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Abstract
Carbon fiber preoxidation link as an integral part of carbon fiber production line, is also the most energy-consuming and time-consuming part, for its performance optimization can directly affect the production efficiency and product quality of the whole production line, for the production line preoxidation furnace parameter adjustment, usually rely on the operator experience to set, has great uncertainty, unreasonable setting will directly lead to carbon fiber finished quality unqualified, and even lead oxygen fiber directly fuse, thus greatly increase the cost, cause a waste of resources. If the temperature and time control of the multitemperature zone of the preoxidation furnace is controlled by some methods, avoid the resource waste and cost increase caused by the uncertainty, and improve the efficient output of the production line and the production efficiency of the enterprise.
Based on this paper, we try to use the multi-precision proxy genetic programming method to optimize the parameters of the carbon fiber preoxidation furnace, predict the parameters of the preoxygen fiber through the multi-precision proxy model, and optimize the process parameters of the preoxidation furnace through genetic programming. The multi-precision agent model was predicted using the K Near Neighbor (KNN) method. The main idea of KNN is that if a sample is most similar to the k samples in the data set, the predicted value of that sample is calculated by a specific weighting. For the optimization part, a specific set of functions and a specific terminator set are constructed by genetically programmed to simulate the manipulation of the temperature time on the preoxidation furnace to improve the search interval and search accuracy to complete the parameter optimization of the carbon fiber preoxidation process.
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[bookmark: _Toc9291]CHAPTER 1 INTRODUCTION
Carbon fiber is an inorganic fiber material, and its carbon content is over 92%.[1] It has a series of excellent properties, such as high specific strength, high specific modulus, high temperature resistance, corrosion resistance, low density, low expansion coefficient, good electrical conductivity and thermal conductivity.[2][3]As a modern new type of high-performance fiber material, carbon fiber not only has the variability and high expansibility of fiber, but also has the inherent properties of high-performance heat conduction of carbon materials. It is one of the most promising materials in the 21st century.[4][5][6] As a world-famous high-performance material, it is mainly made of carbon fiber reinforced resin matrix composites, accounting for about 95%, and the rest is made of ceramics or metals.With the development of carbon fiber industry, the application of carbon fiber and its composite materials is not limited to cutting-edge fields such as aerospace, national defense and military affairs, but also plays an important role in civil industries such as automotive energy, building reinforcement, wind energy industry, sports goods and biomedicine.
There are many types of prepared carbon fiber precursors, including polyacrylonitrile, viscose fibers, asphalt, phenolic resins, polyethylene, polyimide, and lignin.At present, [7] has three main categories of industrialized carbon fiber: polyacrylonitrile (PAN) -based carbon fiber, viscose-based carbon fiber and asphalt-based carbon fiber. Carbon fiber is the first precursor used to produce carbon fiber, but due to the high production cost, complex process and low carbonization yield, the production of carbon fiber is mainly used as materials, carbon fiber is also used in the medical field for the manufacture of artificial joints and protective cloth due to its good biocompatibility. Asphalt fiber is rich in raw materials and low in price, but due to the complex production technology of asphalt-based carbon fiber, the poor mechanical properties and reproducibility of products, so there is an unbalanced development in technology development and market application. Polyacrylonitrile is the most promising precursor for preparing high-performance carbon fiber. The PAN-based carbon fiber prepared from PAN is simple in production process, has high carbon yield and is good in comprehensive performance. Its output exceeds 90% of the world total output value of carbon fiber materials, and it occupies the mainstream position in the current carbon fiber industry production.[8]
After about 60 or 70 years of development, the application field of carbon fiber is constantly expanding, whether it is high-end aerospace, or ordinary civil sports and leisure industries can be seen its figure. However, on the one hand, carbon fiber manufacturers are increasingly competitive, in addition to product performance indicators, quality stability, reducing the production cost is an important strategic direction to improve the competitiveness of enterprises, and the competitiveness advantage is more and more obvious; on the other hand, carbon fiber products and other products " glass fiber products, metal materials, etc.) competition, the high product price always limits its further promotion and application. As the basic raw material of carbon fiber composite material products, reducing its preparation cost has a positive significance to the development of carbon fiber industry.
The Preoxidation process is a key process in the carbon fiber preparation process, and it plays a connecting role in the transition from the protofilament to the carbon fiber. In this process, the internal structure of the fiber is changed from linear to heat-resistant trapezoidal shape to ensure that the fiber does not melt in the carbonization process. Some domestic enterprises use about 90min in this process, which is the longest process in the carbon-chemical process; and it is a large heating equipment with high power consumption. From the technical point of view, it is necessary to study and innovate the preoxidation process to reduce the length of the preoxidation process time and energy consumption and then reduce the preparation cost of carbon fiber.And preoxidation furnace temperature time will directly affect the quality of oxygen fiber and carbon fiber finished products, too long will lead to finished carbon fiber modulus, too high temperature will lead to in the process of preoxidation fiber fuse, time too short low temperature will lead to preoxidation is insufficient, preoxidation fiber in carbonization stage prone to fuse, directly lead to the finished carbon fiber density modulus is difficult to standard.
The industrial goal of carbon fiber production is to reduce costs and improve carbon fiber performance and production efficiency. In order to accelerate pre-oxidation and obtain high-quality pre-oxidation fibers, pre-oxidation process parameters are needed besides to optimize the modification of PAN fibers. Preoxidation process parameters include [9] such as the final preoxidation temperature, heating rate, heating time, fiber extension, medium and initial preoxidation temperature, and the final preoxidation temperature, heating time and heating rate are the more important parameters.
In today's production line, the temperature and time control parameters of the multi-temperature zone of preoxidation furnace are mainly set by the experience of operators, which has great uncertainty. Unreasonable setting will directly lead to the unqualified quality of finished carbon fiber products, and even lead to the direct circuit breaker of preoxygen fiber, thus greatly increasing the cost and causing a waste of resources. If the temperature time control of the multi-temperature zone is controlled by some intelligent algorithms, avoid the waste of resources and cost increase caused by uncertainty, and improve the efficient output of the production line and the production efficiency of the enterprise.
So decided to adopt multi-precision agent genetic programming based on the pre-oxidation furnace parameters optimization, multi-precision agent model is mainly for the need of high precision data training, reduce the data cost of model generation, at the same time through common with low accuracy data of multi-precision agent model to ensure the accuracy of the agent model. For the multi-precision agent model, the multi-precision agent model is optimized by genetic programming simulating biological evolutionary processes according to the evolutionary design theory, selecting excellent individual retention according to the design of the fitness evaluation function, and evolving the optimal individual within the target range.
The goal of this paper is to complete the parameter optimization method of carbon fiber preoxidation furnace based on multi-precision proxy genetic programming, and to discuss in the literature review in section 2, the design and development of the experiments in section 3, the experimental results in section 4, and the summary and prospect of the experiments in section 5.


[bookmark: _Toc10060]CHAPTER 2 LITERATURE REVIEW
Most of the carbon fibers currently used are made of polyacrylonitrile protofilaments, a form of acrylic fibers. PAN is a polymer of carbon chains interconnected with the rigid, kerny, relatively insoluble and high melting point material [10]. The last two steps of carbon fiber are carbonization and pre-oxidation, and the pre-oxidation stage is also called thermal stabilization stage. These two names show the main reaction in this stage, that is, oxidation reaction stabilization treatment. The reaction mainly acts on a fixed structure such as a ring structure containing oxygen atoms or nitrogen atoms by converting a linear PAN chain. The main names of the chemical reactions are cyclization reaction, dehydrogenation reaction, oxygen absorption reaction, etc., to ensure that PAN filaments will not break or generate low-quality fibers during high-temperature carbonization. In the past few decades, through the Fourier transform infrared spectroscopy (FTIR), nuclear magnetic resonance (NMR) spectrum, pyrolysis gas chromatography, X-ray photoelectron energy spectrum, electron paramagnetic resonance, differential scanning calorimetry (DSC), wide-angle X-ray diffraction, thermal weight analysis and so on [11][12][13][14] in the preoxidation stability treatment process of PAN polymer structure evolution, was deeply studied. According to the above, it can be judged that pre-oxidation is an important step in carbon fiber production, which directly affects the production of high-quality carbon fiber. However, this process is unpredictable and requires a lot of costs, including time cost, which usually takes about two hours under the normal pre-oxidation furnace temperature setting and normal precursor fiber. In carbon fiber production, the process accounts for most of the energy consumption and cost production. In the process of precursor stabilization, cyclization is recognized by many scholars as the most important reaction, and the degree of cyclization is directly used as one of the thermal stability indexes of fiber. The mechanism of this complex reaction is unknown, but it can be found that the density of fibers increases and the molecular structure changes during the reaction by observing the fiber comparison. It was found through some comparative experiments that it directly affected the subsequent reaction[15].
Carbonization is the final process of carbon fiber preparation to determine the performance of carbon fiber, and it is an indispensable part of improving the existing protofilament structure. PAN based prexy carbonization began in the 1950s and 60s, so far, the structure, process, performance and correlation has a comprehensive study, reached a consensus in some aspects, but due to the prexy and carbon fiber refractory and carbonization experimental conditions, for the prexy to carbon fiber structure transformation process and mechanism is not careful [16].
In the process of preoxidation, it was found that the color of PAN fiber changed significantly, gradually changing from white through yellow and brown to black, and with water, HCN and other products generated. The color of the fiber changes significantly, indicating a complex chemical reaction inside it. It is generally believed that there are the following main reactions: (1) cyanide group converted into trapezoidal structure by cyclic polymerization; (2) dehydrogenation reaction; (3) oxidation reaction; (4) hydrolysis reaction and the release of gaseous components of [17]. Literature shows that the circular reaction mainly occurs in the preoxidation process before low temperature, and the oxidation reaction in the late reaction is more intense, the beginning of the cycle theory is the circular reaction, and then react in the crystal region and amorphous region, and must make the molecular chain of the crystal zone after the reaction [18]. However, experiment [19][20] shows that the preoxidation degree of the already complete PAN fibers at different temperatures is determined by the different characteristics of the preoxidation reaction at each temperature. The higher the temperature, the higher the preoxidation of the PAN fibers. At the same time, the nature and influencing factors of the preoxidation reaction of PAN protofilament can be studied. Based on the obtained research rules, the preoxidation process can improve the preoxidation efficiency and reduce the preoxidation treatment time without affecting the tensile strength of carbon fiber.
In the literature [21][22], the main parameters of the preoxidation process include temperature, time, heating rate and stretch tension, among which temperature is an important factor affecting the preoxidation process. For the determination of the starting temperature (Ts) of the preoxidation reaction, the differential scanning calorimetry (DSC) method is common in the experiments. Preoxidation is a process of exothermic reaction, so the temperature at which the exothermic peak begins in the DSC curve is the starting temperature (Ts) of the chemical reaction. Also can use dynamic thermodynamic analysis (DMA) method analysis, when the temperature is higher than the glass temperature (Tg), the fiber energy storage modulus and loss modulus drops sharply, when the temperature rises further, reach the temperature of chemical reaction, energy storage modulus and loss modulus began to improve, so can put the energy storage modulus and loss modulus began to increase the temperature of Ts. At the same time, the study found that when the temperature does not reach Ts, different heating rates do not have much impact on the fiber contraction, when the fiber contraction is small, mainly caused by physical change; when the temperature exceeds Ts, different heating rates have a great impact on the fiber contraction, mainly caused by chemical changes such as cyclic crosslinking. At the same time, under the selection of process parameters and atmosphere, the pre-oxidation effect of using inert gas is better for [23]. The preoxidation reaction is usually performed in the laboratory, and the preoxidation process in the production line is usually performed in an air atmosphere. It is generally considered that it is more appropriate to thermal stabilize the PAN protofilament from 180 to 280℃ under air atmosphere conditions. Neither a high or a low temperature is conducive to the PAN thermal stabilization reaction. If the temperature is too high, the thermal stabilization reaction is very concentrated, and the heat cannot be distributed in time, resulting in excessive local thermal stabilization in the PAN molecular chain, and the skin core structure rises to a broken filament. If the temperature is too low, the thermal stabilization reaction is very slow, takes too long, and the capacity reduces [24].
In reference [25], it is given that by analyzing FT-IR ATR spectrum, an applicable empirical model can be built by parameters Ic, Id and Io (chemical structure and reaction-related rendering parameters). The model is mainly used to estimate the reaction heat and fiber density by measuring the parameters of pre-oxidized fibers with precision instruments, and has good accuracy. However, the spectral analysis is too complicated, and today's pre-oxidation furnace is usually a gradient pre-oxidation in 4-6 temperature zones. Therefore, a simpler empirical model is given in the literature [26][27], and the density and modulus can be predicted by the process parameters of the pre-oxidation furnace, and good results have been achieved.
Nowadays, in the production guidance models, apart from the fitting empirical model, the proxy model [28][29][30] is more used to process and predict the data. The main function of the proxy model is to reduce the computational cost in evolutionary computation, and to calculate the fitness of simulated individuals with low computational cost, thus avoiding repeated experimental calculations. The application of the agent model is mainly used to make a valuation when the specific situation is unknown or to pre-select a large amount of data. The cost of evaluation can be reduced by selecting the well-evaluated individuals of the agent model and then making a high-cost evaluation.
Reference [31] gives the fitness calculation method of agent model-assisted evolutionary algorithm, and the related work of agent model-assisted evolutionary algorithm is divided into two types. One is to use existing models, such as K nearest neighbor [32], to estimate the fitness value by weighting and other operations in known data sets [33][34], while the other is to use some simple models instead of complex mechanism models, such as fitting models, to estimate the fitness value [34][35].In the [32][33], substitutes are used in a preselected manner, where more offspring are produced, and only the best individuals are selected for a true fitness assessment. In [34], individuals are directly assessed using agents with different fidelity by gradually increasing the fidelity of the applied agent model with the search process. Overall, all the above studies demonstrate the superiority of introducing proxy techniques. However, the performance of these algorithms largely depends largely on the accuracy of the proposed proxy model, whether based on similar rule [32][33] or simplified model [34][35]. Furthermore, preselection is a method to accelerate algorithm convergence by adding more evaluations, but is less computationally costly for additional individuals. Indeed, more assessments of all individuals is involved. However, literature [31] mentioned that although there are multi-precision agent models, different agent models are used independently without interaction, which is an unhealthy use and may lead to over-sensitivity of some individuals.
In the literature [36], a set of highly efficient air membrane pore optimization method based on the multi-precision proxy model is studied to obtain the optimal air membrane cooling efficiency. Compared with the traditional agent model optimization method, the multi-precision agent model optimization method can effectively combine the experimental number grip and the high-precision numerical calculation to improve the optimization efficiency while ensuring the accuracy. The optimization effect based on the multi-precision agent model largely depends on the accuracy of the agent model. Building a high-accuracy agent model requires a large amount of high-precision training data, which further increases the construction cost of the agent model. Multi-precision agent model can effectively reduce the cost of agent model generation and improve the optimization efficiency for this problem. The Multi-precision agent model (Multi-fidelity model / Variable-fidelity model), also known as the multi-fidelity model, can improve the accuracy [37] of the agent model built with only a small amount of high-precision data. Usually, different simulation methods can be provided according to different methods and simulation resolution. Data-driven optimization that can adjust the simulation complexity during the process is called multi-precision optimization. With the assistance of multi-precision agent model, low precision and cheap simulation data can greatly improve the design optimization efficiency of high precision and expensive simulation data. The basic assumption of multi-precision agent models is that low-precision models can correctly capture the potential changing trends of high-precision targets or constraint functions. Based on this assumption, only a small number of high-precision sample individuals are needed in the optimization process to correct the potential trend of the low-precision sample individuals, and the multi-precision model is more accurate and [38] than the agent model trained with only high-precision data. Currently, there are mainly three main methods to construct multi-precision agent models:
l) A correction-based method for approximating high-precision functions by correcting low-precision models with a bridge function (bridge function) or a scaling function (scaling function). Where the correction can be multiplicative [39], additive [40], or mixed [41].
2) Spatial mapping method [42], which matches the [43] with high-precision functions by distorting the decision space of low-precision functions
3) Multi-precision Gaussian process model, such as Cokriging or hierarchical Kriging.
The programming, as an algorithm born out of the genetic algorithm, is a hyper-heuristic algorithm, which operates the computer program to carry out cross genetic mutation, which is different from the fixed-length binary string in the genetic algorithm. So, compared with genetic algorithm, genetic programming is more flexible [44], and has a larger search space. It solves problems by constructing methods to solve them, so it is more difficult for genetic programming to fall into the local optimal solution, and it has a better effect than genetic algorithm. Genetic programming, as a kind of evolutionary algorithm, is also inspired by Darwin's "survival of the fittest" theory. Taking fitness as the standard, genetic programming uses crossover, mutation, duplication and deletion to make successive generations of computer programs evolve, just as nature chooses a large number of evolving species with different shapes.
The global dynamic optimization ability of genetic programming in search space attracts researchers to use it to solve different problems. As a unique feature of genetic programming, its variable individual offspring length is different from other evolutionary algorithms. General genetic programming includes tree genetic programming, linear genetic programming, graph genetic programming, grammar-guided genetic programming and Descartes genetic programming, and many other different methods. As the most commonly used method, tree is characterized by generating tree-based individuals based on function sets (non-leaf nodes) and terminal sets (leaf nodes). Both general function sets and terminal sets need to be set specifically for specific problems, and meet the requirements of sufficiency and closure of the problems. Sufficiency means that the answer to this question must be a combination of individuals in the set, while closure means that any function can accept any input value returned by any function and terminal [45].
As a super-heuristic algorithm, genetic programming is aimed at solving problems, which shows that the algorithm can evolve for the generation of heuristic algorithms. Atlan et al. [47] applied GP to production scheduling problem. They studied three potential multi-agent models to evolve scheduling rules in multi-machine environment: (1) a hybrid agent model, in which two rules can be selected to determine the priority of jobs according to whether the machine is the bottleneck or not; (2) All machines share the same homogeneous model of scheduling rules; (3) Different agent models, in which each machine uses its own evolution rules. At the same time, for industrial equipment, there is a system that combines GP with industrial facility simulation model in the literature. This method creates different rules in different static and dynamic environments for production scheduling. The terminal set of GP includes system attributes, job attributes and machine attributes, while the function set includes basic operators such as+,-,×, protection division% and If[48].
Genetic programming (GP) is another method for image classification that helps overcome some of the above limitations. GP is an evolutionary computing (EC) technology that mimics the principles of natural selection and survival of the fittest and automatically searching for user-defined problem solution spaces. A key benefit here is that the architecture of the solution is automatically determined without human intervention. We also propose a new binary image classification method which utilizes the principles of GP and CNN and the results are competitive with the general classification algorithm, however, since the performance does not perform CNN, there is still room for improvement. In this work, we investigate the effect of incorporating local search mechanisms into evolutionary processes, similar to the update scheme used in the CNN (gradient descent backpropagation) as a method [49] for fine-tuning individuals.
Successful resolution of complex problems often requires dealing with the multiple subtasks involved therein. Since the function sets and terminator sets need to satisfy the lockability, the classical GP algorithm can deal only with one type of data, limiting its applicability to handle complex problems involving multiple subtasks, multiple data types. To address this problem, Montanal[50] proposed the Strongly Typed Genetic Programming (STGP) algorithm in 1995, which is used as an enhanced version of the classical GP, to address the constraints between multiple data types. In STGP, you need to set an output type for each terminator; an input type, the type of the input data of the function and the type to which the function output data is subordinate.
By limiting the construction of trees, STGP can effectively reduce the generation of meaningless trees, and can effectively reduce the search time. Especially on the image classification [51], the composition of image feature values needs to be constrained by the generation of trees, so as to avoid erroneous convolution and trees with no image input. IIn view of the effectiveness of learning the eigenvalues of human face images, the genetic programming algorithm needs to construct a new function set and a new terminal set for learning the eigenvalues of human face images, detect different areas of the images by transforming genetic programming, extract and merge the eigenvalues in the middle of the images and classify the images.
For STGP, the pre-oxidation parameters can be fixed and optimized by fixing its type. According to different tasks, developing a specific STGP program structure can orderly integrate different types of functions and terminators into a single individual tree. As for the method of initializing population, there are generally three methods for initialization, namely, complete method, growth method and half-and-half method. The complete method is that all branches of the tree grow to the highest depth, while the natural growth method is a random method for the growth of the tree, which grows to a size less than the highest depth, while the half-and-half method is that the population is half-completely and half-and-half, which has better population diversity. The cross variation is like the evolutionary algorithm GA. Finally, because it is STGP, the generated tree necessarily includes all the objectives that need to be optimized and guarantees that the expressions are meaningful.
The parameter optimization of the pre-oxidation furnace solved in this paper is a multi-objective optimization problem, and the multi-objective optimization problem [52] generally means that some performance indexes can reach the maximum or minimum through proper scheme design and parameter selection. Professor He Yuqi of Harvard University, an academician of American Academy of Engineering, pointed out: "Any control and decision-making problem can be attributed to optimization problem in essence."[53]. In reality, optimization problems widely exist in many fields, such as scientific research, engineering practice, production management, system control, structural design, crop layout, economic planning, resource allocation, etc., and are increasingly concerned by researchers at home and abroad.
The methods adopted to find the best solution to the problem are called optimization methods, which are produced under some reasonable ideas and mechanisms and run according to the corresponding rules. The promotion of the optimization solution reflects the outstanding scientific research value and also produces huge economic benefits. Therefore, the research of optimization theory and method is an important research direction, both in academic value and in engineering application.
Traditional optimization algorithms are divided into analytical method and iterative method. The analytical method requires explicit functional expressions of objective functions and constraints, while the iterative method requires the initial estimation of the optimal solution according to the characteristics of the problem. The traditional method belongs to the local optimization method, and its theoretical basis is relatively complete, but it is necessary to build an accurate model of the problem to be optimized. In practice, the enlargement of the system scale and the complexity of tasks and environments make the optimization more and more difficult. Especially when the optimization problem has the characteristics of strong constraint, nonlinearity, multi-extremum, discontinuity and nonconvexity, the traditional optimization algorithm is often limited and even affects the optimization effect. Therefore, the exploration of advanced optimization technology with stability, high efficiency and strong adaptability has been widely concerned by scholars all over the world, and has become a permanent research topic [54] with important research value.
The early multi-objective optimization methods are mathematical programming methods based on operational research theory, mainly including weighted sum method [55], constraint method [56], max-min method [57] and so on. These traditional optimization methods have the advantages of solid theoretical foundation, few random factors and stable optimization effect. However, this kind of algorithm is limited by the conditions of continuity and differentiability, and only one solution can be obtained once, which easily affects the uniformity of distribution. Even because all objectives can't be taken into account, the efficiency is low. These defects not only affect the optimization effect, but also limit the application expansion. When people solve various optimization problems in reality, they find that various MOPs have various complex and difficult characteristics, and it is urgent to develop new methods to solve these problems.
At present, there are five main types of multi-objective optimization methods:
The first type is the method based on aggregation or decomposition. By giving different weights to each single objective, the solution of multi-objective problem can be obtained. In essence, it is to transform a problem into a single-objective problem. Among these algorithms, the classic one is multi-objective evolutionary algorithm based on decomposition (MOEA/D) [58]. However, when the number of targets increases and the population size becomes larger, the optimization will be limited. In addition, the weight vectors in this kind of algorithm are usually artificially set, so it is difficult to ensure the uniformity of the optimal solution set, and a group of weights can only get one solution set, resulting in low efficiency.
The second category is the method based on evaluation index. This kind of method measures the merits of individuals based on indicators. In essence, it is transformed into a single-objective optimization problem, and the original MOP can be optimized by obtaining the evaluation index of approximate Pareto solution set. The difference is that the single target here refers to the performance index. Its representative algorithms are: fast hypervolume algorithm [59], fast multi-objective optimization algorithm based on hypervolume [60].
The third kind is multi-objective algorithm based on collaboration. This kind of algorithm decomposes MOP into several subproblems, and then uses the neighborhood information of subproblems to solve them cooperatively, so as to obtain good optimization results. The typical algorithm is vector evaluated genetic algorithm (Vega) [61].
The fourth kind is multi-objective optimization algorithm based on non-dominated sorting. As early as 1896, Pareto, an Italian economist, put forward the Pareto optimal equilibrium state in multi-objective optimization problems for the first time [62]. This kind of algorithm has the advantages of simple principle, few parameters, good flexibility and being able to obtain multiple solutions in one operation. It has been widely concerned by scholars and has become the main research direction. On this basis, these algorithms are constantly discussed and improved. The fast and elite multi-objective genetic algorithm II (NSGA-II) [63] designs a fast sorting method and an elite reservation strategy. Genetic programming algorithm is adapted from genetic algorithm.
The fifth category is a hybrid method that integrates different mechanisms. Different types of intelligent optimization algorithms often have their own advantages and disadvantages. The hybrid algorithm will not be limited to a single optimization algorithm, but will adopt two or more algorithms to complement each other's advantages, further improve the comprehensive search ability of the algorithm, and further enhance the optimization effect.
As for the solving methods of constrained optimization problems, they can be divided into deterministic methods and stochastic methods according to their different properties. Traditional optimization methods are generally deterministic optimization methods, such as projection gradient method, reduced gradient method, Lagrange method and sequential quadratic programming method. The initial value and gradient information have a great influence on the optimization effect of traditional methods, especially when there are complex conditions such as equality constraints, even non-differentiable, disconnected feasible regions or no explicit expression, it is difficult to obtain the best optimization effect [64], and even fall into local optimum.
Randomness algorithm is mainly intelligent optimization algorithm. These methods are usually unconstrained search techniques, which have the advantages of strong global search ability, high robustness and the ability to obtain multiple solutions in one run. The optimization algorithm is decided by the constraint processing technology and the search mechanism. When solving the constraint optimization problem, the intelligent optimization algorithm is used as the search mechanism and combined with the advanced constraint processing strategy to obtain the best optimization result. Constraint processing method is the key to improve the performance of constrained optimization algorithm. In addition, in the process of combining intelligent optimization algorithm with constraint processing mechanism, some parameters may be introduced, and the reasonable selection and adjustment of parameters will also bring new challenges. In the process of constraint optimization, how to deal with constraints reasonably to ensure stable results, and how to integrate with search algorithms to achieve efficient search are important research directions at present.
For the solution methods, there are multi-objective optimization methods, which treat the objectives and constraints as two or more objectives respectively, and then apply some multi-objective optimization methods to deal with constrained optimization problems. However, different from the "equality" relationship between the target values in multi-objective optimization, the constraint condition is the precondition of the objective function. Therefore, when using multi-objective optimization method to solve constrained optimization problems, the algorithm must be improved to ensure the constrained optimization effect.
The key of multi-objective optimization method lies in the criterion. By weighing the constraints and objectives, the optimal solution is screened. The most typical judgment criteria are methods based on feasibility law, which are based on: constraint processing method, random sorting method and repair method.
Regarding the multi-objective optimization method, the objective and constraint are treated independently, and the multi-objective algorithm is applied to solve the constraint problem. In the process of optimization, this method not only needs to coordinate the relationship between constraints and objectives, but also needs to weigh the relationship between conflicting objectives. Therefore, how to effectively compare the superiority of solutions is not only a difficult problem, but also the key, which directly affects the final optimization effect. The multi-objective optimization method used in single-objective constrained optimization has the advantages of good diversity and high efficiency. On this basis, many scholars put forward improved comparison criteria from different angles in combination with the characteristics of constrained multi-objective problems. At the same time of judging the optimal solution, the useful information of infeasible solutions is utilized to a greater extent, so that the convergence speed is accelerated and the good population diversity is maintained, so as to ensure that the optimal non-dominated solution set satisfying the constraint conditions can be searched efficiently.


[bookmark: _Toc9259]CHAPTER 3 EXPERIMENTAL DESIGN OF THE DEVELOPMENT
In the preparation of PAN based carbon fiber, the PAN protofilament as the precursor underwent two main reaction stages (generally 200-300℃), carbonization (400-700℃, 1200 and 1500℃). In the whole reaction process, the carbonization stage must be based on the previous preoxidation process, mainly from the PAN protofilament. Whether in laboratory research or industrial production, preoxidation takes up most of the time of carbon fiber preparation, and it is the most complex stage of the reaction, so each influencing factor in the preoxidation stage may lead to the differences in the mechanical properties of the final carbon fiber.
Through the previous basic research, it was found that the preoxygen fiber with filament speed (reaction time) and temperature as a variable, and obtained excellent density and modulus.
[bookmark: _Toc26584]CHAPTER 3.1 DATA ANALYSIS AND PROCESSING
Efficient pre-oxidation has always been one of the priorities of carbon fiber research. In the carbonization process, the pre-oxidation process accounts for the longest time, accounting for more than 70% of the total treatment time. Moreover, due to the large equipment, its energy consumption is also very large, and the power consumption accounts for about 60% of the total production line. How to shorten the cost of this process section is the focus of low-cost carbon fiber preparation. Preparation of low-cost carbon fiber represents changes in process, process and regulatory means. Common means include atmosphere, residence time, temperature and other directions. At present, the pre-oxidation process of the carbon fiber production line generally adopts the 4-temperature zone pre-oxidation furnace, and the gradient heating method is adopted. The schematic diagram of the pre-oxidation furnace is shown in the figure below:
[image: 预氧化炉示意图预氧化模型e]
Figure 3.1 Schematic diagram of the pre-oxidation furnace
After the pre-oxidation treatment of the PAN protofilaments, the composition and structure of the fiber changes, and its performance is also quite different from that of the protofilaments. With the increase of preoxidation, fiber density increases and strength and fracture elongation decrease. As the fiber forms a circular trapezoidal structure, its thermal stability significantly improves the [65][66]. In addition, due to the combination of oxygen in the fiber to form the hydroxyl group, arrowhead group and other hydrophilic groups, the fiber hygroscopic properties increased.
During PAN pre-oxidation, the most intuitive change in filaments is changed with the cyclization reaction. The PAN filaments were treated with 200℃ air atmosphere, light yellow to yellow, light brown after around 210℃, and dark brown after 220℃, while the fibers became black after temperature treatment above 230℃. Corresponding to the color changes, the density of the fibers was gradually increased. The density of PAN protofilaments is generally around 1.18g / cm 3, and the density of the fibers can be increased to 1.3 to 1.5 g / cm 3 after the preoxidation treatment, with the increase in the density correlated with the temperature and time of the preoxidation. Using low density (about 1.30 g/cm3) preoxidation fiber can get high density (about 1.80g / cm3) high strength carbon fiber. While the chemical structure and crystalline structure of PAN fibers change during preoxidation, their mechanical properties also change greatly. With the increase of the preoxidation temperature and the degree of preoxidation, the fiber fracture strength continues to decrease, and the fracture elongation rate decreases significantly compared with the protofilament. In the early stage of preoxidation, the decrease of fracture elongation is partly due to the orderly arrangement of local chains in the amorphous region, which improves the crystallinity. On the other hand, it is related to the cyclization reaction in the amorphous region, which makes the structure dense and increases the fiber rigidity.Therefore, the density and strength (modulus) are measured for the product quality and quality of preoxygen fiber.
For the subsequent experimental data, in reference [67][68], the selected process parameters are shown in the following table:
Table 3.1. Symbol diagram of process parameters
	symbol
	meaning

	T0
	Start temperature of the preoxidation reaction

	Ti
	Preoxidation temperature in temperature zone

	ti
	Preoxidation time in temperature zone i

	tn
	Total time of pre-oxidation

	Sn
	Comprehensive treatment depth

	RCI
	Relative cyclization index


The relationship between the performance indicators and the process parameters is respectively expressed in the formula:

		(3.1)
Therefore, in reference [54], the author introduced the comprehensive treatment depth Sn, indicating that when the temperature of the pre-oxidation furnace is lower than the comprehensive treatment depth, no oxidation reaction will occur. The model does not include tension, because the early experimental research shows that the influence of tension on RCI and density is far less than the temperature and residence time of oxidation zone. According to the literature, we can use the initial temperature obtained from DSC at the heating rate of 1°C /min instead of calculating T+ of Sn in equation (3.1) as the initial estimate. That is, the initial value of T0 is 200°C .
The fitted RCI-Sn logic function given in the literature is:

		(3.2)
The literature shows that the fiber density during oxidation is accurately reflected by the RCI measurements, and that the two measurements are highly consistent and reliable indicators of the stability of the PAN precursors. The fitting equation for the curve is:

		(3.3)
Given in the literature [55], the function 4 is considered as a GNM curve fit to the modulus, based on the least-squares error criterion:

		(3.4)
According to the data validation in the literature, the above equation has good confidence for the fitting of the preoxidized process parameters, so that the training sample data and the test sample data can be randomly generated through the code.
[bookmark: _Toc18980]CHAPTER 3.2 MULTI-PRECISION AGENT MODEL
Despite the continuous development of data-driven agent model optimization, it is trapped by problem-dimension disasters, namely that when the number of decision variables increases, the computational costs grow rapidly and quickly cannot afford [69]. To address this problem, the researchers are working to develop more efficient global optimization in two main ways: the gradient-enhanced (gradient-enhanced) agent model [70][71] and the multi-precision (variable-fidelity or multi-fidelity) agent model.
Usually, different simulation methods can be provided according to different methods and simulation resolution. Data-driven optimization that can adjust the simulation complexity during the process is called multi-precision optimization. Multi-precision agent model with low precision and cheap simulation data can greatly improve the design optimization efficiency of high precision and expensive simulation data. The basic assumption of multi-precision agent models is that low-precision models can correctly capture the potential changing trends of high-precision targets or constraint functions. Based on this assumption, only a small number of high-precision sample individuals are needed in the optimization process to correct the potential trend of low-precision sample individuals, and the multi-precision models are more accurate than the agent models trained with only high-precision data.
The KNN algorithm is used to build the prediction model. The main idea of the KNN algorithm is to set the initial parameter K and divide the data set into the training set and the test set. When you input the unlabeled data, compare each feature in the new data with the features in the sample dataset, calculate the distance between the test sample and the training sample, and incrementally rank the value, including the interaction between the drug and the target as one class, and the unknown or absent interaction as another class, and finally get the classification results.
KNN is a non-parametric method that determines the classification of each test data by K adjacent nodes, and that category is equal to the category of most of these K close neighbors. The time and temperature eigenvectors of each temperature region of the preoxidation furnace were taken as input, and the KNN classifier was then used to predict the density and modulus of the preoxygen fiber. Among these, we use the Euclidean distance to calculate the distance of the pairs of nodes in the network.
(1) Set the K value
An important factor of KNN method is how to select the optimal proximity number. If K value is too small, the classification performance of KNN will decrease; if K value is too large and there are few data types in the training set, other special cases will occur when selecting K adjacent areas, which leads to poor classification effect and data interference. So, in general, we start the training by setting a smaller K value, and choose the optimal K value by using the cross-validation method.
(2) Distance calculation
In KNN algorithm, Manhattan distance, Euclidean distance and Minkowski distance are three common distance calculation methods. This paper proposes an inter-node distance calculation using Euclidean distance. This algorithm is easy to use and intuitive, and shows good results in many use cases.Equation 5 gives the formula for the Euclidean distance:

		(3.5)
The KNN algorithm uses ED to calculate the distance between sample a and training sample b, set a queue storage distance and training sample tag, queue length k; select K samples from the queue as the nearest neighbor samples, classify K nearest adjacent samples, and treat the maximum class y as the test sample category. Continue to follow the cross-validation method in the optimization design strategy of KNN algorithm, continue to set different K values for training, select the optimal K value, and get the prediction results of the optimal K value according to the evaluation index. The KNN algorithm is simple and easy to implement, and in addition to solving the binary classification problems, the KNN model has good applications in handling multiple classification problems such as multimodal and multi-class labels. The KNN algorithm is a lazy algorithm that stores a large number of known samples with high memory requirements. When classifying test samples, distance needs to be calculated and compared, which is heavy. Therefore, the temporal and spatial complexity of the KNN algorithm is linear depending on the number of data samples in the dataset, and the KNN method is applicable to small-sample datasets. The multi-precision agent model is constructed according to the sample data classification, and the data is trained in the low-precision model to sample the sample data, and the whole sample data is used in the high-precision model. Tables 2 and Table 3 will give the low accuracy KNN prediction algorithm pseudocode and the high accuracy KNN prediction algorithm pseudocode, respectively:
Table 3.2 The pseudo-code of the low-accuracy KNN prediction algorithm
	Algorithm 1 Low-accuracy KNN prediction algorithm

	Input: sample data S,prediction data P

	Output: prediction result PR

	1.Non-dominated sorting of sample data S

	2.Select the top 10% of the sort to place in the new data set S ’

	3.Randomly select 10% from the sorted 50% and place them in the new data set S ’

	4.Calculate the distance between the prediction data P and each training data S ’.

	5.Sort by increasing distance.

	6.Select the k points with the smallest distance.

	7.Calculate the predicted value according to the Euclidean distance weighted value.


Table 3.3 Pseudo-code of the high-accuracy KNN prediction algorithm
	Algorithm 2. High-precision KNN prediction algorithm

	Input: sample data S,prediction data P

	Output: prediction result PR

	1. Calculate the distance between the prediction data P and each training data S.

	2. Sort by increasing distance.

	3. Select the k points with the smallest distance.

	4. Calculate the predicted value according to the Euclidean distance weighted value.


[bookmark: _Toc18102]CHAPTER 3.3 STRONG TYPE OF GENETIC PROGRAMMING ALGORITHM
The following is a flow chart of genetic programming. As can be seen from the following figure, the steps of genetic programming are: Step 1, initialize the population. The function set and the terminator set are randomly combined, and the semi-method is initialized by initializing the population. The second step is to evaluate the fitness of all individuals in this population. The fitness value reflects the individual's adaptability to the problem, that is, the individual's conformity as the solution to the problem. The higher the fitness, the more likely the individual is to be the solution to the problem. Step 3: Cross-mutation and other operations are carried out to generate the next generation population, and individuals with high fitness are retained to enter the next generation. And the individuals in the new population are re-evaluated. Repeat this step until the end condition is reached. Fourthly, when the maximum evolution algebra is reached or the termination condition is met, the population stops genetic evolution, in which the individual with the optimal fitness value is the best solution to the problem.
[image: wps]
Figure 3.2 GP flow chart
In GP, according to the individual (computer program) coding form, it can be divided into tree GP (Tree-based GP), linear GP (Linear GP), syntactic GP (Grammatically-based GP), and Cartesian GP (Cartesian GP), etc. Tree-type GP is a tree structure for individuals, which is the most commonly used form of program expression. The subsequent content of this paper is also based on the tree structure GP to solve the related problems of rolling bearing fault diagnosis. To simplify the statement, the GP described later is a tree-type GP.
In the GP, individuals are represented as a program tree, with each individual tree formed by some functions and terminators. The functions used in the program are the root and internal nodes of the individual tree, and the terminator used is the leaf nodes of the individual tree.Example tree as shown in the figure below:

[image: GP个体示例书]
Figure 3.3 GP Example tree of individuals
The example represents a function of Y- (X + 3) + 1 / Z, where X, Y, Z, 1,3 are the terminators of the GP tree, and +, -, / are respectively the internal nodes of the GP tree, also known as a function of the operational GP. It can be concluded that the GP tree is very interpretive, while the example indicates that in order to generate a GP individual tree, a function set and a terminator set need to be predefined according to the problem. The set of function and terminator sets are the search spaces corresponding to the solution of the problem. A good search space is usually expected to fully fully express the underlying solution to the problem to allow the GP to efficiently find the optimal solution to the problem.
The function set is the internal node of the GP tree, which generally needs to be extended further, that is, it needs input and output functions, usually methods suitable for the solution of the problem, or functions represented by coding, etc. The terminator set consists of terminators serving as the individual leaf nodes of the GP, and is related to the problems needing to be solved, usually as variables, features, as well as random constants.
Sufficiency and closure are two main criteria for defining GP function set and terminator set [50]. Sufficiency means that the answer to this question must be a combination of individuals in the set, while closeness means that any function can accept any input value returned by any function and terminal. Type consistency refers to the consistent input and output types of the function. Classical GP algorithms can only deal with problems involving one data type, and that is, the data types of all functions and terminators in the individual tree need to be consistent. Operational security is to avoid functional errors or operational failures at runtime. For example, set a protected division and returns 0 or 1 when the divisor is zero to avoid operational errors.
The initial population of the GP was randomly generated. The imum tree depth is often defined before population initialization. The largest tree depth refers to the number of thousand trees needed from the root node to the upper leaf node of the longest branch in the GP individual tree, where the root node is 0, and the connection of each of the two nodes requires a trunk. There are now three main schemes to complete the initialization of the GP population, namely, complete method (Full), growth method (Grow) and tilt-to-half method (Ramped Half-and-half).
The complete method-based initialization scheme refers to generating a population in which the entire leaf nodes of each GP individual tree are located at the largest large tree depth. Functions randomly selected from the function set can only be used as internal nodes or root nodes to generate individual trees, and when the maximum depth of the tree is reached, they are randomly selected out from the terminator set to form leaf nodes.
The growth-based initialization scheme is to generate a population, where the leaf nodes of the individual GP tree are located at different tree depths, and the tree depth where the leaf node lies can be smaller than the largest tree depth. The function or terminator is randomly selected as nodes from the function set and the terminator set to form the individual tree. When the terminator is selected, whether or not the maximum tree depth is reached, the individual tree stops growing; when all branches of the individual tree is forced to form the leaf node, the individual tree growth stops.
Slant-to-semimetry is an initialization scheme combining the complete and growth method to generate a population where half of the individuals are generated based on the complete method and the other half are generated based on the growth method. The individual GP trees generated by this method have a wider range of tree depth sizes as well as shape structure and better diversity of populations. Slkew pair semimetry is the most commonly used population initialization in GP.
In GP, fitness evaluation is an important component of the evolutionary process, used to measure the performance of individuals in a population and guide the population in genetic evolution to generate better individuals. The evaluation criteria, called the fitness function, are used to evaluate the performance of each individual in the population, and the resulting values are called fitness.
After evaluating the performance of the individuals, the selection mechanism is selected from the current population as the parent to perform a genetic manipulation to generate a new population. Setting a suitable selection mechanism is a key decision to apply GP to handle the problem. In the GP, there are many evolutionary selection mechanisms that can be used to select individuals, such as the rank selection (Rank Selection) method, the fitness proportional selection (Fitness-proportionate Selection) method, and the tournament selection (Tournament Selection) method, where the fitness proportional selection method is also known as the roulette selection (Roulette Wheel Selection) method. These selection methods are usually not greedy, that is, the individual with the best fitness in the group will not necessarily be selected, but the better the fitness individual, the greater the chance of being selected (higher probability), the worst fitness individual in the group may not necessarily be excluded, but only a small chance (lower probability) will be selected.
Population evolution is achieved by genetic manipulation of selected parental individuals in contemporary populations. Basically, three genetic operators, replication, crossover, and mutation.
Replication operators are copies of individuals in contemporary populations directly to lower- -generations. In GP, elitist-based replication operators are the most commonly used, copying the best individuals of contemporary populations directly to the next generation population, ensuring that individual performance in the nascent population is at least not inferior to the optimal individuals in the current generation population. In other words, the use of replication operators prevents population performance degradation. The cross-operator is to produce new individuals by reorganizing existing individuals, and operates by exchanging genetic material from two existing individuals (parents) to produce two new individuals (offspring). Genetic material is the branches / subtrees that form into GP individual trees. Mutation operator is to produce new individuals by changing the existing individuals. The operation mode is to replace part of the genetic material of the existing individuals (parent) with new genetic material.
Since the function sets and terminator sets need to satisfy the lockability, the classical GP algorithm can deal only with one type of data, limiting its applicability to handle complex problems involving multiple subtasks, multiple data types. To solve this problem, Montanal [72] proposed the Strongly Typed GeneticProgramming (STGP) algorithm in 1995, which was used as an enhanced version of the classical GP to solve the constraints between multiple data types. In STGP, you need to set an output type for each terminator; an input type, the type of the input data of the function and the type to which the function's output data is subordinate. Different input and output types exist for different functions, which limits the construction of GP individual trees. For example, a function can only accept child nodes with the same output type as the input type of that function.
According to the different key points of STGP, we can conclude that it has the following advantages in the optimization of the preoxidation parameters:
(1) Excellent self-learning ability. The GP algorithm can efficiently and automatically find the best solution to a problem / tasks from a search space.
(2) Flexible model architecture. The GP algorithm has a flexible representation that allows GP to adaptively generate program models (solutions of different depths / sizes) based on the problem to be addressed, without pre-defining the model architecture.
(3) Data constraints are simple. As an enhanced version of the classical GP algorithm, the STGP algorithm can generate program models that operate on multiple types of data by setting up functions of different task types in the set of functions, and solve relatively complex problems.
(4) Integrated processing of multiple tasks. When solving a problem, the GP algorithm does not independently handle the subtasks in the problem, but also searches for the solutions to multiple subtasks in the problem simultaneously, and automatically integrates these solutions into one program model.
(5) The program model is readable. The program model generated by the GP algorithm is potentially, well readable and can be interpreted and analyzed into how it solves the problem and why it achieves good performance to provide valuable insights.
Therefore, in order to complete the parameter optimization of preoxidation process, it is necessary to redefine the function set and terminator set of genetic programming to solve the multi-objective problem, and limit the generation of meaningless trees in cross variation, simulate the temperature time control of preoxidation furnace through genetic programming, regulate the parameters of preoxidation furnace, to achieve the optimal solution of the problem.
To ensure that the genetic programming tree is all meaningful, the GP tree is divided into three layers, base layer, combination layer and output layer. Each functional layer performs different tasks and connects through a specific function output type. The main function of the basic layer is to set the temperature time of each temperature zone of the preoxidation furnace. The main function of the combined layer is to integrate the temperature time of each temperature zone into a vector. The output layer exports the temperature time of each temperature zone of the preoxidation furnace, so a tree can express the parameter setting of a preoxidation furnace.
Multi-objective optimization usually requires the combination of multiple objective functions and simultaneous optimization. It adopts a multi-objective balanced optimization method and a multi-criteria decision. Nowadays, multi-objective optimization is applied in many places, such as engineering, economy, logistics, etc. In the case of balancing among multiple conflicting objectives, economists make the best decision. For example, in the production process, the cost and time consumption should be minimized, and the quality should meet the requirements at the same time. For example, in the process of driving a car, the shortest route should be chosen to ensure that traffic jams are avoided. In the above cases, there may be two or three or even more objectives, but there may be conflicts among them, so there may be a (possibly infinite) number of Pareto optimal solutions. If the fitness of one objective is not reduced and other objectives cannot be tuned, it means that the scheme is an optimal solution, and it is also called Pareto optimal, Pareto efficient or non-inferior or non-dominant solution. Without the influence of other factors, all non-dominated solutions are optimal solutions, so these solutions are called Pareto solution sets. However, through some weights or other limiting factors or artificially ranking the importance of the target, the optimal solution needed by the problem can be selected. For example, for the above-mentioned production problem, the weight of product quality is higher than the minimum time and cost, so the best product quality in Pareto solution set will be selected. The goal can be to find a representative set of Pareto optimal solutions, and/or quantify the compromise meeting different goals, and/or find a single solution meeting the subjective preference of human decision makers.As a multi-objective problem, the parameter optimization of the pre-oxidation furnace aims at the density approaching to 1.3g/cm3, and the modulus as large as possible. The following objective function can be obtained: 

		(3.6)
Where x, y correspond to density (d) and modulus (m) respectively, and their corresponding formulas are as follows: 

		(3.7)
The following objective function can be obtained:

		(3.8)
In order to meet the optimization of genetic programming, the additional functions is required to complete the data. The set of functions are shown in the following table:
Table 3.4 function set
	symbol
	Enter the type
	Output type
	meaning

	T_add
	int  1,int  2
	int  1
	temperature shift

	T_sum
	int  1
	vector  1
	Temperature value composition vector

	t_add
	int  3,int  4
	int  3
	temporal change

	t_sum
	int  3
	vector  2
	Time-value composition vectors

	Root
	vector  1,vector  2
	vector
	root node


Where T_add and t_add represent the furnace temperature and time, the base temperature and time as a function of the base layer, T_sum and t_sum represent the integration of temperature and time, as a function of the combined layer, Root as the root node of the tree, integrate all vector data and output, as a function of the output layer. In order to ensure that the temperature time does not make an invalid association in the subsequent cross-variation, i. e., the input and output of the specified temperature are int1 and int2, and the input and output of the time is int3 and int4. The effectiveness of each tree is guaranteed.
The terminator set used by this method is shown in the following table:
Table 3.5 Terminator Set
	symbol
	data type
	meaning

	T
	int  1
	initial temperature

	T_ran
	int  2
	Random change temperature

	t
	int  3
	initial time

	t_ran
	int  4
	Random change time


Where T and t serve as the initial temperature time, and T_add and t_add serve as the variables represented in the tree, improving the search range of the data from genetic programming in the optimization process.
During the optimization process, the newly proposed program structure, the function set, and the terminator set are the basis for ensuring that the GP individuals / programs can be optimized. Considering that the individual performance of GP directly affects the optimization results, it is also necessary to establish an effective individual fitness evaluation process to guide the population genetic evolution and generate individuals with excellent performance to obtain better solutions.
Therefore, in order to get the individual fitness value, choose the individual output results in the low precision KNN model, and the resulting value is non-dominant ranking, the optimal solution set and suboptimal solution set in the high precision KNN model, the optimal solution set in the high precision KNN model as the optimal solution set of the subalgebra, and finally calculate the final optimal solution by the weighted density and modulus.
The GP method is implemented based on DEAP (Distributed Evolutionary Algorithm Package) [73], in which the GP-related parameters are set as follows: the population size is set to 100, the maximum evolution algebra is set to 100, the crossover rate and mutation rate are set to 0.8 and 0.4 respectively, the largest tree depth is set to 15, and the minimum tree depth is set to 5. During the population initialization and genetic evolution phases, individuals were generated. Championship selection of size 5 was used to select well-performing individuals from contemporary populations for genetic evolution as fathers. The marker of population completion evolution is the attainment of maximum evolutionary generations.The following table is the pseudo-code for the optimization method.
Table 3.6 GP algorithm pseudocode
	Algorithm 3: Multiprecision agent genetic programming

	Input: Pc: crossover rate, Pm: mutation rate, P: replication rate, F: function set, T: Terminator, P: population size, G: Maximum evolutionary algebra

	Output: Best_individual: The best parameter

	1. Begin

	2. P0Based on the new program structure and function set terminator set, N individuals are randomly generated as the initial population;

	3. Individual adaptation values were calculated by using a low-precision KNN model

	4. The population was ranked as non-dominated

	5. The optimal and suboptimal solution sets are placed in the high-precision KNN model to calculate individual adaptation values

	6. Q0New populations generated by genetic manipulation

	7. g=0

	8. While g≤G

	9. The Q is calculated through a multi-precision proxy modelgThe fitness of the individual level of the

	10. Rg←Pg∪Qg

	11. {fronti} R was determined using a fast non-dominant ranking algorithmgNon-dominant frontier front in different

	12. While Pg+1.length < N do

	13. If Pg+1.length + fronti< N then

	14. Pg+1← Pg+1fronti

	15. i = i+1

	16. else

	17. count frontiThe crowded distance of each individual in the

	18. Pg+1Add the least crowded individuals until the Pg+1.length=N

	19. end

	20. end

	21. Qg+1New populations are generated by genetic manipulation (crossover and mutation)

	22. g = g + 1
23. If g%10 == 5
24. support front1Experiments were performed and yielded a data
25. Integrate data into the proxy model dataset for data update

	26. end

	27. The front was calculated from the two objective functionsiThe fitness value of each non-dominant solution in the

	28. return frontiIndividuals with the largest fitness-weighted values in the medium

	29. end




[bookmark: _Toc9300]CHAPTER 4 EXPERIMENTS WERE PERFORMED AND THE RESULTS WERE OBTAINED
This section will show the parameter setting and test results of the above methods, including the result diagram of the KNN low precision prediction model and the KNN high precision prediction model, as well as the average absolute error and mean square error of the prediction, as well as the optimal individual instance model generated by the GP method, and the density modulus value of the optimal solution per generation. In this experiment, 2,500 data sets were collected into a data set for subsequent tests.
[bookmark: _Toc6252]CHAPTER 4.1 KNN MODEL TEST
For comparison with other methods, the evaluation indexes of the model data are mean absolute value error (MAE) and mean square error (MSE), respectively, and the calculation formula is as follows:

		(4.1)

		(4.2)

Where yi represents the actual value corresponding to the i th, expressed as the predicted value corresponding to the i th, and m represents the number of test sets. Since one of the key parameters of the KNN classifier results is to choose the best number of molecular nearest neighbors, the smaller the selected K value, the worse the classification effect, the more likely over-fitting. The larger the K value, the greater the approximation error, resulting in inaccurate classification. Therefore, when performing the experiment, we first set the smaller parameter K, optimize the design strategy [74] according to the KNN algorithm, view the experimental results, and select the corresponding value of the result with the smallest error is the optimal K value.
Its low-precision KNN regression model selects K values between 3 and 8, According to the experimental data, a 10-fold crossover experiment will be adopted, with the average value as the final result,and its experimental data are shown in the table below,

Table 4.1 of the low-accuracy Knn regression model
	accuracy
	Low-precision modulus MAE
	Low-precision modulus MSE
	The low-precision density MAE is
	The low-precision density MSE is

	3
	0.072522068
	0.761344538
	0.00734044
	0.821039876

	4
	0.086001907
	0.759578196
	0.009139201
	0.785981754

	5
	0.06858143
	0.829989686
	0.007702785
	0.836224467

	6
	0.04929818
	0.912908781
	0.006160337
	0.905236843

	7
	0.05803746
	0.880346082
	0.007426038
	0.872592581

	8
	0.069327177
	0.851960351
	0.0087547
	0.830335631


The data pair is shown in the following figure,as shown in Figure 4.1, its ordinate represents the mean square error value, and its abscissa represents the k value of low-precision KNN regression model. As shown in Figure 4.2, its ordinate represents the average absolute error, and its abscissa represents the k value of low-precision KNN regression model.:
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Figure 4.1 MSE comparison of the low-accuracy Knn regression model
[image: 图片2]
Figure 4.2 for the low-accuracy Knn regression model MAE comparison
As can be seen from the above figure, for the mean square error value, the low-precision KNN regression model has a good performance when the value of k is 4, which is the minimum value of recent groups of k values. For the average absolute error value, the value of k is 6, which is the minimum value of recent groups of k values. However, the value with smaller average absolute error is selected for the prediction results, so that more accurate values can be obtained in the future prediction. Therefore, after analyzing and comparing the data, it can be concluded that when the value of k is 6, the prediction error of the accurate value is the smallest, so the value of k is 6 in the low-precision KNN regression model.
For the high-precision KNN regression model, the k values range from 15 to 24, According to the experimental data, a 10-fold crossover experiment will be adopted, with the average value as the final result,and the experimental data are shown in the following table:
Table 4.1 High-accuracy Knn regression model
	accuracy
	High-precision modulus MAE
	High-precision-density MAE
	High-precision modulus MSE
	High-precision-density MSE

	15
	0.044321099
	0.004750585
	0.929219639
	0.936252262

	16
	0.041943717
	0.004601818
	0.930580927
	0.939688619

	17
	0.044629363
	0.004860771
	0.922640715
	0.931897877

	18
	0.046372378
	0.005199234
	0.919422414
	0.929402068

	19
	0.045860793
	0.005128779
	0.918289808
	0.925267486

	20
	0.044845393
	0.005030068
	0.924022687
	0.930499964

	21
	0.045537949
	0.005075255
	0.919161624
	0.926587876

	22
	0.045884324
	0.005174424
	0.917232976
	0.924814286

	23
	0.045181163
	0.005008657
	0.919422329
	0.92657797

	24
	0.048502502
	0.005484948
	0.907213122
	0.914560969


The data pairs are shown in the following figure, as shown in Figure 4.3, with its ordinate representing the mean square error value, and its abscissa representing the k value of high-precision KNN regression model, as shown in Figure 4.4, with its ordinate representing the average absolute error and its abscissa representing the k value of high-precision KNN regression model. Follow-up data analysis is made according to the data graph.
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Figure 4.3 MSE comparison of the high-precision Knn regression model
[image: 图片3]
Figure 4.4 MSE comparison of the high-precision Knn regression model
As can be seen from the above figure, for the mean square error value, the low-precision KNN regression model has a good performance when the value of k is 24, which is the minimum value of recent groups of k values. For the average absolute error value, the value of k is 16, which is the minimum value of recent groups of k values. However, the value with smaller average absolute error is selected for the prediction results, so that more accurate values can be obtained in the future prediction. Therefore, after analyzing and comparing the data, it can be concluded that when the value of k is 16, the prediction error of the accurate value is the smallest, so the value of k is 16 in the high-precision KNN regression model.
According to the above experiments, the value of KNN regression model with low precision can be 6, and that of KNN regression model with high precision can be 16. Before the experiment, a comparison experiment will be made between the predicted model and the actual value, and 20 samples will be selected to test the low-precision and high-precision density and modulus models. According to the test results shown in the following two figures, it can be concluded that the experimental effect of this model is good:
[image: ]
Figure 4.5 density training test comparison diagram
[image: ]
Figure 4.6 modulus training test comparison diagram
[bookmark: _Toc16512]CHAPTER 4.2 EXPERIMENTS OF THE GENETIC PROGRAMMING ALGORITHM
In the field of evolutionary algorithm, genetic programming algorithm is a special variable-length coding optimization technology, which can optimize computer programs based on tree structure and graph structure representation. Different genetic programming algorithms are widely used in different fields. For example, for automatic machine learning and automatic feature engineering, genetic programming algorithm based on tree structure is widely used to deal with these two problems [75]. For the search problem of neural network architecture, the genetic programming algorithm based on graph structure has achieved good search results [76]. In the field of program generation, genetic programming algorithm based on stack structure has a good performance. Although there are many kinds of genetic programming algorithms, genetic programming algorithms generally follow the relevant processes of evolutionary algorithms, including initialization, crossover, mutation, evaluation and selection. However, genetic programming algorithm optimizes special data structures, so genetic programming algorithm needs to define corresponding initialization, crossover and mutation operators for each special data structure. For example, for the genetic programming algorithm based on tree structure, random height tree initialization, random subtree crossover and random subtree mutation operators are widely used in the initialization, crossover and mutation stages of this kind of genetic programming algorithm. For genetic programming algorithms based on graph structure and stack structure, researchers in the field of genetic programming have also designed corresponding operators. Although genetic programming algorithm has unique optimization objectives and evolutionary operators, many research achievements in the field of evolutionary algorithms can still be applied to the field of genetic programming. For example, the multi-task optimization strategy can speed up the efficiency of solving symbolic regression problems by genetic programming algorithm, while the multi-peak optimization strategy can be used to obtain multiple solutions at the same time to form an integrated model. It is worth mentioning that although many improvement strategies have emerged in the field of genetic programming algorithms in recent years, the traditional framework of genetic programming algorithms is still widely used in the field of genetic programming. Genetic programming can adaptively evolve to generate optimal solutions according to problems. These solutions are often creative, and even domain experts have not considered them. Therefore, the parameters can be optimized by simulating the workers' behavior of adjusting parameters in the pre-oxidation furnace. According to the design of genetic programming algorithm mentioned in section 3.3, the convergence behavior, operation time and visualization construction of genetic programming will be demonstrated. Through the analysis of the best individual, we can show its potential possibility and the reasons for its good performance.
[bookmark: _GoBack]As an efficient evolutionary algorithm, genetic programming is also a kind of evolutionary algorithm. As a super-heuristic algorithm, it solves problems by constructing heuristics. As a kind of evolutionary algorithm, it also contains the same mechanism including coding, initialization, cross-inheritance, elite retention, etc. At the same time, it is different from traditional optimization algorithms such as traditional enumeration method. Evolutionary algorithm is a mature global optimization method with high robustness and wide applicability, which has the characteristics of self-organization, self-adaptation and self-learning, and can not be limited by the nature of the problem. It can effectively deal with complex problems that other algorithms don't have. At the same time, genetic programming has a high degree of interpretability, and as a super-heuristic algorithm, it has a unique analogy, that is, it generates a solution rather than the answer itself. The following figure shows the density and modulus of preoxidized fiber corresponding to the optimal solution of each generation of GP during iteration.


[image: ]
Figure 4.7 density and modulus iteration plots
Since the data-driven agent model is data update, the previous optimal solution and evolved individuals will produce certain fluctuations. It can be seen from the figure that GP has certain convergence. 
As a multi-objective optimization problem of density modulus, the optimization of density and modulus has a certain conflict, so the density and modulus can not be optimized to the optimal solution simultaneously, so the solution set can only be non-dominant ordered, that is, all solution sets that are not dominated by other solutions to form a non-dominant solution set, namely Pareto solution set.
After the operation optimization of the density and modulus, the Pareto solution set can be obtained. The final Pareto solution set is shown in the following table:
Table runs the solution set
	node
	T1
	T2
	T3
	T4
	t1
	t2
	t3
	t4
	density
	module

	1
	240.04
	226.46
	236.17
	221.81
	3.61
	4.63
	3.7
	5.17
	1.29996828
	59.52009846

	2
	205.36
	225.12
	227.73
	220.01
	5.25
	8.39
	5.32
	9.13
	1.32051885
	59.6433028

	3
	224.04
	227.9
	230.8
	224.6
	4.3
	8.24
	6.75
	10.08
	1.33418738
	59.75547793

	4
	208.51
	243.47
	233.28
	220.01
	5.25
	8.39
	5.32
	9.13
	1.33279168
	59.85290396

	5
	219.65
	235.83
	245.77
	265.63
	4.09
	4.65
	7.28
	7.25
	1.38351893
	60.10392977

	6
	225.71
	231.12
	239.13
	284.3
	2.94
	6.18
	8.1
	8.19
	1.39141423
	60.08403848

	7
	225.71
	260.23
	240.75
	292.8
	5.13
	7.47
	8.19
	7.18
	1.40879138
	60.0105545

	8
	240.04
	226.46
	236.17
	220.01
	4.3
	4.63
	3.7
	5.17
	1.2989301
	59.465778



Among them, T1, T2, T3, T4 are the temperature of temperature regions 1,2,3,4, and the time of t1, t2, t3, t4 temperature regions 1,2,3,4, respectively, and the same serial number is expressed as the same group of data, and the density density and modulus module of the corresponding pre-oxygen fiber are obtained.
The density modulus plot corresponding to its Pareto solution set is shown in the figure below,
[image: C:\Users\admin\Documents\WPS Cloud Files\849284833\论文国外\图片\图片7.png图片7]
Figure 4.8 The pareto solution set
After the Pareto solution set is given, the optimal individual can be selected according to its numerical weight. For the optimization of pre-oxidation parameters, the density parameter of pre-oxidized fiber is obviously higher than the modulus parameter. As an important index that directly reflects the degree of oxidation, the density should be taken as an important index and the modulus as a secondary index. Therefore, the node 1 can be selected as the optimal solution for this optimization, that is, the temperature of the four temperature zones corresponds to the time of the four temperature zones one by one, and the temperature from small to large is ranked as temperature zone 1 with a temperature of 221.81 and a time of 5.17. The temperature of zone 2 is 226.46, the time is 4.63, the temperature of zone 3 is 236.17, the time is 3.7, and the temperature of zone 4 is 240.04, the time is 3.61, in which the unit of temperature is℃ and the unit of time is min. The tree diagram will be given and analyzed below:
[image: ]
Figure 4.9 tree structure diagram
The individual model has eight branches, respectively corresponding to the temperature and time of the four temperature zones, the vector as a combination function of the time and temperature series composition characteristic vector, and the Temp_vector and Time_vector represents the temperature and time vector, respectively, its main role is to ensure that four sets of temperature data and four time data corresponding to the temperature time of the four temperature zones. A basic data Time and Temp exists on a separate tree of its temperature time, that is, set a tone for the temperature time to avoid producing too large or too small meaningless data, followed by a random increase that is reduced to expand its search space.


[bookmark: _Toc31134]CHAPTER 5. SUMMARIZE AND OUTLOOK ON CONCLUSION AND PROSPECT
Preoxidation furnace optimization usually requires skilled workers or scholars with prior knowledge and expert experience to carry out separate parameter adjustment, which is not conducive to the practical engineering environment with complex and changeable working conditions. The main function of this experiment is to provide a data-driven parameter optimization method for adjusting the temperature time of the carbon fiber preoxidation furnace, By establishing multiple prediction models based on the KNN regression model, the mapping relationship between the temperature time of the multitemperature zone of the preoxidation furnace and the density modulus of the preoxygen fiber are constructed, According to the mapping relationship, the temperature time parameters of the genetic programming algorithm, Solving the problem of optimizing the temperature time parameters in the multitemperature zone of carbon fiber preoxidation furnace by the traditional method, Avoid the difficulty and computational complexity of mechanism model construction, Reduced production risk and the loss of production raw materials, Improve the production efficiency.
According to the fitted model construction data proposed by previous studies, the optimal KNN model parameters were selected by the multi-precision agent model, and the parameters of the preoxidation furnace were optimized by using the genetic programming algorithm. In this experiment, the KNN parameters were adjusted to achieve the optimal prediction model, and the accuracy of the optimization model was adjusted through the data-driven real-time update model. While using the genetic programming algorithm, the data set is updated during the optimization process of the data set, and the optimization results meet the experimental requirements.
A carbon fiber preoxidation furnace parameter optimization method based on multi-precision agent genetic programming simultaneously completes the data-driven prediction of fiber parameters of preoxygen fiber and adjusts the production process parameters of preoxidation furnace based on prediction model. KNN prediction model predicts, proves the value of K neighbor value of KNN multi-accuracy regression model under this condition and constructs a GP algorithm optimized for preoxidation furnace parameters, including its function set, terminator set, and effectively completes the parameter optimization of preoxidation furnace.
But in the optimization method used in this paper did not consider its dynamic optimization, namely with the parameters of the environment changes, including but not limited to the pre-oxidation furnace cycle wind speed, etc., in the data selection is based on the equation of previous scholars, in the subsequent research should focus on the above points for learning research and development.
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