form of conflict S_olgtlor_w
optimization
v
Close file

Fig. 5 Conditions for using ga

Combined with the above analysis, the optimization of
nonlinear equations under the condition of local error is
realized.
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IVV. EXPERIMENTAL DEMONSTRATION

Under the effective conditions of the finite nonlinear
equations to solve the optimization path analysis method, the
partial error process of the design was theoretically verified to
verify its practical significance. Through test experiments, the
Newton method, the quasi-Newton method and the particle
Compared with the group optimization (PSO) method, we
compare the Newton algorithm, a kind of H-order convergence
algorithm in solving the numerical performance of the root
problem of a one-variable function. Secondly, we give the
numerical performance of the algorithm in solving general
nonlinear equations. Experimental examples are selected from
the standard test library, Newton’s method W and a class of
H-order Newton’s algorithm are tested separately, and
comparative analysis is done. Numerical experiment code uses
the MaticalO. It is written in O and runs on a personal computer
equipped with Intel 3.6GHz processor, 4GB memory, 64-bit
Windows10 operating system. Check the efficiency of solving
the four solutions of the nonlinear equation system.

A. Experimental Configuration

In the Windows 10 operating system, C language is used for
programming, and experiments are conducted on the MATLAB
platform. The hardware environment is shown in Table VI

Table VIExperimental hardware environment settings

Device

Environmental parameters

Description

processor

Intel(R) Core(TM) 2 Duo

E-ISSN: 1998-4464
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CPU 2.94 GHz
Effective memory 8 GB
Initial sampling frequency 0.8 Hz
Termination frequency 0.15 Hz
Bit rate 0.59 Bps/s

Microsoft Excel 2003
Adobe PDF Reader 7
Display resolution
Internet access rate
Mechanical hard drive
power supply
SSD
RAM

56kbps

Maximum running speed

Maintained during commissioning

Export experimental data
Export / print data

1024 * 768 or more

Guaranteed stable internet connection

Seagate Barracuda Series 2TB
Great Wall Dragon 700w
Kingston A400 Series 240G
Kingston 3000 frequency 16G * 2

The experimental software environment is as shown in Table
VIt

Table VIIExperimental software configuration

Serial number Content Model
1 database mysql
2 Middleware tomcat

B. Experimental Data

In this experiment, the equations involved in an oil
exploration project are selected. The project example is a planar
four-bar mechanism. Some schematic diagrams are shown in
Fig. 6:

0

oa

=y

Fig. 6 A schematic diagram of the four-connected mechanism

In engineering practice, the planar four-bar mechanism is
widely used, and the kinematic synthesis of the mechanism has
multiple solutions. In this project, there are 36 sets of equations
during the function synthesis of the planar four-bar mechanism,
which are randomly divided into 6 groups and numbered, and
one group is randomly selected. The 6 sets of equations
involved in this group are shown as follows:

Example 1:
f.(x)=x"-x+1=0 (5)

Example 2:
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f,(x)=x —cos(0.57x,)=0 (6)
Example 3:
f.(x) = (% ~5,)" +40sin?(10x,) =0
f,(X) = (X, —2%,)° +40sin?(10x) =0  (7)
f,(x) = (3% — %, ) +40sin?(10x,) = 0
Example 4:
fL)=x’+e"+2,+%x+1=0
f,(X) ==X +X, +%,°+2e*-3=0 (8)
f,(xX) =-2%, + X, +° +1=0
Example 5:
f,(x) = x, +0.25x%x, +0.75 9)
Example 6:

f1(x) =X XX = 0 (10)

Newton method, quasi-newton method and particle swarm

optimization (PSO) were used to solve the above 6 examples

respectively, and the solution time of the four methods was
compared.

C. Experimental Scheme

The field surface runoff monitoring method is used to
conduct natural runoff reduction in the selected typical small
watershed, fixed point monitoring of rainwater runoff.
Simultaneously monitor the runoff and output concentrations of
nitrogen and phosphorus in each rainfall process. Two
experimental indexes are set, respectively, the efficiency of
searching particles in the solution space and the simplicity of
calculating evolutionary operators in a single population. The
main experimental schemes are as follows:

Step 1: Input 6 equations of the experiment into the
experimental database;

Step 2: Use the four methods and the design method to
calculate the equation;

Step 3: Calculate one by one. After each calculation iteration
is completed, the next calculation will be carried out to improve
the accuracy of experimental results.

Step 4: After the calculation, output the experimental results,
and generate the experimental results through the above
experimental platform.
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D. Experimental Results

Compare this method, Newton method and particle swarm
optimization method to verify the convergence of the three
methods, as shown in Fig. 7.

10
9 Paper method
————— Newton method
8 | Particle swarm
; — optimization
E 6
S
2 5
£
Tz 4
3
2
1 .
Sl Tl
. .
5 10 15 20 25 30
Times/s

Fig. 7 comparison results of convergence

According to Fig. 7, the convergence speed of this paper is
faster than that of other methods, which shows that the
convergence effect of this method is good and can quickly
converge to obtain the optimal solution of the nonlinear
equation.

Will this paper method and Newton method, quasi-newton
method and comparison of particle swarm optimization (PSO),
multiple test, the test solution space in search of particle
detection time, when measured in the same formula, different
detection time response of different detection efficiency,
through the experiment, four methods of experimental results,
the method for design method of the comparison results are
shown in Fig. 8:
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. o
0
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Fig. 8 Experimental comparison results

According to the comparison results in Fig. 8, in the process
of 6 experiments, this design method has the shortest solution
time than the traditional method. Therefore, through the above
experiments, it can be proved that the optimal path analysis
method for solving nonlinear equations with limited local error
is more effective than the traditional method. And has the
following advantages: good universality, can use a unified
solution strategy to solve the nonlinear equations, programming
workload is small; Can deal with complex constraint solving
cases; Initial iteration values are not required.

The calculation simplicity of evolutionary operators in a
single population is affected by the number of evolutionary
operators and search distance. The method proposed in this
paper is compared with Newton method, quasi-newton method
and particle swarm optimization algorithm. The calculation
simplicity test results of evolutionary operators are shown in
Fig. 9.
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Fig. 9 Test results of computational simplicity of evolutionary
operators

As shown in Fig. 9, under the different evolutionary operator
number limitation, compared with other methods, the method of
searching the shortest distance that is within the shortest
distance can realize optimization particles of the evolution
operator, to illustrate the calculation of the method is simple,
which can realize the equations involved in the petroleum
exploration and engineering example is simple operation, and is
applied in practice.

V. DISCUSSION

Aiming at the problems of time-consuming and poor effect of
traditional methods for solving nonlinear equations, an optimal
path analysis method for solving nonlinear equations with
limited local error is proposed and designed. According to the
established constraints, the optimal path to solve the nonlinear
equations under the condition of local error is given. The
nonlinear equation optimization path model is obtained by
solving the local error limit. The solution of nonlinear
optimization problem is an important part of optimization
problem research in real life. In practice, the accuracy of solving
one-dimensional subproblems needs to be improved, because
one-dimensional accurate line search method will produce a lot
of computation, especially when the initial point is far from the
optimal solution point. For the finite local error condition, the
optimal objective setting of solving the nonlinear equation is
set. If the number of subsets of in is infinite, a certain empirical
risk of the local error condition is taken as the training object of
displacement calculation until the optimal solution is obtained.
Because the quantum probability amplitude indicates that the
quantum chromosome carries information about multiple states,
the quantum chromosome is in the superposition state of
multiple determined states before we measure it. The solution is
either to design special evolutionary operators or to modify
invalid chromosomes after evolution, both of which increase the
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additional cost of the program. In this case, the evolutionary
operation of quantum chromosome is a good strategy.
Therefore, through the above analysis, the design and
application conditions of genetic quantum algorithm are
determined.

Under the condition of the effectiveness of the optimization
path analysis method for solving finite nonlinear equations, the
local error process of the design is theoretically verified. The
proposed method is compared with Newton method, quasi
Newton method and particle swarm optimization (PSO),
multiple tests, and the particle detection time is found in the trial
solution space. When measured in the same formula, Different
detection time response different detection efficiency, through
the experiment, the experimental results of the four methods, the
comparison results of the design method. Under different
restrictions on the number of evolutionary operators, compared
with other methods, the method of searching the shortest
distance within the shortest distance can realize the optimized
particles of evolutionary operators, which shows that the
method is simple in calculation, can realize the equations and
simple operations involved in petroleum exploration and
engineering examples, and has been applied in practice.

VI CONCLUSION

Optimization method is an important research branch of
operations research and control theory. In practical problems,
nonlinear optimization problems are often encountered. The
hybrid quasi-Newton algorithm and particle swarm
optimization algorithm are beneficial to enrich the search
behavior of the optimization process, enhance the ability and
efficiency of the hybrid algorithm, and obtain high-quality
optimal solutions. The hybrid algorithm of quasi-Newton
method and particle swarm optimization algorithm overcomes
the shortcomings of each algorithm and eliminates the limitation
of the previous single use. Compared with other single
optimization algorithms, the search efficiency of the particle
swarm quasi-Newton hybrid algorithm is very high. The particle
swarm optimization (PSO) algorithm provides a good initial
point for the global convergence of the quasi-Newton method,
so that the quasi-Newton method can give Giving full play to its
strong local search capabilities, it can be organically integrated
with particle swarm optimization (PSO) algorithms to the
greatest extent.

But there are some problems with this research. In future
research, improvements are still needed in many aspects. Since
the development of particle swarm algorithm is not perfect, it is
the choice of initial point. The choice of initial point of particle
swarm has a certain impact on the performance of the algorithm,
although particle swarm algorithm is the initial point. There is
no special requirement, but in order to make the initial
population cover the entire search space as evenly as possible
and improve the global search capability, certain restrictions on
the choice of initial points are required. Another aspect is the
choice of parameters. The parameters of the particle swarm
optimization algorithm mainly include the maximum speed, two



INTERNATIONAL JOURNAL OF CIRCUITS, SYSTEMS AND SIGNAL PROCESSING

DOI: 10.46300/9106.2022.16.13

acceleration constants, inertia constant or shrinkage factor, etc.
The reasonable choice of each parameter has a great influence
on the solution result.
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