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Abstract: In recent years, artificial intelligence technology has seen increasingly widespread application in the field
of intelligent manufacturing, particularly with deep learning offering novel methods for recognizing geometric
shapes with specific features. In traditional CNC machining, computer-aided manufacturing (CAM) typically
generates G-code for specific machine tools based on existing models. However, the tool paths for most CNC
machines consist of a series of collinear motion commands (G01), often resulting in discontinuities in the curvature
of adjacent tool paths, leading to machining defects. To address these issues, this paper proposes a method for
CNC system machining trajectory feature recognition and path optimization based on intelligent agents. This
method employs intelligent agents to construct models, analyze the key geometric information in the G-code
generated during CNC machining, and uses the MCRL deep learning model incorporating linear attention
mechanisms and multiple neural networks for recognition and classification. Path optimization is then carried out
using mean filtering, Bezier curve fitting, and an improved novel adaptive coati optimization algorithm (NACOA)
according to the degree of unsmoothness of the path. Taking the optimization of a gear model’s process file as
an example, the effectiveness of the proposed method is verified. The research results indicate that the CNC
system machining trajectory feature recognition and path optimization method based on intelligent agents can
significantly enhance the smoothness of CNC machining paths, reduce machining defects, and has substantial

application value.

Keywords: CNC system; intelligent elements; process analysis; path optimization; deep learning; feature recognition

1. Introduction

The rapid advancement of artificial intelligence and machine learning technologies has established
CNC technology as a crucial foundation in the field of intelligent manufacturing [1]. These emerging
technologies have begun to directly influence the machining process, enhancing the accuracy of CNC
systems, optimizing efficiency, bolstering competitiveness and sustainability, and significantly improv-
ing the quality of the produced workpieces [2,3]. As a core technology in modern manufacturing,
Numerical Control (NC) systems profoundly impact production capacity, precision, and efficiency in
the industry.

In the manufacturing process of most mechanical parts, various machining features are typically
involved. Traditionally, these features required manual extraction and designation through conven-
tional CNC feature recognition methods, limiting their applicability to the analysis of simple or specific
features. However, as the manufacturing industry continues to evolve and upgrade, traditional CNC
systems face increasing challenges in feature recognition. The advent of deep learning technology,
with its capabilities for automatic learning and feature extraction, significantly reduces the complexity
and difficulty of these tasks [4]. Deep learning not only provides more precise feature recognition,
benefiting from its robust data fitting and learning abilities, but it also adapts to more complex pat-
terns and variations [5]. Its models can dynamically adjust parameters to accommodate new data or
environments, a flexibility constrained in traditional CNC systems. Additionally, deep learning can
process large-scale data, deriving insights from extensive datasets, enabling more accurate simulation
and prediction of the manufacturing process, thereby facilitating intelligent decision-making and
optimization.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Path optimization is paramount in modern manufacturing. It can substantially reduce waste,
enhance efficiency and precision, thereby boosting competitiveness and sustainability. Effective
path optimization minimizes ineffective reciprocation, ensures smooth and continuous machine tool
movement, reduces wear and tear, extends equipment lifespan, and lowers energy consumption,
achieving green manufacturing [6-8]. Path optimization not only enhances machining efficiency but
also significantly improves product quality. By reducing excessive machine movements and conflicts,
unnecessary errors are avoided, machining precision is increased, and product quality is ensured.
Furthermore, path optimization can flexibly accommodate various complex machining demands,
enhancing the adaptability and flexibility of the manufacturing process, making it a critical component
of modern intelligent manufacturing [9].

Despite significant progress in the aforementioned research, there remains room for improvement
in feature recognition accuracy and path optimization smoothness. The primary contributions of this
paper are summarized as follows:

a. Introduced an agent-based CNC system architecture, leveraging artificial intelligence technology
to enhance the performance and efficiency of CNC systems.

b. Proposed a deep neural network integrating multiple neural network models and linear attention
mechanisms for improved feature recognition efficiency.

c. Employed four mechanisms to improve the COA in order to enhance the smoothness:

¢ Used the honey badger algorithm to initialize the coati population, enhancing the initial
population quality and optimization efficiency.

* Embedded information such as population size, iteration count, and fitness function into
the improved path update rules, allowing the new rules to optimize the search process

based on the current population status, improving convergence speed.
¢ Introduced a dynamic multi-population strategy to comprehensively explore the search

space and maintain population diversity.
® Proposed a gradient descent fitness-guided strategy to dynamically adjust the learning rate,

controlling the magnitude of each path point update for quicker convergence to the optimal
solution.

In this study, we explore a novel method for CNC system process optimization, incorporating
deep learning into CNC feature recognition and applying optimization algorithms for trajectory
optimization. Our goal is to achieve automatic machining trajectory recognition and utilize artificial
intelligence to make the trajectory optimization process more autonomous and intelligent, thereby
enhancing the operational efficiency and precision of CNC systems to meet the rapid development
needs of the manufacturing industry. This work will contribute to the advancement of CNC technology,
providing new pathways for realizing more intelligent manufacturing.

The remainder of this paper is structured as follows: Section 2 provides a comprehensive review
of related work on feature recognition and path optimization methods; Section 3 introduces the agent-
based CNC system architecture; Section 4 presents the theory of machining feature recognition and
the improved coati optimization algorithm; Section 5 showcases the experimental results of the deep
learning network and path optimization; finally, Section 6 concludes the paper.

2. Related Work

In the realm of numerical control, feature recognition and path optimization are two critical tech-
nical aspects. These technologies not only play a pivotal role in enhancing machining accuracy but also
significantly improve the efficiency and automation level of the machining process. Through feature
recognition technology, CNC systems can automatically identify the geometric features of workpieces,
thus formulating more precise machining strategies. Concurrently, path optimization technology
ensures that the tool moves along the optimal path during machining, minimizing processing time
and energy consumption while enhancing surface quality and machining precision. The integration
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of these technologies renders the CNC machining process more intelligent and efficient, effectively
reducing human error and improving product quality and production stability.

2.1. Feature Recognition in CNC Machining Based on Deep Learning

In the digital age, CNC machining feature recognition technology has become increasingly impor-
tant. Whether for machining parts or creating complex workpieces, it greatly enhances production
efficiency and ensures product quality. This technology has profound implications in computer-aided
design (CAD), computer-aided process planning (CAPP), and computer-aided manufacturing (CAM),
which are critical components of modern engineering design and manufacturing. Feature recognition
technology provides robust support for accomplishing these tasks. CAD systems enable users to
perform complex engineering design work with the aid of computer technology. The complexity of
design mainly lies in the numerous shapes and sizes of workpieces. To better accomplish the design,
feature recognition technology becomes essential. By employing various advanced algorithms and ar-
tificial intelligence, it plays a crucial role in enhancing the efficiency and accuracy of the design process.
Zhang et al. [10] proposed a deep learning network called BrepMFR for machining feature recognition
of B-rep models, effectively handling complex geometric structures and intersecting features.

Once the design is completed, the production process must be considered, involving CAPP. This
encompasses deciding material types, determining production steps, and setting machine parameters.
Feature recognition technology plays a vital role in this process, enabling appropriate settings and
optimization based on the features of the workpiece. Wang et al. [11] introduced a hybrid learning
framework called DeepFeature, based on graph neural networks (GNN), to further enhance this
aspect. After successfully recognizing all features of the workpiece, precise machining programs can
be generated, optimizing the machining process, reducing costs, shortening machining time, and
improving product quality. In the CAM domain, feature recognition technology can automatically
transform design and process planning into actual products, truly realizing intelligent manufacturing
and enabling efficient and precise production. Wu et al. [12] proposed a semi-supervised learning
framework that utilizes both labeled and unlabeled data to learn meaningful visual representations,
providing a powerful tool for workpiece feature recognition. These methods can enhance feature
recognition efficiency, achieving automated processing, reducing production costs, and ensuring
manufacturing quality.

2.2. CNC Machining Path Optimization

In contemporary manufacturing, the importance of optimizing CNC machining paths has become
increasingly prominent. Tool path optimization technology can significantly enhance machining effi-
ciency, reduce production costs, and improve product quality. The initial machining paths generated by
CAD/CAM systems through automatic programming are based on design models and predetermined
machining strategies, forming G-code. However, in practical application, this process may produce
errors. The computational accuracy of CAD/CAM systems may be somewhat limited by current
hardware and software conditions, resulting in initial tool paths that suffer from overfitting or lack
smoothness. These factors may cause the machine to stop and restart abruptly during operation,
increasing wear and tear and reducing its lifespan. Discontinuous tool paths can also affect machining
precision, leading to unstable product quality. Fang et al. [13] proposed a real-time smooth trajectory
algorithm, genera-smooth, ensuring higher-order continuity of tool trajectories in three-axis hybrid
machining. This algorithm can address initial path discontinuities to some extent, enhancing machine
stability.

Regarding the continuity of mixed G01 and G02/GO03 codes, Shi et al. [14] introduced a com-
prehensive tool path smoothing method based on a motion overlap strategy, employing heuristic
algorithms to seek optimal motion parameters, thereby meeting the requirements of mixed coding mo-
tion constraints and high efficiency. For particularly complex three-dimensional models, CAD/CAM
systems may struggle to find an optimal solution when generating initial machining paths. In such


https://doi.org/10.20944/preprints202408.0453.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 August 2024 d0i:10.20944/preprints202408.0453.v1

40f24

cases, G-code generation might encounter issues like discontinuities or excessive spacing at corners,
causing severe vibrations when the machine makes sharp turns, impacting machining precision and
efficiency. Hua et al. [15] offered an effective solution by proposing a method that adjusts tool tip
positions based on the discrete curvature of each tip point, reducing vibration at tool tip corners. Zhang
et al. [16] presented an adaptive tool path generation method using a dual-head snake algorithm based
on the least squares method to study the original part contours and generate smooth trajectories com-
posed of lines and arcs. This method also demonstrated excellent performance in reducing machine
vibration and improving precision and efficiency.

The aforementioned research effectively addresses the issue of path discontinuities, ensuring
smoother tool movement during machining, reducing machine vibration during sharp turns, and
thereby enhancing machining precision and efficiency.

3. Agent-Based CNC System Architecture

In recent years, with the continuous development of the manufacturing industry, CNC machining
technology has played a crucial role in enhancing production efficiency and machining precision.
However, traditional CNC path planning methods often rely on preset rules and algorithms, which
struggle to adapt to complex and dynamic machining environments. To address this issue, an agent-
based CNC system architecture has been proposed, encompassing the modeling and driving of
intelligent CNC. This includes the digital twin of intelligent CNC and machine tool machining,
considering the application of deep learning technology in feature recognition and path optimization
within CNC machining, providing practical references for achieving intelligent CNC.

3.1. Intelligent Requirements

Intelligent manufacturing systems achieve optimal manufacturing outcomes by integrating the
capabilities of machines, humans, and processes, optimizing the use of manufacturing resources,
adding value to people’s lives and careers, and reducing waste. Thus, intelligent manufacturing
systems hold significant importance in modern societal development [17]. CNC systems, as the core
component of CNC technology, play a vital role in CNC machining. Intelligent CNC systems offer
higher programmability and flexibility, significantly improving manufacturing quality and efficiency
[18]. CNC machines control the movement and machining processes of machine tools through CNC
systems, executing automated machining based on pre-written program instructions.

The servo system is a critical part of CNC machines, comprising servo motors, drivers, and
feedback devices. It is crucial for coordinating the trajectory accuracy between multiple feed axes
and ensuring contour precision [19]. Digital twin technology is a potential solution for enhancing
automation and advancing towards intelligent manufacturing [20]. By utilizing data collected from
sensors, digital twin technology can monitor the operational status of CNC machines and servo
systems in real-time and generate their real-time digital models. Feature recognition is a key issue
in intelligent manufacturing, enabling the extraction of valuable geometric information from solid
models, thus achieving seamless digital connectivity from design to manufacturing [11]. For identified
defective paths, optimization algorithms are employed to enhance the path quality.

In traditional manufacturing modes, design and manufacturing are separate, with tool path
defects only fed back after manufacturing flaws are detected, requiring extensive effort to adjust and
redesign the model. This paper proposes a new workflow, as shown in Figure 1. The red dashed box
indicates the newly added workflow. After the CAM system generates the initial tool trajectory, feature
recognition and optimization are performed to generate high-quality, smooth paths for subsequent
manufacturing.
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Figure 1. Web application as communication between CAM and machine tools.

3.2. System Model and Structure

A modular structure plays a critical role in the design of CNC systems. The synergy between
various intelligent components across modules fosters a dynamic environment for learning and
self-optimization, as illustrated in Figure 2. The intelligent elements include:

* CAD/CAM: The process of design and manufacturing using computer software. This is the
input part of the intelligent system, providing design data and manufacturing instructions.

* Learning: Extracting useful information from data to optimize models and manufacturing
processes.

¢ Digital Twin: Providing a virtual environment for testing and optimization, enhancing efficiency
and precision.

® Sense: Monitoring various parameters during the manufacturing process, providing real-time
feedback to the digital twin and optimization modules.

¢ Optimization: The process of optimizing system performance based on learning and sensing
data, reducing resource consumption, and refining manufacturing processes.

* NC System and Machine Tool: Receiving instructions from the optimization module and per-
forming machining and manufacturing according to CNC system directives.
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Figure 2. Modeling Scheme of Intelligent elements in CNC.

The intelligent CNC model encompasses the entire process from model design to final mechanical
processing, including real-time feedback. This model begins with CAD/CAM software, which is
crucial in both the design and manufacturing stages. Achieving the required precision and surface
quality is mainly addressed by selecting tool path density and appropriate cutting conditions. However,
these measures are not always sufficient, and even with optimal choices, surface quality and precision
often decline [14]. By utilizing deep learning technology for feature extraction and pattern recognition,
a seamless digital connection from design to manufacturing can be established based on the concept
of features [21]. The optimization stage is a critical link in the entire process, focusing on optimizing
the process flow based on data analyzed by the learning module. For identified rough paths, further
calculations and adjustments through optimization algorithms are necessary to enhance path efficiency
and precision. To achieve smooth and continuous machine motion, local corners must be smoothed to
ensure the continuity and smoothness of the machining path [6]. Digital twins represent virtual replicas
of the physical manufacturing environment, providing new opportunities for real-time monitoring
of the machining process. They can simulate the actual production environment while considering
changes in the machining process and operating conditions [22]. This enables testing and validation in
a virtual environment, thereby reducing risks in actual production.

The sensing module involves sensors and other devices that collect real-time data from physical
machines, monitoring various parameters in the production process and feeding data back to the
system. The CNC system, as the brain of the machine tool [23], needs to control the machine based on
inputs from the optimization and sensing modules to achieve precise control of the machine tool. The
machine tool, being the physical apparatus that performs manufacturing tasks, plays a critical role in
manufacturing as its performance significantly impacts product quality and production efficiency [24].
Hence, intelligent modules need to be added to facilitate communication. The information flow process
begins with CAD/CAM design, inputting the design into the learning module, which processes the
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data and inputs it into the optimization module. The optimization module communicates with the
digital twin for simulation and validation processes, and the digital twin returns data to the learning
module for further optimization. The sensing module collects real-time data from physical machines
and sends it to the digital twin and learning module. The optimized and validated process is sent to
the NC system, which controls the machine tool to execute manufacturing tasks, and the data from the
machine tool is collected and fed back by the sensing module, completing the feedback loop.

The proposed system model demonstrates the interaction and data flow among various compo-
nents in an intelligent manufacturing system, emphasizing a continuous loop of learning, optimization,
and real-time feedback to improve manufacturing processes. Through this closed-loop system, the man-
ufacturing process becomes more intelligent, automated, and efficient, thereby enhancing production
quality and efficiency while reducing costs and risks.

3.3. Assembly Line Work Mode

In this study, the design of the intelligent agent module revolves around the CNC system pro-
cessing workflow, as illustrated in Figure 3. The intelligent agent module acts as a critical node in the
integrated processing chain of the CNC system, facilitating information transmission and process-
ing, thereby achieving more efficient and precise perception and control of the machining process.
Manufacturing activities start from the CAD/CAM design stage, including modeling and CNC ma-
chining. Next is the post-processing stage, involving tool path generation and G-code generation.
Subsequently, the CNC system receives these instructions and performs instruction interpretation and
data processing. At this stage, process and data analysis are also conducted.

To evaluate the machining process, this study employs feature recognition technology based on
deep learning neural networks to analyze and assess the results. The optimization stage utilizes opti-
mization algorithms and visualization tools to improve the machining process, ensuring operational
efficiency and precision. The process then moves into the servo control and machine tool machining
stage, where actual machining operations and axis movements occur, along with motion control and
signal conversion. Digital twin technology is used for feedback and improvement of the entire process,
dynamically adapting to the actual machining requirements and conditions by combining virtual and
real elements, thus achieving comprehensive monitoring and optimization of the machining process.
This information flow is not unidirectional but aids in the dynamic adaptation of the system, better
aligning with actual machining requirements and conditions.

Machine Tool Servo
CAD/CAM CNC Machining Operation Motion Control
Hodeling nstruction Axis Motion signal Conversion

Machining operation Data Processing. Evaluation

_’ Feature Recognition
Post Processing Analysis DL Neural Network
Tool Path Generation Process Analysis Optimization

G Code Generation Data Analysis Optimization Algorithm —> Digital twin
Visualization

Figure 3. Intelligent-based CNC system machining process flow structure.

4. Mathematical Model

In this section, the feature design of machining trajectories and the fundamental procedure of the
improved COA are introduced.
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4.1. Machining Path Feature Design

By analyzing the physical characteristics of the control system’s machining paths, feature ex-
traction and recognition are performed for paths exhibiting uneven smoothness. The features of the
machining paths are defined as follows:

A path consists of a series of coordinates (x;,y;). Given that the contribution of the z-axis
coordinates is minimal, the path is identified using its two-dimensional coordinates. For each point
i on the path, define the direction vector v; as the vector from point i to point i + 1: v; = (x;11 —
Xi Yiv1 = Yi)-

The dot product of two vectors v; and v;_1 is defined by Eq. (1):

vi-vier = (Xig1 = X)) (% — xi-1) + (Vier — ¥i) (Vi — Yie1) 1)
The Euclidean length of vector v; is defined by Eq. (2):

vil = \/(xi+1 — xi)* + (Yir1 — ¥i)? 2)
The local curvature is defined as the sum of the curvatures for all vectors from the first point to
the nth point, as given by Eq. (3):

2 gy
LocalCurvature = Z (1 111) 3)

= [villvi_1]

Where:

® v;-v;_1is the dot product of vectors v; and v;_1.
e |v;| and |v;_1| are the Euclidean lengths of vectors v; and v;_; respectively.

This calculation reflects the changes in curvature by computing the real angle between adjacent
vectors. When the dot product v; - v;_; is normalized by the product of their Euclidean lengths, the
curvature is reduced if the vectors are closely aligned. By summing the deviations between adjacent
vectors, the overall path roughness can be quantified. Therefore, a higher LocalCurvature value
indicates a rougher path composed of n points; conversely, a lower value indicates a smoother path.

In view of the degree of path fluctuation, when n = 50, the LocalCurvature values are classified,
as shown in Table 1.

Table 1. Path roughness categories.

LocalCurvature Description Category  Evaluation
LocalCurvature < 1.9 Smooth Category 1 Good
1.9 < LocalCurvature < 3.5 Slightly Rough Category 2  Moderate

3.5 < LocalCurvature < 7.6 Rugged Category 3 Poor
LocalCurvature > 7.6 Sharp Turning Corner Category4  Very Poor

After completing feature classification, these feature points and their labels are used to train a
hybrid network model incorporating parallel branches of MLP, CNN, RNN, and LSTM, to automatically
identify features in new, unlabeled samples. This model learns to recognize the smoothness of paths
from the input coordinates. The workflow for machining path feature recognition is detailed in
Algorithm 1.
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Algorithm 1

Require: A: A set of points {ay,a, ..., a, }, where a; = (x;,y;);
Ensure: LabelPath: A path with a feature label;
The point set A is grouped into groups of 50 points and stored in the Group list: [¢1, £, ..., §n], Wwhere

8i = [P1 P2, 0], pi = (X0 yi);
for each group g in Group do
for each point p in ¢ do

Generate initial set of vectors V;: {v1, 0y, ..., 09}, where v; = (xj11 — X, Yir1 — Vi);
Compute the local curvature of V;: LocalCurvature = Y+, (1 — |;f|’|2",‘11| );
if LocalCurvature < 1.9 then

Label V; as "Category 1";
else if 1.9 < LocalCurvature < 3.5 then

Label V; as "Category 2";
else if 3.5 < LocalCurvature < 7.6 then

Label V; as "Category 3";
else

Label V; as "Category 4";
end if
end for
end for
Label Path = {all labeled path from steps 17 and 18};
Label Path was used to train the MCRL model;
return LabelPath

4.2. Path Optimization Design

The Coati Optimization Algorithm (COA) [25] is a biomimetic algorithm inspired by the foraging
behavior of South American coatis. During their foraging, coatis mark their paths using visual and
olfactory cues, and share location information. These markers fade over time, but their concentration
remains higher on shorter paths. Thus, the coati group can detect these markers and select an optimal
path, moving towards areas with stronger signals.

This section proposes four mechanisms to overcome the shortcomings of the traditional coati
algorithm. Firstly, the Honey Badger Algorithm (HBA) is introduced to initialize the coati population,
enhancing optimization efficiency by increasing population diversity. Secondly, an improved heuristic
function is proposed to enhance the algorithm’s goal orientation, effectively reducing randomness
in the search. Thirdly, a dynamic multi-population strategy is introduced to prevent the algorithm
from falling into local optima, thereby enhancing global search capabilities. Finally, a gradient descent
fitness-guided strategy is proposed to accelerate convergence. These four mechanisms are combined
to form a new algorithm, referred to as the Novel Adaptive Coati Optimization Algorithm (NACOA).

4.2.1. Honey Badger Algorithm for Population Initialization

The initialization of the coati population may have several shortcomings: despite optimizing
the selection process, the quality of the initial population may be influenced by the initial input data
and parameter settings, leading to unstable results. If the individuals in the initial dataset exhibit
limited genetic diversity, the algorithm may struggle to overcome this limitation, ultimately resulting
in insufficient genetic diversity within the population. The algorithm’s effectiveness depends on
high-quality, comprehensive initial data. If the data is inaccurate or incomplete, it may affect the
algorithm’s performance and the effectiveness of population initialization.
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To address these issues, the Honey Badger Algorithm (HBA) [26] is used to initialize the coati
population. This algorithm mimics the search and hunting behavior of honey badgers, optimizing in-
dividual selection and distribution strategies to ensure that the population consists of highly adaptable
and survivable individuals. The HBA has a dynamic adjustment capability, allowing it to continuously
optimize initialization strategies based on the actual population situation, adapting to changes in
different environments and conditions.

Moreover, the HBA has high computational efficiency, enabling it to find optimal solutions in a
relatively short time, thereby reducing human intervention and decision-making time. By automating
selection and optimization processes, the algorithm reduces human bias and errors, enhancing the
scientific rigor and rationality of population initialization. The HBA can also simulate individual
adaptability under different environmental conditions, helping to select individuals best suited to new
environments, thus improving the overall adaptability of the population.

The basic process of generating the coati initialization population using the Honey Badger
Algorithm is as follows:

a. Initialization phase

Generate an initial HBA population and optimize it to obtain a more optimal initial population.

i. Generate initial honey badger population

¢ A two-dimensional point set path = {P, P, ..., P, } represents a set of points on the path, where
P; = (xi,y1)-

* Set the start and end points: start_point = Py, end_point = P,,.

¢ Randomly insert points: Randomly select the remaining points and randomly insert them into a

certain position on the path until all points are inserted.

ii. Initialize each individual py in the population

* pk = {P, P2 Pes oo Pon—1,Pu}, where {Pyo, Pys, ..., Pr,y—1} are random permutations of
{P,, P;,...,P,_1}, and the population size is pop_size = N.

b. Defining intensity
Define the intensity I; as in Eq. (4).
Ii =r X ﬁ
S = |pxli+1] — pl]| @)
di = |gbest[i] - Pk[IH

where:

* 1y is a random number, uniformly distributed in (0,1).

S is the intensity.

px[i] is the i-th point of individual k.

* gpesr|i] is the i-th point of the global best position.

d; represents the distance between the global best position and the current point.

c. Simulation of honey badger foraging behavior

The process of updating positions is divided into two parts: the "digging phase" and the "foraging
phase," as shown in Eq. (5):

pk[i]’ _ {gbest[i] + ﬁ x I x gbestm + 71 X X dl' X ’COS(ZTCT;;) X [1 — COS(27U’4)]| if Te <05 (5)

8best|i] + 75 X a1 X dj else
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where:
® 4 is a constant.
® [(is a constant indicating the honey badger’s ability to obtain food.
* pili]’ represents the updated position.
® 1p,13,74,15,7¢ are random numbers between 0 and 1.
d. Fitness function
i. Curvature calculation
Calculate the curvature of every three adjacent points as in Eq. (6).
curvature; = 1 — Vi Vi1l (6)
villvil
where: v; = (Xi11 — X, Yit1 — i)
The total curvature is given by Eq. (7).
n—1
Local Curvature = Z curvature; (7)
i=2
ii. Smoothness penalty
The smoothness penalty is given by Eq. (8).
n—1
SmoothnessPenalty = Y second_dif f; 8)
i=2
where the second difference second_dif f; is calculated by Eq. (9):
second_dif fi = ||Piy1 — 2P + Pia|| = \/(xi+1 = 2x; + xi-1)% + (Yis1 — 2¥i +Yi-1)? ©)
iii. Fitness function
The fitness function is given by Eq. (10).
Fitness(py) = Local Curvature + SmoothnessPenalty (10)

e. Updating the honey badger population

Iteratively update each individual in the population, searching for better paths. In each iteration,
update the paths and calculate their fitness to find the current best path. The update rule is given by
Eq. (11).

Qpest =arg ~ min  Fitness(py) over generations (11)
prEpopulation
f. Initialization of COA population

Use the population generated by HBA as the initial population for COA.
Through the above steps, the HBA can effectively enhance the quality and efficiency of the initial
population.

4.2.2. Enhanced Path Update Rule

In the Bat Algorithm, the fixed parameter a; cannot adapt dynamically during the search process,
resulting in the inability to balance between global and local searches to find the optimal solution. This

d0i:10.20944/preprints202408.0453.v1
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might lead to a decline in search efficiency. Therefore, we adopt «ay, 77, and rg to balance the global and
local search, as illustrated in Eq (12):

prli] = prli] + a2 - 77 - (8pestli] — Pk[i]) + a2 - g - (rand — 0.5) (12)

where «; is shown in Eq. (13):

(13)

Qlog

X2 = Kmax — (D‘max - “min) :
where:

® Xmax is the initial maximum value of a,.

Xmin 18 the minimum value of a5.

g is the current iteration number, incrementing from 1 to G.
G is the total number of iterations in the algorithm.

17,1, population fitness standard deviation std_dev, and average population fitness F are defined

as shown in Eq. (14):
r7=rand- (14 %
rg =rand - 1+ %

std_dev = \/ N Lil (Fitness(py) — F)?
T = % Z}(\]:l Fitness(py)

(14)

In the early stages of the algorithm, a higher adaptive &y encourages extensive exploration,
covering a broader search space and aiding in escaping local optima. As the algorithm progresses, ap
gradually decreases, promoting fine-tuned exploitation and assisting in converging to the optimal
solution. The adaptive a; enhances the flexibility and precision of the search, leading to higher solution
quality, closer approximation to the global optimum, and faster convergence.

By employing standard deviation-based adjustments for r; and rg, the current population’s state
can be leveraged to optimize the search process. In regions with higher fitness, the search efficiency
increases, accelerating convergence and reducing the iterations needed to reach the optimal solution.
In areas of lower diversity, random perturbations help avoid local optima, improving the likelihood of
discovering the global optimum.

4.2.3. Dynamic Multi-Population Strategy

In the Bat Algorithm, as individuals converge prematurely near local optima, the population
may lack diversity, making it difficult to find the global optimum. A single population strategy can
lose balance between exploration (searching new solutions) and exploitation (using known good
solutions), resulting in a limited search space. Hence, employing a dynamic multi-population strategy
can enhance the optimization process by dividing the population into multiple sub-populations. Each
sub-population searches in different areas, increasing the probability of finding the global optimum.

a. Multi-Population Initialization

Divide the population into My sub-populations, each containing N, individuals:

population = {sub_pop,, sub_pop,, ..., sub_pop,, }

where sub_pop, represents the a-th sub-population, the total population size is N, and the size of
each sub-population sub_pop, is given by Eq. (15):

Ng = — (15)
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b. Updating Sub-Population Size

In generation g, dynamically adjust the current sub-population size M using the adjustment rule
in Eq. (16):

My = 1 ( M, i M, M — | £ M0 2 | ) (16)

where:

® Mmin: Minimum sub-population size
® Mmax: Maximum sub-population size
c. Selection of the Optimal Individual

Within each sub-population sub_pop,, identify the individual with the minimum fitness value,
as expressed in Eq. (17):

Pbest, = min  Fitness(py) (17)
prEsub_pop,
The global optimal individual is denoted by Eq. (18):

= min 18
Shest a1, Mo} Pbest, ( )

d. Individual Exchange Strategy

Every T iterations, perform an exchange of individuals between sub-populations. Let p; and
p: be individuals randomly chosen from sub-populations sub_pop, and sub_pop,, respectively. The
exchange rule is illustrated in Eq. (19):

(19)
sub_pop;, = sub_pop, U {px} \ {p:}

In the early stages of the algorithm, the number of sub-populations is approximately M, = 10,
each with a size of % = 100 individuals. This larger number of sub-populations maintains diversity

{sub_popu = sub_pop, U {p:} \ {px}

and helps to explore a broader search space, thus preventing premature convergence to local optima.
During the middle stages, the number of sub-populations gradually decreases to approximately
Mg = 6, each with a size of % ~ 167 individuals. As the number of sub-populations decreases,
the search transitions to a more focused phase, balancing exploration and exploitation. Adjusting
the sub-population size dynamically based on iterations ensures that the algorithm can efficiently
search in appropriate regions, enhancing flexibility and reducing the risk of local optima entrapment
through inter-sub-population exchanges every T = 10 iterations. In the final stages, the number of
sub-populations decreases to M, = 2, each with a size of N — 500, concentrating on fine-tuning the
optimal solutions, thereby improving the final solution quality.

4.2.4. Gradient Descent-Based Adaptive Guidance Strategy

In the Bat Algorithm, the optimization process relies heavily on global search and random
perturbations. This broad search in the solution space may slow down the convergence rate due
to a lack of precise local tuning, ultimately leading to suboptimal solutions in complex solution
spaces. To address this issue, a gradient descent-based adaptive guidance strategy can be employed.
This approach utilizes gradient information for fine-tuning local adjustments, swiftly steering the
search towards the optimal solution. The strategy provides directional information, guiding how to
adjust points on the path, reducing both total curvature and gradient penalties, thus avoiding local
optima and enhancing optimization precision. Compared to random perturbations, this directional
adjustment reduces unnecessary searches, accelerating convergence. The gradient descent-based
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adaptive guidance strategy smooths out the optimization process through continuous small-scale
adjustments, mitigating the disruptive effects of large random perturbations.

a. Fitness Function
For each point Py ; on the path of py, we define the fitness function Fitness(py ), which incorporates

both curvature and smoothness penalties, as shown in Eq. (20):

n—1
Fitness(py) = Z curvature; + second_diff; (20)
i=2

b. Gradient Calculation

To minimize the cost function Fitness(px[i]), we need to compute its gradient. We can calculate
the gradient of the curvature, curvature;, and the gradient penalty, second_diff;, for this purpose.

i. Gradient of the Curvature

First, we need to compute the gradients of v;_; and v;, and then use the chain rule to determine
the gradient of the curvature, as shown in Eq. (21):
dcurvature; _ d(1 —cos(6;)) _ dcos(;)

Vcurvature; = aP,, = aP,, = aP,, (21)

where the partial derivative of cos(6;) with respect to Py ; is given by Eq. (22):

dcos(6;) _ 9 (uv,»flnuvin) 22)
oPy ; oPy;

Due to the complexity of the calculation, we approximate the gradient numerically using the
central difference formula in Eq. (23):

curvature(Py; + €) — curvature(Py; — €)

Vcurvature; ~ % (23)
where € € (1076,107%).
ii. Gradient of the Smoothness Penalty
The gradient of the smoothness penalty is given by Eq. (24):
VSQCOI’ld_diffi = 4Pk,i - 2Pk,1',1 - 2Pk,i+l (24)

¢. Gradient Descent

By iteratively updating each point on the path to minimize the fitness function Fitness(py), the
updated path Py[i]’ is represented by Eq. (25):
Py[i]" = Py[i] — n(g) VFitness(pi[i]) (25)

where:
1. 7(g) is the exponentially decaying learning rate, defined by Eq. (26):

n(g) =mo-e ¥ (26)
with:
* 1jo: Initial learning rate

¢ A: Decay rate
¢ ¢: Current iteration number
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2. The gradient of the fitness function at each point is given by Eq. (27):

VFitness(px[i]) = Veurvature; + Vsecond_diff; (27)

By dynamically adjusting the learning rate, the amplitude of each point’s update on the path can
be controlled, allowing the path to converge quickly to an optimal solution. The gradient descent-based
adaptive guidance strategy can find relatively optimal solutions in fewer generations, thereby reducing
computation time.

In this study, four major improvements are introduced to the traditional COA, including the ini-
tialization of the bat population with honey hunting strategy, the advanced dynamic multi-population
strategy, and the gradient descent-based adaptive guidance strategy. Subsequently, a new COA variant,
named NACO, is proposed. The pseudocode for NACO is presented in Algorithm 2, and the flowchart
of NACO is illustrated in Figure 4.

Algorithm 2

1: Initialize various algorithm parameters, including a1, 8, Mo, Mmin, Mmax, G;
2: Initialize HBA path list;
3: for k from 1 to n do increasing n by 1 each time do

path_current = path;
Delete the first and last element of the path_current list;
for i from 2 to n — 1 do increasing t by 1 each time do

t < randomly generate, and the range of t is between [1,n — i;
pli] = path_current[t], and py is a member of populations;
9: Delete path_current|t|;
10: Update the points in the path according to Eq. (5);
11:  end for
12 Calculate the fitness function according to Eq. (6), Eq. (7), Eq. (8), Eq. (9), Eq. (10);
13:  Find the current optimal path according to Eq. (11);
14: end for
15: Initialize NACO path list = HBA path list, Mg = My, Ny = 25, t = 0, 10
16: for ¢ from 1 to G do increasing G by 1 each time do ¢

17:  The number of subpopulations My was updated according to Eq. (16);
18:  population.clear();
19:  fora from 1 to Mg do increasing Mg by 1 each time do

20: sub_popg.clear();

21 for k from 1 to N do increasing N, by 1 each time do

22: t=t+ 1;[ |

23: sub_popalk| = pg;

24: Pr = subu_popa ﬁc],

25: for i from 1 to 50 do increasing 50 by 1 each time do

26: Update the path according to Eq. (12), Eq. (13), Eq. (14);

27: Gradient descent strategy is adopted to update the path according to Eq. (25);
28: end for

29: end for

30: Calculate the fitness function according to Eq. (6), Eq. (7), Eq. (8), Eq. (9), Eq. (10);
31: Individual pp,s;, with the least fitness is found in sub_pop, according to Eq. (17);

32: population.append(sub_pop,);
33 end for
34:  if g%T == 0 then

35: Exchange two random individuals of two random sub_pop according to Eq. (19);
36:  end if

37:  The global optimal individual g is found according to Eq. (18);

38: end for

39: Output the final optimal path.
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‘ Initialize various algorithm parameters, including populations, as, 8, Mo, Muin , Mmax, G ‘

v

‘ Initialize HBA path list ‘

v

‘ Delete the first and last element of the path_current list }4—

Randomly insert the remaining waypoints into the population py[i], i + 1 ‘

v

‘ Update the points in the path according to Eq. (5) ‘

Y Ifi<n-1

N
‘ Calculate the fitness function according to Eq. (6), Eq. (7), Eq. (8), Eqg. (9), Eq. (10), k + 1 ‘

v

‘ Find the current optimal path according to Eq. (11) ‘

Ifk<n Y:

N
A 4

‘ Initialize NACOA path list = HBA path list, Mg= My, t = 0, population list, 1o ; ‘

v

‘ The number of subpopulations was updated according to Eq. (16); }4—
—>{ Divide the sub-populations Ng according to Eq.(15), k + 1 }4—

v

Update the path according to Eq. (12), Eq. (13), Eq. (14),i+1 ‘

v

‘ The gradient descent strategy is adopted to update the path according to Eq. (25) ‘

‘ Calculate the fitness function according to Eq. (6), Eq. (7), Eq. (8), Eq. (9), Eq. (10) ‘

‘ The individual with the least fitness is found in according to Eq. (17),a+ 1 ‘

>

z

‘ Exchange two random individuals of two random subpopulations according to Eq. (19)

v

‘ The global optimal individual is found according to Eq. (18),g + 1

Ifg<G Y
N
A 4

Output the final optimal path

End

Figure 4. The flow chart of NACOA.


https://doi.org/10.20944/preprints202408.0453.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 August 2024 d0i:10.20944/preprints202408.0453.v1

17 of 24

5. Experiments

We evaluated our proposed hybrid network model and its four constituent base models using
various performance metrics. For the unsmoothed paths identified by model features, we applied
mean filtering, Bezier curve fitting, and NACOA according to the level of roughness. This chapter
presents the network experiments, results, and optimization experiments and results.

5.1. Network Experiments and Results

5.1.1. Network Architecture

The structure of the hybrid network model MCRL, which combines the base neural network
models MLP, CNN, RNN, and LSTM with a linear attention mechanism, is shown in Figure 5.
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=55~
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| Relu —}@—} RNN
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Figure 5. MCRL network model structure.

The model employs a decay function to initialize the optimizer with a learning rate, starting at
0.01, decaying by 10% every 1000 steps. The input vector size is 50 x 2, which is initially divided into
four branches and processed through linear transformations.

The first branch utilizes the ReLU linear attention mechanism to process data, which is then
fed into the MLP. Initially, the two-dimensional output vector is flattened using TensorFlow’s flatten
module into a one-dimensional vector of size 100 x 1. This vector is then passed through four hidden
layers with 128, 64, 32, and 16 nodes, each followed by a ReLU activation function, finally transforming
the output vector to a size of 16 x 1. It then passes through a hidden layer with 4 nodes and a Softmax
activation function to produce the output.

The second branch downsamples the data, converting the two-dimensional output vector to a
size of 30 x 2. After processing with the ReLU linear attention mechanism, the data is fused with the
MLP output and fed into the CNN unit. It first passes through a 3 x 3 convolutional layer with 32
kernels, followed by a 2 x 2 max-pooling layer, resulting in an output vector of size 15 x 32. This is
followed by a dropout layer with a default probability of 0.2, then flattened to a 480 x 1 vector. The
vector is then passed to a hidden layer with 512 nodes using ReLU activation and finally through a
hidden layer with 4 nodes using Softmax activation to produce the output.
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The third branch downsamples the data, converting the two-dimensional output vector to a size
of 20 x 2. After processing with the ReLU linear attention mechanism, the data is fused with the CNN
output and fed into the RNN unit. It passes through three hidden layers with 128, 64, and 64 nodes, the
third layer returning only the last timestep output, resulting in a 64 x 1 vector, each followed by a Tanh
activation function. Finally, it passes through a hidden layer with 4 nodes using Softmax activation to
produce the output.

The fourth branch downsamples the data, converting the two-dimensional output vector to a size
of 10 x 2. After processing with the ReLU linear attention mechanism, the data is fused with the RNN
output and fed into the LSTM unit. It passes through three hidden layers with 64, 32, and 32 nodes, the
third layer returning only the last timestep output, resulting in a 32 x 1 vector, each followed by a Tanh
activation function. Finally, it passes through a hidden layer with 4 nodes using Softmax activation to
produce the output.

The outputs of the four branches are finally fused and output through linear transformation.

5.1.2. Experimental Results

The dataset used consists of G-code for machining gears of aerospace transmission devices, with
the model classifying the paths in the dataset. Table 2 and Figure 6 present the performance and error
analysis of our hybrid network model. The accuracy rates for MCRL, MLP, CNN, RNN, and LSTM are
95.56%, 90.09%, 92.76%, 92.34%, and 94.32%, respectively; precision rates are 94.9%, 87.72%, 93.6%,
93.23%, and 92.94%; recall rates are 94.14%, 87.3%, 89.61%, 87.56%, and 91.34%; and AUCs are 98.17%,
95.55%, 93.61%, 96.02%, and 94.88%. Among all models, MCRL performs the best, with an accuracy of
95.56%, precision of 94.9%, recall of 94.14%, and AUC of 98.17%.

Similarly, the losses for MCRL, MLP, CNN, RNN, and LSTM are 12.44%, 28.92%, 14.86%, 22.67%,
and 15.98%, respectively. Among all models, MCRL has the lowest loss at 12.44%.

Table 2. Performance comparison of different network models.

Network Models Accuracy Loss Precision Recall AUC

MCRL 95.56 12.44 949 94.14 98.17
MLP 90.09 28.92 87.72 87.3 95.55
CNN 92.76 14.86 93.6 89.61 93.61
RNN 92.34 22.67 93.23 87.56 96.02
LSTM 94.32 15.98 92.94 91.34 94.88
100
MCRL MLP CNN RNN LSTM
98 1
96 -
3 %
E o
@
2 901
5 88
-
86
84
82 T T T T
Accuracy Precision Recall AUC

Performance Metrics

Figure 6. Performance comparison of different network models.
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Figure 7 illustrates the accuracy and loss graphs for all models. As the number of epochs increases,
accuracy rises while loss decreases. Below is a brief analysis of all accuracy and loss graphs:

* MCRL: In Figure 7(a), the training and testing accuracies are smooth and close, with training
accuracy nearing 97.89% and testing accuracy around 95.56%. Figure 7(b) shows that the training
and validation error rates are also close, with training error near 7.16% and validation error
around 12.44%.

* MLP: Figure 7(c) shows that the training and testing accuracies are not smooth, with training
accuracy around 90.74% and testing accuracy about 90.09%. Figure 7(d) indicates a considerable
difference between training and validation error rates, with training error close to 24.01% and
validation error about 28.92%.

¢ CNN: In Figure 7(e), the training and testing accuracies are somewhat close, with training
accuracy around 93.21% and testing accuracy about 92.76%. Figure 7(f) demonstrates that the
training and validation error rates are also somewhat close, with training error near 12.79% and
validation error around 14.86%.

¢ RNN: In Figure 7(g), the training and testing accuracies differ slightly, with training accuracy
near 93.37% and testing accuracy around 92.34%. Figure 7(h) shows a considerable difference
between training and validation error rates, with training error near 17.61% and validation error
about 22.67%.

¢ LSTM: In Figure 7(i), the training and testing accuracies are very close, with training accuracy
around 94.92% and testing accuracy about 94.32%. Figure 7(j) reveals that the training and
validation error rates are also close, with training error near 13.02% and validation error around

15.98%.
Train Train
1. 00 7 Test 0.6 - Val
0.5
0. 96
0.4
g ;
S 0,024 £0.34
] -
<
0.2
0. 55
01
084 T T T T 1 0.0 T T T T 1
o 100 200 300 100 500 0 100 200 300 100 500
Epoch Epoch
(a) Accuracy of MCRL model (b) Loss of MCRL model
Train Train
0.92 5 Test Val
0.64
0. 590 -
0.5
fy
S 0,53 B
"; =, 14
0. 56 0.3
.81 T T T 1 0.2 T T T T T 1
0 100 200 300 100 500 0 100 200 300 100 500
Epoch Epoch

(c) Accuracy of MLP model (d) Loss of MLP model


https://doi.org/10.20944/preprints202408.0453.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 August 2024

d0i:10.20944/preprints202408.0453.v1

0.96

0.92

Accuracy
e
»
8
|

0. 84

Train
Test

0.96 7

0.92

Accuracy
e
P
&
|

e

%

kS
L

0.80

T T T
0 100 200 300 400 500
Epoch

(e) Accuracy of CNN model

Train
Test

0.96

0.92

curacy

0.88

C

A

0.84

T T T T 1
0 100 200 300 400 500
Epoch

(g) Accuracy of RNN model

Train
Test

T T T
0 100 200 300 400 500
Epoch

(i) Accuracy of LSTM model

0.6

20 of 24

Train
WVal

0 100

T T J
200 300 100 5000
Epoch

(f) Loss of CNN model

Train
Val

0.79
0.6
0.5
§ 0.4
d
0.3 “‘
N\
0.2 ™
0.1 T T T T T 1
0 100 200 300 400 500
Epoch
(h) Loss of RNN model
Train|
0.6 Val
0.5
0.49
@ 0.3
-
0.2
0.1
0.0 T T T T T 1
0 100 200 300 400 500
Epoch
(j) Loss of LSTM model

Figure 7. Training results of network model.

After a comprehensive analysis of all performance metrics, we conclude that among the provided
deep learning network models, MCRL exhibits the best performance and the lowest error rate. The
results indicate that MCRL has the highest overall performance, with an accuracy rate of 95.56%.
Among the proposed models, MCRL also boasts the highest precision, recall, and AUC.

We randomly selected four curves from the dataset based on categories and examined the classifi-
cation accuracy within the network. Green lines indicate correct classifications, while red lines denote

incorrect classifications, as shown in Table 3.
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Table 3. Classification results of random curves by different network models.

Category 1 Category 1 Category 1 Category 1

MCRL

MLP

CNN

RNN

LSTM

The analysis reveals that the MCRL model has the best overall classification effect, achieving a
perfect classification for all curves. In contrast, the MLP, CNN, RNN, and LSTM models each exhibited
one misclassified curve within the given set.

In summary, MCRL combines the strengths of MLP, CNN, RNN, and LSTM, significantly enhanc-
ing the overall performance of the model, making it the most effective deep learning network model
for the given task.

5.2. Optimization Experiments and Results

Figure 8 illustrates the optimization of randomly selected paths with different degrees of rough-
ness using mean filtering, Bezier curve fitting, and NACOA. Figure 9(a) compares the curves before and
after optimization using mean filtering, showing a curvature reduction of 54%. Figure 9(b) compares
the curves before and after optimization using Bezier curve fitting, showing a curvature reduction
of 67%. Figure 9(c) compares the curves before and after optimization using NACOA, showing a
curvature reduction of 78%.
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Figure 8. Path optimization results.

Overall, the optimized curves significantly improve the smoothness of the machining model,
effectively reducing machine tool vibrations.

6. Conclusions

This paper introduces a deep learning method for feature recognition of unsmooth paths, employ-
ing filtering, fitting, and the proposed NACOA to address sharp corner issues based on the degree of
roughness. The MCRL deep learning network model integrates MLP, CNN, RNN, and LSTM models
along with a linear attention mechanism. We evaluated the model’s performance using various metrics
to demonstrate its substantial advancements. Experimental validation on a gear machining G-code
dataset proved the proposed model’s high efficacy in accurately identifying unsmooth paths, achieving
a classification accuracy of 95.56%. In four randomly selected path curves, MCRL achieved perfect
classification, while other models exhibited varying degrees of misclassification. Further research
indicates that MCRL surpasses its constituent models in terms of precision.

We anticipate that the developed model and algorithm can be implemented in machining envi-
ronments to more accurately identify and optimize unsmooth paths. Depending on the identified
degree of path roughness, we utilized mean filtering, Bezier curve fitting, and NACOA for sharp
corner recognition. Visual comparisons show that the optimized paths are smoother than the original
paths, effectively reducing machine tool vibrations.

In the future, we plan to adopt more advanced deep learning network integration techniques and
optimization algorithms, incorporating a broader range of workpiece machining G-code datasets to
further refine our proposed MCRL model and NACOA optimization algorithm. Additionally, we aim
to apply interpretable Al techniques to gain deeper insights into the decision-making processes of the
MCRL model and NACOA optimization algorithm, thereby enhancing the accuracy of unsmooth path
recognition and the smoothness of algorithm optimization.
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