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Abstract

To address the demand for efficient and automated removal of surface crack defects in
special steel bars, this paper proposes a grinding path planning method based on hybrid
ACO-SA optimization. A geometric model of surface cracks is established, and the key
factors influencing grinding efficiency are analyzed. Crack defects are represented as line
segments with defined start and end coordinates, which effectively preserves defect
continuity and overcomes the limitations of scattered point-based representations. To
enhance optimization performance and avoid premature convergence, a task-oriented
grinding path planning framework based on a hybrid ant colony optimization (ACO) and
Simulated Annealing (SA) strategy is developed, combining the global search capability
of ACO with the local optimization strength of SA. Experimental results for 10 m long
special steel bars containing 100 randomly distributed cracks demonstrate that the
proposed method achieves an average planning time of 9.4 s and a maximum path
fluctuation of 324 mm, ensuring both computational efficiency and path stability.
Validation using real surface defect data further confirms the effectiveness and
practicality of the proposed approach for industrial grinding applications. The proposed
method provides an effective solution for automated grinding of surface cracks in special
steel bars and offers practical potential for automated defect repair in the steel
manufacturing industry.

Keywords: special steel bars; surface crack grinding; ant colony optimization; simulated
annealing; grinding path planning

1. Introduction

With the increasing automation of the iron and steel industry, automatic monitoring
and defect treatment in the rolling process have become important approaches for
improving product quality and production efficiency. As an extension of the rolling
process, the intelligent grinding of bar surface defects is one of the key technologies to
realize the closed-loop control of intelligent manufacturing. If the crack defects formed in
the process of continuous casting and rolling cannot be removed in time, it will not only
affect the quality of subsequent processing, but it may also lead to structural failure in the
service stage. Therefore, finding a way to realize the accurate detection and efficient
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grinding of surface crack defects of special steel bars has become an important research
direction in the field of intelligent manufacturing. Grinding is an important means to
remove surface crack defects in special steel bars. However, the current mainstream
grinding methods are still based on manual observation and manual operation, resulting
in low production efficiency, which not only aggravates the harsh environment of the
production workshop, but also has potential safety hazards in the operation process. The
debris generated during the grinding process may cause damage to the operator.
Therefore, the special steel bar finishing line urgently needs to be equipped with fully
automated grinding devices and corresponding path planning methods to meet the
urgent needs of modern production lines for high stability and high automation level [1,2].
In recent years, with the development of industrial robots, image recognition and path
planning technology, automatic grinding systems based on visual recognition and
numerical control have gradually become the mainstream solution. In these systems,
although the identification of crack defects can rely on image or infrared information for
more accurate positioning, the optimization of the grinding path still faces challenges.

In recent years, the application of industrial robots in complex surface grinding
operations has become increasingly in-depth, in which trajectory planning and contact
force control are the key factors affecting the quality of grinding. Foreign countries started
earlier in this field, and related research has been relatively mature, and a lot of systematic
work has been carried out. Chen and Tung [3] proposed a strategy that can flexibly plan
the trajectory in the constrained surface. The trajectory of the manipulator is compensated
in real time by the geometric projection method, and the automatic deburring operation
of the unknown shape parts is realized. Chiddarwar and Babu [4] constructed a path
modification mechanism for multi-robot conflict-free coordinated motion, which
significantly improved the stability of parallel processing. Lv et al. [5] designed an
adaptive trajectory planning algorithm based on residual height, considering the elastic
deformation of the interface between the contact wheel and the workpiece, which
effectively improved the grinding accuracy of the robot. In addition, the reverse
compensation mechanism of tooth profile error proposed by Xiao [6] and the automatic
grinding system constructed by Cheng [7] have also achieved good results in trajectory
adaptability and geometric error compensation.

In China, although work in this field started late, it has gradually formed a systematic
research system. Zhou Wei et al. [8] developed a PLC-based automatic rod grinding
electronic control system, which realized the unmanned operation of the grinding station.
Zhang [9] built an experimental platform for constant force grinding of industrial robots
through force control algorithm, which improved the grinding stability. The force-
position separation control strategy proposed by Yu [10] further enhances the flexibility
and response capability of the system. Li [11] and Zhou [12] have made practical progress
in automatic grinding control platforms and dual-robot cooperative grinding systems
respectively, which provides technical support for complex workpiece surface feature
extraction and trajectory generation. However, most existing studies focus mainly on
grinding control strategies, such as force control and trajectory tracking, while the path
planning problem for efficient removal of multiple surface cracks has received relatively
limited attention. In particular, existing path planning methods are generally designed for
point targets or regular geometric features, which may not fully consider the continuity
of crack defects and the curved surface characteristics of special steel bars. Figure 1
illustrates the surface defect image acquisition and robotic grinding system considered in
this study. Based on the detected crack locations, this work focuses on grinding path
planning for the efficient removal of multiple surface defects on special steel bars.
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Figure 1. Schematic of the surface defect image acquisition and robotic grinding system for special

steel bars.

The planning problem of grinding path is essentially a path optimization problem.
The difference is that the crack defects on the surface of the bar are usually manifested as
line segment targets, and the path planning needs to meet the premise of complete
coverage of cracks, that is, all positions of each crack need to be traversed, and the path
should be as short as possible to improve the grinding efficiency and reduce energy
consumption. In the face of complex situations such as irregular defect distribution and
large number of defects, with the traditional order algorithm, it is difficult to achieve the
high-quality optimized path, so it is necessary to introduce more adaptive and intelligent
optimization methods.

Unlike conventional node-based path planning methods, the proposed framework
models each crack defect as a continuous line segment rather than a collection of discrete
independent points. This representation better reflects the geometric characteristics of
actual crack defects, preserves crack continuity, and enables complete traversal of each
crack from one endpoint to the other. Furthermore, considering the cylindrical geometry
of the bar surface, the transition distance between different cracks is calculated based on
the surface distance rather than the planar Euclidean distance, thereby improving the
accuracy of path optimization for cylindrical grinding tasks.

To address the above challenges, this paper focuses on the representative crack
grinding task of special steel bars in industrial applications and proposes a path
optimization modeling method for crack defects. By representing each crack defect as a
line segment defined by its start and end coordinates, an equivalent traversal path model
is established, effectively overcoming the path jump problem commonly encountered in
traditional point-based models. Based on this model, a hybrid grinding path optimization
strategy integrating the ant colony algorithm and simulated annealing algorithm is
developed, and nested and sequential fusion approaches are investigated. The proposed
method improves path quality and computational efficiency while enhancing algorithm
stability. It provides an effective solution for crack grinding tasks in the post-rolling
process of special steel bars and contributes to the intelligent development of surface
defect treatment in rolling manufacturing.

2. Efficiency Analysis and Modeling of Grinding Trajectory
2.1. Analysis of Grinding Efficiency of the Special Steel Bar

The crack defects on the surface of the special steel bar are mainly linear cracks and
slightly curved linear cracks. Due to the complexity of processing technology and the
influence of material properties, the size, number and distribution of cracks have strong
randomness. Therefore, under the condition of uncertain crack distribution, reasonable
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planning of defect grinding path and determination of efficient grinding sequence are the
key to improve grinding efficiency and realize automatic operation.

A grinding wheel is mounted at the end-effector of the six-degree-of-freedom manip-
ulator, and the entire manipulator moves along a linear guide rail to perform surface de-
fect grinding on the bar. As shown in Figure 1, the grinding platform mainly relies on the
rotation of the bar and the translation of the robot to achieve defect positioning and sur-
face grinding. Therefore, the efficiency of grinding depends on the defect positioning
speed of the control system and the grinding processing speed of the defect. The position-
ing defect speed of the control system is determined by the rotation speed of the bar and
the no-load running speed of the robot arm. The control system can be simplified as a two-
axis control system. This two-axis control system is generally realized by linkage interpo-
lation, so the linkage of the two axes can be equivalent to a motion process. The accelera-

tion in the acceleration process of defect location is 4 , the acceleration in the deceleration
process of defect location is _aL, and the speed in the constant speed process of defect
location is L. The acceleration of the defect grinding acceleration process is aG, the ac-
celeration of the defect grinding deceleration process is _aG, and the speed of the defect

grinding uniform process is Y6 In order to better plan the grinding path, the path plan-
ning model will be further simplified. For the same grinding equipment, when grinding
each defect, the pressing and lifting time of the grinding head is a fixed value, which is
the necessary time for the grinding process. It is impossible to improve the grinding effi-
ciency by compressing this time. Therefore, this time is not considered in the grinding
path planning.

In general, the conventional grinding process of a defect i is: starting from the end

‘ <

point of i — 1 defect grinding, starting with acceleration 4, reaching speed Vi (VL’ =V
) over time Luii ; if Vi =V , then L =y , and moving L1 at speed Vi , starting to de-

celerate at acceleration £, over time /3, reaching the starting grinding position; if
Vv, <V . . . . .
L =7L  that is, there is no uniform speed process, directly starting to decelerate at an
acceleration of %, over time %%, reaching the defect i grinding position; without any
o ! Vi Vg SV,

pause, the grinding can be started at acceleration ¢, and the speed reaches ¢ (¢ = °C
ime Lo 1f Va =Ve Lo =l indi ime G2 Ve

) after time ~C7 . If , then "¢f , and after grinding for time "¢? at speed
, it begins to decelerate at acceleration ¢, and the current defect grinding is completed

. Les Ve, <V, . . . o o1

after time ©% . If "¢ " °C thatis, there is no uniform grinding process, it directly starts

to decelerate at acceleration ¢, and the current defect grinding is completed after time

Lo ; after that, without any pause, the defect i + 1 is located directly in the above way.

_9 a, _
DLi - 7&1 TV LtV _7&3 Vi =V
— a, » a, »
DL, = 7Z m T A3, _?tmm Vim <VL
1
DG, =452 1y oy 6 = W
j 7 Gl VGGZj Velgs — 7 G3 ij_VG
a a
_Ys 2 G 2
DG, = 7t i T A6lg1taan _?th Von < Ve
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t,,+1,,,=DL /v, V.=V,

Lim —«/DL /a, V., <V,

T DG /vg VGj =V, &)
L1 =VDG /ag Veu =Vs

Ny Ngr Nip Ngr

T= Z(tu"'th,) Z(tG1+thj)+Ztle+ztGln

i=1 Jj=1 m=1 n=1

3)
:—ZT:DL+ ZDG +\/7Z\/E+\/CTZ\/DiG,1

lel Gjl

When "5 =L the positioning path length of the i-th defect is oL ;when ‘9 =6,

DG,
the grinding length of the j-th defect is G ; when Vim <VL, the location path length of

the m-th defect is DL, ; when K <VG, the grinding length of the n-th defect is DG, .
These length values can be calculated by Equation (1), because the acceleration values of
the acceleration and deceleration process of defect positioning and grinding are equal and

:th, Lom :th’nI I :tL3’ Lo :tG3, VL :aLtu, Vo =gl

, then Equation (1) can be rewritten as Equation (2). The total time of the current bar grind-

T L1
opposite in direction, soif "

ing can be calculated by Equation (3), where Ny is the total number of defects with a

Vi 2
defect location path greater than or equal to "~/ / is the total number of defects

VGGI/2 Ny

with a defect length greater than or equal to is the total number of defects

with a defect location path less than Villy / 2, and NGF is the total number of defects with

a defect length less than Vilei / 2.
It can be seen from Equation (3) that when the grinding system gives the values of

VL , VG, 4 and aG, the total grinding time T is only related to the sum of the defect loca-

tion paths and the total length of the defect. Therefore, the grinding efficiency of the bar
is equivalent to the shortest grinding path from the shortest grinding time. Therefore,
when planning the grinding path, the smaller the sum of the grinding paths, the higher
the grinding efficiency. Furthermore, the path planning model can be equivalent to the
problem of planning the grinding sequence of the grinding wheel at the end of the ma-
nipulator along the circumference of the bar with random size and random number of
defects.

2.2. Construction of Crack Defect Model of the Special Steel Bar

During bar grinding, although there are many kinds of grinding trajectories, such as
straight line, wide curve, oblique curve, etc., they can be regarded as the traversal process
from the starting point S of crack defect to the endpoint E in essence. Although the inter-
mediate grinding method affects the grinding of a single crack, it has little effect on the
overall multi-defect grinding path planning. Therefore, in order to simplify the model, all
the grinding trajectories are uniformly equivalent to an ideal single traversal process from
S point to E point, which is convenient for global path optimization and planning.

Ah=|z,-z)| (4)
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y.
6. = arctan —
, "+ ©)
y.
0, = arctan x—j/ (6)
_ r+(0.-6). 0.-0]<7 )
r*‘27z’—|6’l.—9j , others
S(P.P)=NAR +AS (8)

In order to realize the path optimization planning of surface crack defects of special
steel bars, the geometric characteristics of cracks need to be modeled abstractly. Due to
the regular cylindrical structure of the bar, the surface cracks are distributed on the surface
of the three-dimensional space, showing certain randomness and local linear characteris-
tics. In order to accurately calculate the shortest path distance along the surface between
any two points on the cylindrical surface, as shown in Figure 2, firstly, two points Pi and
Pjare taken on the cylindrical surface, and the height difference Ah between the two points
is calculated by Equation (4). The angle between the projection point and the X axis on the
coordinate plane XOY is calculated by Equations (5) and (6) respectively. Then the arc
length projected on the plane XOY between two points is obtained by Equation (7). Fi-
nally, the parameters are substituted into Equation (8) to obtain the shortest arc length
between any two points on the cylindrical surface.

VA
. As=16,-0,] r
Ah=|zi—zj|

S(B,P) =\ AR + As*

Figure 2. The calculation principle of the shortest distance along the arc surface between any two

points.

2.3. Calculation of the Distance Matrix Between the Endpoints of the Crack Line Segment

When generating the distance matrix D, the following operations are used: first, all
points are numbered, the starting point is No. 1, the first endpoint of the first defect line
segment is No. 2, the second endpoint of the first defect line segment is No. 3, and the first
point of the second line segment is No. 4. By analogy, the relationship between each defect

. . . . . L
line segment and the number is obtained, as shown in Equation (9), where " represents
the n-th defect segment, N, represents the number of the first endpoint of the n-th defect

+1 .
segment, and then N, represents the number of the other endpoint of the #n-th defect
segment.

https://doi.org/10.3390/app16157858
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L,=N,/2 )

The distance matrix D can be calculated by Equation (10), where A and B are
weighting parameters. Parameter A represents the penalty coefficient for infeasible or un-
reasonable transitions during path planning, while parameter B represents the weighting
coefficient of the actual cylindrical surface distance between two points. The values of A
and B are determined according to the requirements of path feasibility and grinding effi-
ciency. S(P; Pj) represents the length of the arc along the surface of the bar from the i-th
point Pi to the j-th point P;, which can be calculated by Equation (8).

A, i=J
D(i,j)=1B, i#ji=lj=1(i/2=(j-1)/2 or j/2=(i-1)/2) (10)
S(B,Pj), others

3. Proposed End Face Attitude Detection Algorithm for Special Steel
Bar

Ant colony optimization (ACO) [13,14] and simulated annealing (SA) [15,16] are heu-
ristic optimization algorithms with advantages such as strong global search capability,
high efficiency in solving large-scale problems, low dependence on initial conditions,
strong adaptability, and good robustness. These two types of optimization algorithms are
widely used to solve various optimization problems, including the traveling salesman
problem [17], path planning [18,19], scheduling [20,21], and fault diagnosis [22,23].

3.1. Problems of Existing Optimization Algorithms

For bar defect line segments, if they are modeled as a collection of discrete points,
each line segment is sampled at a certain interval. Consequently, all defect line segments
are converted into a set of points that must be traversed during the grinding process, and
this point set is then used for path optimization. The optimization algorithm is then used
to determine an optimized grinding path. However, if the distance between the points of
the defect line segment is too large, the line segment characteristics of the defect cannot
be reflected. If the interval is too small, the number of points that need to be planned will
be greatly increased, and the calculation amount will increase exponentially, which will
lead to a significant increase in the calculation time, which is not conducive to the real-
time requirements in the actual production process. During path planning, if two defect
line segments on the circumferential surface are close to each other and their spacing is
smaller than the sampling interval within a single line segment, incorrect path planning
results may be generated. Therefore, it is necessary to find a better solution. The mostideal
defect model is to make the crack defect have both the starting and ending position infor-
mation without losing the line segment characteristics, that is, the defect line segment is
regarded as a whole with two coordinate points to achieve the purpose of finding the
near-optimal grinding path.

However, in the process of applying the ant colony algorithm and simulated anneal-
ing algorithm, although the reward factors A and B in Equation (10) are adjusted for many
rounds, the path search is still based on the distance between points, and the connectivity
between the two ends of the crack line segment is not effectively considered. Figure 3
illustrates the simulation results with both A and B set to zero. It can be observed that the
optimized paths tend to align with the defect line segments, indicating that the proposed
method is capable of effectively guiding the path planning toward the defect regions. Nev-
ertheless, some defect segments remain untraversed, as highlighted by the red circles.
Such point-based modeling approaches may result in incomplete coverage of crack
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regions, especially when multiple cracks with different lengths and spatial distributions
are involved. The lack of structural constraints on crack geometry can lead to path mis-
judgment and omission, resulting in inefficient or even invalid grinding paths. Therefore,
it is necessary to develop a more reasonable crack structure representation and a task-
oriented path generation mechanism to improve the accuracy and coverage completeness
of crack grinding path planning.
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Figure 3. The planning results after modifying the distance matrix: (a) the results of the ant colony

algorithm; (b) the results of the simulated annealing algorithm.

To address these issues, the proposed optimization framework incorporates the
structural characteristics of crack defects into both the path representation and optimiza-
tion process. At the algorithmic level, the proposed ACO is specifically designed to opti-
mize both the visiting sequence of cracks and the traversal direction of each crack seg-
ment. Meanwhile, the SA neighborhood operations, including crossover, reversal, and in-
sertion, are conducted on complete crack segments rather than on individual discrete
points. This task-oriented optimization strategy enables the proposed framework to better
satisfy the requirements of complete crack coverage and efficient path planning, thereby

https://doi.org/10.3390/app16157858
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distinguishing it from conventional hybrid ACO-SA approaches that are primarily based
on point-level path optimization.

3.2. Improved Ant Colony Path Planning Algorithm

Based on the original ant colony algorithm, the path selection strategy of ants is im-
proved to ensure complete traversal of all defect line segments. Whenever an ant selects a
point, the other endpoint of the corresponding defect line segment is identified according
to the selected point, and the ant is forced to traverse this endpoint as the next target point.
The ant actually selects a line segment each time, but which point of the two endpoints of
the defect line segment is selected according to the ant colony algorithm under the action
of pheromone and heuristic function iterative optimization. In this way, at the algorithm
level, it is ensured that the planned path will pass through all the defect lines, thus meet-
ing the basic requirements of the algorithm. The specific implementation steps are as fol-
lows:

(1) Initialize the parameters of ant colony algorithm, the number of ants m, the number
of iterations N, the pheromone constant Q, the pheromone factor «, the heuristic func-
tion factor  and the pheromone volatilization factor p; at this time, the pheromone

amount of each path is equal, the pheromone b (0) - 0, and the pheromone incre-

ment AT; (O) N 0;

(2) Set the starting point of each ant, gradually generate the tabu table tabu, and the set

to be accessed A(k) - {C—tatuk } , and update the number of iterations /=1’ +1.
(3) Calculate the transition probability of the current ant according to Equation (11), and

taby,

update k and A(k) ; then, an endpoint A of the defect line segment L is selected
p P g

according to the transition probability, and the ant is forced to traverse another end-
k

. . P (t
point B of L along L, and so on to access the defect line segment. Where 7 ( ) de-
notes the state transition probability of ant k from element i to element j at time ¢;

A(k)={C—tatu, |

where denotes the path that ant k allows to select next, C is the set

()=1/d, . - . d; . .
of all paths; Ty ( ) / ¥ is the heuristic function, and 7 is the distance between
two elements. The heuristic function represents the expected degree of ants from el-

. ) .

ement i to elementj. 7 ( ) denotes the amount of pheromone at time f, @ and § de-
note the relative importance of pheromone and expected heuristic factor, respec-
tively.

w2 (0 (1) e 4l
Py (1)=92 a7 (0] (1) (11)
0, others

(4) Update ants k =k + 1, repeat step (3) until all ants traverse all element points;
(5) Calculate the traversal path length of each ant and generate pheromone increment

Ar,.f.;
6) Update the pheromone i (t), turn to step (2) until the maximum number of itera-
p P p

. i . . oo . .
tions ™ ijs reached, and the optimization result is obtained.

3.3. Improved Simulated Annealing Path Planning Algorithm

During the new solution generation process of the simulated annealing algorithm, if
the operation is still performed on individual points, the resulting path cannot be

https://doi.org/10.3390/app16157858
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guaranteed to traverse all defect line segments. Therefore, the point-based operation

should be replaced by a line segment-based operation to ensure the continuity between

the two endpoints of each defect line segment. The improved steps of the simulated an-

nealing algorithm are as follows:

ey

()

©)

(4)

Initialize the parameters of simulated annealing algorithm, initial temperature T, ter-
mination temperature Tend, number of iterations N and cooling rate factor a. The
initial solution is generated: set the starting point of simulated annealing — select the
unvisited defect line segment L — randomly select one endpoint A of L as the starting
point of the defect where it is located, and the other endpoint B of the L defect line
segment is directly set to the next traversal point — until all defects are accessed, and
the initial solution is generated; calculate the initial solution path length Dc;
Generate a new solution from the current solution: Randomly select one of the cross-
over, reversal, and insertion transformation methods, generate a new solution based
on the current solution, and calculate the new path distance Dy; the specific methods
of crossover, reversal, insertion and other transformations are as follows:

1) Crossover transformation: Two defect line segments are randomly selected for
exchange without changing the access order of the defect endpoints. For exam-
ple, the results of randomly selecting line segments (42, 43) and line segments
(a8, a9) for exchange are: (al, (a2, a3), (a4, a5), (a6, a7), (a8, a9))—(al, (a8, a), (a4,
ab), (a6, a7), (a2, a3)).

2) Reversal transformation: The line segments between two line segments are ran-
domly selected for reversal operation. For example, line segments (a2, a3) and
line segments (a6, a7) are randomly selected. The results of the reversal of the
line segments between the two are: (al, (a2, a3), (a4, a5), (a6, a7), (a8, a9)) — (al,
(a7, ab), (a4, a5), (a3, a2), (a8, a9)).

3) Insertion transformation: Randomly select two line segments for insertion trans-
formation. For example, randomly select line segments (a4, 45) and line seg-
ments (a8, 19), and insert the line segment at the back of the line segment at the
front of the line segment, that is, the line segment (48, 49) is inserted behind the
line segment (a4, 45), and the other line segments are followed by (48, 49). The
result of insertion transformation is: (a1, (a2, a3), (a4, a5), (a6, a7), (a8, a9)) — (al,
(a2, a3), (a4, a5), (a8, a9), (a6, a7)).

Calculate the difference between the new path and the current path AD, and then the

transition probability £ (7;‘) of simulated annealing can be calculated according to
Equation (12):

1 AD <0

12
o) , others (12)

Compare the transition probability with the size of the random value B (7;‘) that
obeys the average distribution in the generated [0, 1] interval, update the temperature

value T and the iterative parameters. When d (7;‘) >R (Tk), accept the new scheme
and update Dc, otherwise, do not update the path;

Determine whether the exit conditions of temperature and number of iterations are
satisfied. If not, directly transfer to step (2). Otherwise, the calculation results are
given.

Therefore, from the generation of the initial solution to the generation of new solu-

tions based on the current solution, the algorithm ensures that both the initial solution

and each newly generated solution traverse all defect line segments.

https://doi.org/10.3390/app16157858
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3.4. Nested Combination Algorithm of Ant Colony and Simulated Annealing

When the pheromone concentration reaches a certain level, the ant colony algorithm
may become dominated by accumulated pheromone information, causing the algorithm
to be prone to premature convergence and getting trapped in local optima during itera-
tion. The ant colony algorithm is combined with the simulated annealing algorithm,
where the pheromone update mechanism of the ant colony algorithm is regulated by the
temperature control strategy of simulated annealing. This strategy achieves a balance be-
tween global exploration and local exploitation, thereby enhancing the search capability
of the algorithm and improving solution quality. For this purpose, a nested combination
algorithm of ant colony and simulated annealing is designed. The implementation process
is described as follows:

(1) Initialize the initial temperature T, the number of iterations N, the cooling rate factor
at, the number of ants m, the pheromone factor «, the heuristic function factor 5, the
pheromone volatilization factor p, and the pheromone constant Q. At this time, the

pheromone amount of each path is equal, the pheromone i (O) =0 , and the phero-

A7 (0)=0

mone increment 7
(2) Set the starting point of each ant as the specified initial point, gradually generate the

tabu list tabny, and the set to be accessed A(k) ={C—tatuk}

iterations i =it+1,

, update the number of

k
(3) Calculate the transition probability Py (t) of the current ant k, update tabu, and

(k) , select the path according to the defect line segment, and repeat until all ants
traverse all the defect line segments;
(4) Update ants k =k + 1, repeat step (3) until all ants traverse all element points;
(5) Calculate the difference between the path length of each ant and the current opti-

mized path AD in turn, and then the transition probability i (Z‘) of simulated an-
nealing can be calculated according to Equation (12);

(6) Comparing the transition probability with the size of the random value R (7;‘) that
obeys the average distribution in the generated [0, 1] interval, the pheromone update
coefficient a is set according to Equation (13), where I« is the path length of the current
ant, and v is the optimized path length;

[/, P(T,)>R(T,
a=14¢ b :(k) t(k) (13)
1, others
* AT,
(7) Calculate the current ant pheromone increment a4 AT;, turn to step (5), until all ant
pheromone increments are updated, and the pheromone is further updated;
(8) The temperature value T is updated according to the cooling coefficient, and the

. . . . . . it
steering step (2) continues to calculate until the maximum number of iterations ~ ™
is reached, and the optimization result is obtained.

3.5. Ant Colony and Simulated Annealing Series Combination Algorithm

Although the combination of ant colony and simulated annealing nested algorithm
has a certain improvement effect compared with the two methods alone, there is a large
difference in near-optimal solutions and a long time-consuming problem in the single
path planning. Therefore, the combination of ant colony and simulated annealing is con-
sidered. The ant colony algorithm can use its global search ability to find the potential
solution space, and the simulated annealing algorithm can perform local optimization to
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further improve the quality of the solution, accelerate the convergence process of the al-
gorithm, and improve the speed and accuracy of finding the near-optimal solution. The
path length and fluctuation value obtained by the ant colony algorithm are relatively low,
but the number of fluctuations is higher, while the path length and fluctuation number
obtained by the simulated annealing algorithm are lower, and the fluctuation value is
larger, which also shows that the ant colony algorithm has strong global search ability and
can give a relatively stable solution, while the simulated annealing algorithm pays more
attention to local search ability, which makes the solution more volatile. Therefore, the ant
colony algorithm is first employed to generate a high-quality initial path, which is then
used as the initial solution for simulated annealing to further optimize the path. This
forms a serial hybrid algorithm combining ant colony optimization and simulated anneal-
ing. The main processing flow is as follows:

(1) Initialize the parameters of ant colony algorithm, the number of ants m, the number
of iterations N, the pheromone constant Q, the pheromone factor a, the heuristic func-
tion factor § and the pheromone volatilization factor p; At this time, the pheromone
amount of each path is equal, the pheromone 7, (0) = 0, the pheromone increment

k .
(2) Set the starting point of each ant, and gradually generate the tabu table fabu, and
the set to be accessed A4 (k) = {C — tabuk} , the number of iterations it = it + 1;
(3) Update the ant k=k + 1, calculate the transition probability P,]; (t) of the current ant,

update fabu, and A (k) , select the path according to the defect line segment, and

repeat until all ants traverse all the defect line segments;
(4) Calculate the shortest path distance and pheromone increment Az 3 of each ant;

(5) Update the pheromone 7, (¢) , turn to step (2), until the maximum number of iter-

ations 1f .

is reached, and the optimization result is obtained;

(6) Take the optimized path given by the ant colony algorithm as the initial path of sim-
ulated annealing, and calculate the path length Dc;

(7) According to the process of generating a new solution by simulated annealing defect
line segment, a new solution is obtained, and the new path distance Dn is calculated;

(8) Calculate the difference AD between the new path and the current path, and then the

transition probability P, ( T, ) of simulated annealing can be calculated according

to Equation (12);
(9) Compare the transition probability with the size of the random value R, (T i ) that

obeys the average distribution in the generated [0, 1] interval, updating the temper-
ature value T and the iterative parameter. When P (Tk ) > R, (T i ), accept the new

scheme and update Dc, otherwise, do not update the path;

(10) Compare whether the exit conditions of temperature and number of iterations are
satisfied. If not, directly transfer to step (7). Otherwise, the calculation results are
given.

4. Simulation and Analysis of Grinding Path Optimization Algorithm

In order to further illustrate the effect of the algorithm, the parameters of the simu-
lated bar model are set as follows: radius: 22.5 mm, bar length: 10,000 mm, number of
random crack defects: 100, total length of defects: 1060.6 mm; and the bar model to be
repaired is established. The running environment of the algorithm is Win10 (64 bit), the
processor Intel (R) i5-13600KF, the main frequency is 3.5 GHz, the memory is 32 GB, and
the software Matlab 2020a.
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In order to evaluate the performance of the algorithm, 100 repeated calculations are
performed on each of the four algorithms. The calculation results are shown in Figure 4
and Table 1. It can be seen from Figure 4a that the path fluctuation of ant colony algorithm
is smaller than that of simulated annealing algorithm, the average path is shorter, and the
planning result is more stable. The simulated annealing algorithm has a large fluctuation
range but is less time-consuming and has a certain local convergence advantage. After
embedding simulated annealing into the ant colony algorithm, the total length of the path
calculated each time still fluctuates greatly. Although the maximum value is lower than
that of simulated annealing algorithm alone and it approaches the level of ant colony al-
gorithm, the overall fluctuation range is still obvious, which is slightly improved com-
pared with the two algorithms alone. However, the improvement effect is limited, and
there are still problems of large path fluctuation and long processing time, which makes
it difficult to meet the needs of high-efficiency and high-stability path planning in actual
production. In contrast, the series combination algorithm of ant colony and simulated an-
nealing significantly improves the stability and computational efficiency of path planning
on the basis of combining the advantages of both. In terms of path fluctuation control and
calculation time, it is superior to ant colony algorithm, simulated annealing algorithm and
its embedded fusion method, which can better meet the actual needs of real-time auto-
matic grinding in special steel bar production line.
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Figure 4. The comparison of 100 calculation results of four optimization methods: (a) the path length
of each calculation; (b) processing time of each calculation.
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Further, as shown in Table 1, the maximum, minimum and average values of the path
sum of the simulated annealing algorithm for 100 runs of grinding path planning are
19,393.834 mm, 13,087.503 mm and 14,139.808 mm, respectively. The maximum, mini-
mum and average values of the path sum of the ant colony algorithm for 100 runs of
grinding path planning are 16,190.875 mm, 13,079.932 mm and 13,788.215 mm, respec-
tively. The maximum, minimum and average values of the path sum of the simulated
annealing and ant colony nested combination algorithm for 100 runs of grinding path
planning are 16,110.027 mm, 13,067.474 mm and 13,580.864 mm, respectively. The maxi-
mum, minimum and average values of the path sum of the ant colony and simulated an-
nealing tandem combination algorithm for 100 runs of grinding path planning are
13,261.710 mm, 12,937.611 mm and 13,108.507 mm, respectively. Comparison of these re-
sults shows that, except for the tandem hybrid algorithm combining ant colony optimiza-
tion and simulated annealing, the other three algorithms exhibit significant variations in
repeated path planning results, and the likelihood of obtaining a high-quality path in a
single run is relatively low. In practical application, multiple calculations are required to
obtain a better solution. The fluctuation of the path sum of the 100 runs planning of the
tandem combination algorithm is the smallest, and the path sum and average value of the
multiple planning are also the smallest, and the difference between the maximum and
minimum values of the path planning sum is 324.099 mm, which is much smaller than in
other methods. It is the best grinding path planning algorithm of the four methods. Alt-
hough slight variations exist among individual path planning results, the differences re-
main relatively small. The single calculation path can be used as the final result of path
planning. This shows that the grinding path planning algorithm proposed in this paper
has a good ability to find a high-quality solution.

From Table 1 and Figure 4b, it can also be seen that the simulated annealing algo-
rithm has the highest efficiency of grinding path planning, and its average single planning
time is not more than 2.7 s. The average single planning time of the ant colony and simu-
lated annealing tandem algorithm is not much 9.5 s. The other two algorithms are time-
consuming, and the average single planning time is more than 58 s. Although it takes the
shortest time to plan the grinding path by using the simulated annealing algorithm alone,
its planning path and fluctuation are the largest, and the difference between the sum of
the worst planning path and the sum of the best planning path is 6306.331 mm. Therefore,
even if the simulated annealing method is used alone for path planning, multiple calcula-
tions are needed to obtain a better solution. Multiple rounds of planning make the total
time of path planning increase a lot. This process has great uncertainty and is not suitable
for industrial applications. Therefore, considering both path planning performance and
computational efficiency, the proposed serial hybrid algorithm combining ant colony op-
timization and simulated annealing provides a near-optimal solution for grinding path
planning. The grinding path and grinding sequence of the surface crack defects of the bar
can be obtained stably and reliably.

Table 1. Statistics of planning path length and computation time.

Simulated Nested Combination Series Combination of

I:I;;(?r?:ﬁrg Annealing  of Ant Colony and Ant Colony and
Algorithm Simulated Annealing Simulated Annealing
Maximum Path Length (mm) 16,190.875  19,393.834 16,110.027 13,261.710
Minimum Path Length (mm) 13,079.932  13,087.503 13,067.474 12,937.611
Difference Between Maximum and Mini- 5115 95 6306331 3042.553 324.099
mum Path Lengths (mm)
Average Path Length (mm) 13,788.215  14,139.808 13,580.864 13,108.507
Maximum Calculation Time (s) 58.738 3.119 60.097 9.443
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Minimum Calculation Time (s) 57.690 2.585 57.578 9.332
Average Calculation Time (s) 58.107 2.635 57.895 9.361

In summary, among the four algorithms, only the ant colony and simulated anneal-
ing tandem combination algorithm can obtain better solutions for each calculation. This
method gives similar better solutions for 100 runs of grinding path planning for the same
bar and the same number of defects. The stability, reliability and advancement of this al-
gorithm are desirable for industrial production lines. Moreover, in actual production,
there are generally not hundreds of crack defects on the bar, and there are also few defec-
tive bars. When the number of defects is lower than the 100 set in this paper, the planning
time consumption of the algorithm will be shorter. Among the four methods proposed,
the ant colony and simulated annealing series combination algorithm is the most advan-
tageous and best-performing bar surface defect grinding path planning algorithm.

5. Verification of Actual Defect Samples

In the simulation analysis presented in Section 4, the defect model is used to perform
a comprehensive analysis of the characteristics and performance of the path planning al-
gorithm, and the optimized model of the grinding path planning is obtained. In actual
grinding path planning of the special steel bar, ant colony and simulated annealing are
directly used. Aiming at the location information of the detected surface crack defects of
the bar, the grinding path planning experiment was carried out. The path planning results
are shown in Figure 5. The crack defects are highlighted in yellow, while the scratch de-
fects are highlighted in cyan. Only the crack defects are considered for grinding path plan-
ning, and the planned path is represented by the green line.

As shown in Figure 5a, the total length of crack defects is approximately 385 mm, and
the generated grinding path has a total length of approximately 2309 mm with a planning
time of 2.33 s. To further evaluate the adaptability of the proposed algorithm to crack de-
fects with different scales and distribution complexities, two additional real defect cases
were introduced for simulation experiments. For the second case in Figure 5b, the total
crack length is approximately 1701 mm, resulting in a grinding path length of approxi-
mately 4047 mm and a planning time of 8.95 s. For the third case in Figure 5c, the total
crack length is approximately 810 mm, the planned grinding path length is approximately
2615 mm, and the planning time is 3.95 s.

The experimental results demonstrate that the grinding path length increases with
the increase in crack defect scale; however, the growth rate of the planned path length is
significantly lower than that of crack length. Specifically, when the total crack length in-
creases from 385 mm to 1701 mm, the crack length increases by approximately 342%,
while the grinding path length increases by only 75.3%. This result indicates that the pro-
posed serial hybrid optimization algorithm based on ant colony optimization and simu-
lated annealing can effectively reduce redundant movements under complex defect con-
ditions and improve the efficiency of grinding path planning. Furthermore, variations in
path redundancy among different cases are observed due to differences in crack distribu-
tion and quantity, suggesting that the grinding path length is determined not only by the
total crack length but also by the spatial distribution characteristics of surface defects.

Furthermore, the path planning times for the three cases were 2.33 s, 8.95 s, and 3.95
s, respectively. With the increase in defect scale, the search space of the optimization al-
gorithm expands, leading to a gradual increase in computational time. Nevertheless, even
in the case of the crack length of 1701 mm, the proposed method completes path optimi-
zation within 10 s, indicating satisfactory computational efficiency and robustness in com-
plex defect scenarios.
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Overall, the proposed serial hybrid optimization algorithm based on ant colony op-
timization and simulated annealing is capable of rapidly generating effective grinding
paths for surface crack defects of special steel bars with different scales and spatial distri-
butions. By ensuring complete coverage of crack defects while reducing non-grinding
movements, the proposed method provides an effective and reliable path planning solu-
tion for automated and efficient surface defect removal of special steel bars.

e
M

(©)

Figure 5. Grinding path planning results of actual bar surface crack defects: (a) results of steel bar 1;

(b) results of steel bar 2; (c) results of steel bar 3.

6. Conclusions

This paper closely follows the demand of intelligent development of rolling technology
and focuses on the optimization of grinding path for surface crack defects of special steel
bars. An automatic grinding path planning method based on intelligent optimization algo-
rithm is proposed. By modeling the crack defect as a line segment with starting and ending
coordinates, a path planning model with clear structure and clear physical meaning is
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established, which significantly improves the operability and engineering practicability of
the path solution. Aiming at the limitations of the traditional path planning algorithm in the
problem of defect traversal integrity and path jump, the ant colony algorithm and simulated
annealing algorithm are improved and integrated, and a defect grinding path planning al-
gorithm combining ant colony and simulated annealing series is proposed. The algorithm
combines the global search ability of the ant colony algorithm and the local optimization
ability of the simulated annealing algorithm, taking into account calculation efficiency and
result stability. In addition, through the verification of the actual defect data, the feasibility
and superiority of the series combination algorithm of ant colony and simulated annealing
in real industrial environment are further confirmed, which can provide a reliable path plan-
ning basis for the special steel bar grinding automation system.

With the advancement of Industry 4.0 and intelligent manufacturing strategy, the deep
integration of crack defect recognition and path planning algorithm will further open up the
whole process control chain from rolling defect detection to intelligent repair. The path plan-
ning method proposed in this paper, especially the ant colony and simulated annealing se-
ries optimization algorithm, has the advantages of strong real-time performance and high
robustness while ensuring the quality of grinding path optimization. In the future, it can be
widely extended to other intelligent processing systems of rolling process finishing, which
has important engineering practice value and promotion prospect.
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