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Abstract.In this paper, we present a new optimization nesting algorithm for two-
dimensional nesting problems. It is based on a genetic simulated annealing algorithm
considering the adaptive probability. We adopt the no-fit polygon (NFP) algorithm
and the central expansion strategy to get an initial nesting strategy. Furthermore,
we optimize the initial nesting strategy with the algorithm proposed in this paper.
The genetic algorithm is used to search the optimal sequence and the angle of the
garment piece, the simulated annealing algorithm is used to avoid the genetic
algorithm falling into the local optimization. The most advantage of the algorithm
proposed in this paper has no requirements for the regular shapes of motherboards
and sample pieces and it works well when both shapes are irregular. Our algorithm
can increase the speed and efficiency of the nesting and improve utilization of the
motherboard. Experimental results show the proposed algorithm is applicable and
effective.
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1 INTRODUCTION

2D nesting problems, also known as optimization or combination optimization nesting, which is
defined as a certain number of sample pieces are arranged within given motherboards (e.g., steel
sheets, leathers, etc.), so that sample pieces are contained inside the motherboards and do not
overlap each other. The objective is usually to minimize the use area and consumption of the
motherboards after nesting and to optimize the material utilization or the nesting scheme.
Two-dimensional irregular nesting is widely used in cutting and nesting of garment, leather, glass,
wood, metal plate, and so on. With the development of economic globalization and the increasing
demand for resources, the manual nesting can no longer meet the needs of enterprises. Computer-
aided technology can improve the material utilization of materials and the nesting efficiency. This has
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important practical significance for reducing enterprise costs and improving the competitiveness of
enterprises. From the perspective of computational complexity theory, the two-dimensional nesting
problem is NP-complete, no effective polynomial algorithm has been found. So far, no effective
polynomial algorithm has been found for the problem.

The leather product is widely applied in life, such as leather garments, shoes, hats, bags, as well
as the car seats, the luxury cruise seats and so on. The characteristics of leather materials are high
cost, irregular boundary, and uneven surface quality distribution.

Due to the above characteristics, 2D nesting in leather garment manufacturing is more complex
than the traditional 2D nesting problem. Both shapes of the sample piece (leather garment pieces)
and motherboard (master leathers) are irregular. In leather garment manufacturing, a leather
garment has many sample pieces which need multiple motherboards. When making multiple leather
garments, it necessary to layout all sample pieces on many motherboards, and the shapes of the
motherboards are not the same. This paper aims at the challenging problem of nesting techniques
in leather garment manufacturing proposes a new algorithm to layout all sample pieces into many
arbitrary shaped motherboards.

2 RELATED WORKS

The existing two-dimensional irregular nesting algorithms can be roughly divided into heuristic
algorithms and intelligence algorithms.

(1) Two-dimensional irregular nesting based on the heuristic algorithm. The heuristic algorithm
mainly aims at the problem of nesting small sample pieces in one single motherboard and does not
consider the quality of the motherboard such as flaws and holes. In the garment industry, a
motherboard is big rolls of fabric plate with a total length up to several hundred meters. The goal of
the nesting algorithm is usually to use the length of the motherboard as minimal as possible so that
the heuristic algorithm has serious limitations in practical application. To reduce the computational
complexity, some literature of the heuristic algorithm combined the sample pieces, and then layout
them as a complete sample shape. The most common method of heuristic algorithm is solving the
minimum external rectangle of the combined sample shape[1]. An approximate method is combining
sample pieces into a regular polygon[2][3], such as triangle, quadrangle, pentagon, hexagon to
replace minimum external rectangle for layout. In 2002, Gomes and Oliveira [4] used a heuristic
algorithm based on the BL (Bottom-Left) strategy to arrange sample pieces in a given order, and
each iteration process passed through two adjacent sample pieces exchange strategy to change
order. At the same time, the BL strategy is used to achieve optimal nesting of leather products. In
2003, Yong Chen [24] present a heuristic approach to deal with the irregular nesting problem without
orientation limitation using Genetic Simulated Annealing Algorithm. In 2006, Burke et al. [5]
proposed a new heuristic algorithm combined hill climbing and tabu local search methods and used
the BLF (Bottom-Left-Fill) strategy to optimize the nesting problem. The algorithm is also suitable
for curved contour with circular arcs and holes. In 2007, Burke et al. [6] proposed a robust NFP
(no-fit polygon) generation algorithm based on the track line, the algorithm can be used to the case
that the motherboard contains holes. In 2008, Lee WC [7] proposed a QLM (quick location and
movement) algorithm to solve the multiple irregular motherboards arrangement of irregular sample
pieces. The algorithm approximates the irregular sample pieces to polygons and utilizes the
minimum embedding circle center and the gravity center of the irregular sample piece as a reference
point to layout the irregular sample pieces on the motherboards. In 2010, Burke [8] proposed a
method using NFP for collision detection. In 2014, Baldacci et al. [9] proposed a hybrid heuristic
algorithm, which was used to solve the optimization problem of the 2D irregular sample pieces on
multiple irregular motherboards, and also considering the motherboard with holes. The sample
pieces and the motherboards were converted to raster representation. In 2015, MirHassani [10]
proposed the GRASP (Greedy randomized adaptive search procedure) meta-heuristic algorithm to
solve the nesting problem with high quality data proper time. This algorithm does not depend on the
shape of the sample piece. In 2018 Mundim [22] proposed H4NP for all 2D nesting problems with
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limited-size containers, and test it on 1100 instances, H4NP obtained equal or better solutions for
73% of the instances. In 2019 André Kubagawa Sato [23] use the dotted board model to reduce the
overlap evaluation to matrix operations, and then it can be accelerated by massive parallelization
using the GPU. In 2020, Santiago V. Ravelo [25] shows that multi-objective criteria to classifying
solutions may make the results more accurate and they also give a heuristic algorithm and two
meta-heuristic approaches to the problem.

(2) Two-dimensional nesting problem based on an intelligent algorithm. The emergence of an
artificial intelligence algorithm provides new important means for the nesting optimization problem.
Since the 1990s, scholars have gradually matured their research on genetic algorithms, simulated
annealing algorithm, particle swarm optimization, neural network, ant colony optimization algorithm,
artificial immune algorithm, and other intelligent optimization algorithms. People began to study the
combination of intelligent algorithms for the nesting process. In 1966, Braglia [11] utilized a
simulated annealing algorithm to improve the shortcomings of the local search ability of a genetic
algorithm and combined the two algorithms as a hybrid algorithm to solve the single row 2D nesting
problem. In 1997, Dagli [12] proposed a hybrid algorithm, which combines artificial neural network,
genetic algorithm, and mathematical programming. The hybrid algorithm is used to solve the nesting
optimization problem of fixed width and infinite rectangular motherboards. In 2001, Babu [13]
proposed using a heuristic algorithm to improve the performance of the genetic algorithm to solve
the 2D nesting problem. In 2006, Gomes and Oliveira [14] proposed a hybrid algorithm that
combines simulated annealing algorithm and linear programming models to solve the irregular
nesting problem of the strip motherboard. In 2010, Sato et al. [15] proposed a hybrid algorithm
that combines the simulated annealing algorithm and collision-free region with parallel processing
to solve the irregular nesting problem with a strip-shaped motherboard. In the same year, Liang LD
et al. [16] used a particle swarm optimization algorithm to solve the irregular nesting problem.
Compared with the genetic algorithm and simulated annealing algorithm, this method improves the
ability of local optimization and reduces the computational complexity. In 2015, Liu H et al.
[17]proposed an improved niche genetic algorithm to solve the irregular layout problem. This
method can eliminate the too many similar solutions and avoid the premature convergence of the
genetic algorithm.

Aiming at 2D irregular nesting problem in the leather garment manufacturing industry, this paper
uses The NFP algorithm [6] to create initial nesting at first and then proposes an adaptive probability
genetic simulated annealing algorithm to optimize the initial nesting. In 2017, Xu et al. [18]
proposed an optimizing model based on a genetic algorithm to solve the nesting problem of rectangle
pieces. This method combines the genetic algorithm and the lowest horizontal line searching
algorithm. The algorithm designs and applies three hybrid heuristic strategies, it can solve the
irregular nesting problem effectively. Genetic algorithm has a good global search capability, but
when the individuals in the population after crossover and mutation operation, it is difficult to
producing progeny individuals better than the parent generation, it will prone to premature
convergence, and lead the search into a local optimum. The simulated annealing algorithm can jump
out the local optimum with a certain jump probability, but the evolution speed is slow, and the global
search ability is not strong. Therefore, the two algorithms are combined as a hybrid algorithm, which
can not only retain the excellent characteristics of each other but also can compensate for their
shortcomings. At the same time, the adaptive crossover probability and mutation probability can be
used to control the evolution process of populations.

3 DESCRIPTION OF 2D IRREGULAR NESTING PROBLEM

Taking the leather garment manufacturing application as an example, the irregular nesting problem
has several main difficulties. Leather motherboards have different shapes and areas. The shapes of
leather sample pieces are also irregular and the quantities of them are variable. Irregular nesting of
leather sample pieces was studied in this paper, it has the following features.
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(1) The shapes of motherboards and sample pieces are irregular. Irregular shape means more
parameters for the shapes of the sample piece and motherboard, this feature determines the nesting
problem of the irregular sample pieces is high complexity. Because sample pieces placement
strategy, collision detection, area calculation these computing steps in nesting are closely related to
the shapes of the motherboards and sample pieces.

(2) There are multiple motherboards, the shapes and areas of them are different. Generally,
nesting in leather garment manufacturing is on lots of leather sample pieces layout in many leather
motherboards, and simple pieces of a leather garment can lay out in different leather motherboards.
The goal of nesting optimization is to maximize the utilization rate of each motherboard and to
minimize the number of motherboards used. These properties increase the nesting difficulty.

(3) The Position and rotation angle of each sample piece placement in the motherboard are
arbitrary. Nesting in fabric garment sample piece layout direction is constrained by the fabric texture.
But in leather garment nesting, sample piece layout in motherboards is in arbitrary directions. The
traditional fabric garment nesting method is no longer applicable. On the other hand, in sample
pieces nesting strategy, each rotation of a small angle will produce a new nesting solution; it will
lead to a larger solution space of the nesting optimization. It increases the difficulty of solving the
nesting problem. Therefore, it is necessary to according to the actual situation for the rotation angle
increased certain constraint conditions.

(4) The motherboard is divided into multiple quality regions and sample pieces are divided into
more different grades. In the process of production, the leather motherboard is from animals, so
leather’s quality in the central region is better than the outer region. The outer region in leather has
folds, commonly known as “lotus leaf edge” which affects the quality of the garment. Therefore, the
outer region of leather cannot be used for important sample pieces of the garment (such as the front
part, back part and sleeve, etc.), but can be used in the neckline, nesting inside pocket relatively
unimportant piece. Therefore, we divided into different regions of the leather motherboard according
to its quality, which the center of leather is a high-quality region and the outer area of leather is a
general region. Similarly, we divided all the sample pieces into two grades according to their location
importance.

4 GENETIC SIMULATED ANNEALING OPTIMIZATION ALGORITHM WITH ADAPTIVE
PROBABILITY

According to the descriptions above, we illustrated the design of a genetic simulated annealing
algorithm with adaptive probability applied for irregular 2D optimization nesting by placing multiple
leather sample pieces on multiple motherboards. Compare to other heuristic algorithms, though the
fruit fly optimization algorithm (FOA) is a well-regarded algorithm for searching the global optimal
solution, it is not competitive in convergence speed, and may fall into local optimum quickly when
solving high dimensional mathematical and practical application problems[26]; the differential
evolution[27] algorithm is widely used in many fields and is mainly used to solve global optimization
problems of continuous variables while GA is mainly used to deal with discrete variables. So, we use
an adaptive probabilistic genetic simulated annealing algorithm here. In this paper, the new individual
generated by the genetic algorithm is used to replace the old individual with a probability that is
obtained by comparing the fitness of the new individual to the old individual. So that the algorithm
can jump out of the local optimal and find the global optimal finally. This algorithm is mainly used to
adjust the order and angle of the leather sample piece and optimize the nesting. Therefore, we need
to get the initial nesting of the garment sample piece and then we use this algorithm to optimize the
initial nesting.

In this paper, we use the NFP algorithm [6] to create the initial nesting, which can determine a
placement of the sample pieces within the leathers bound polygon. We divided all the sample pieces
into two levels according to the importance, so the important pieces of the leather garment were
placed in the central region of the motherboard. Figure 1 shows 11 sample pieces layout on a
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motherboard. The biggest area of the sample pieces is important, so we place those important pieces
in the central region of the leather at first.

In this section, the 2D irregular nesting optimization algorithm is introduced in detail.

4.1 Sample Individual Coding

We use the decimal encoding method to encode irregular sample pieces of garments. Since these
garment sample pieces are divided into two grades (level 1 and level 2), therefore it needs to be
coded the two grades pieces separately.

Let n garments pieces of importance grade in level 1 B;,P,,...,B, , layout in multiple
motherboards of leather garments as pieces set{b,,,0,,...,0;,...,0,}. Here the first subscript

denotes piece importance grade level. The second subscript denotes the piece number. bli

represents the garments piece of number i and garments importance grade in level 1. In addition
to sample pieces order, we add an angle variable 9, for each piece. So the individual encoding for

sample pieces represented as:

Figure 1: Initial nesting result by NFP algorithm.

X, ={(b,,6),(0,.6,),....(b,,6,)}

Similarly, the individual coding of m garments pieces P,;,P,,,..., P, of importance grade in level 2
is:
X, ={(0,1,6),(0,,.6,),.... (0, 0,)}

In this paper, we provide group size asM = N, + M, , where N, refers to the garments pieces number

of importance grade in level 1, and M, refers to the garments pieces number of importance grade
in level 2. It indicates that the size of the group will change as some of the number of pieces has
been layout

Due to the 2D irregular nesting is without any restrictions to the placement angle of nesting

pieces, and all angles within the range of 0~360° are possible values of the nesting pieces.
Therefore, the process of solving the nesting results becomes very complicated. In order to limit the

Computer-Aided Design & Applications, 18(2), 2021, 242-257
© 2021 CAD Solutions, LLC, http://www.cad-journal.net



http://www.cad-journal.net/

247

nesting time to an acceptable range, we define that the rotation angle of the irregular sample piece
is an integer multiple of the angle base 99 in the process of nesting.

Researchers show that when 6’9 <7°, the impact of material utilization in leather nesting is very

small. Here we set 199 =9°, so that the rotation angle of the nesting pieces need to only consider the

40 kinds of rotation possibilities within the range [0°,360°).

4.2 Fitness Function Design

Fitness function is a standard to measure the quality of the nesting results. In this paper, it is
necessary to optimize the nesting pieces of multiple sets of garments in the batch leather
motherboards. Compared with the utilization ratio of a single leather motherboard, the number of

leather motherboards saved is more in line with the requirements of production. Here use M to
represent the number of motherboards used in nesting, and use R to represent the utilization rate
of the last motherboard in the currently used leathers. Thus for the individual X, (og i< N), N is the

group size, which is the number of all simple pieces of garments. The fitness function is as follows:
F(XJ=a*}@L+ﬁ*R (1)
1

Where « and g is the proportionality coefficients, randomly generated but meet to
ae(O,l), ﬂe(-LO). Relatively speaking, the number of leather motherboards is more important

than the utilization of the last motherboard. So, it sets|a| >|ﬂ| .

4.3 Gene Selection Operator

Selecting operation takes the individual fitness of a group as the evaluation criteria. In this paper,
the optimal preservation strategy is used to select the individual whose fithess value is largest in the
group of the parents to the next generation, and then the remaining individuals are selected by the
proportional selection method. Selection operator is to select the superior and eliminate the inferior
of the individuals in the group, that is, the individual of large fitness value has a large possibility of
being inherited to the next generation, while the individual of small fitness value has a small
possibility of being inherited to the next generation.

The probability formula used in the proportion selection method is as follows:
f(X)=n*F(X;) (2)

where 7is a proportion coefficient, Its value is randomly generated but meet to 77 (0,1).

4.4 Adaptive Crossover Operator and Mutation Operator

4.4.1 Crossover operator

Crossover is the main method for generating new individuals in the genetic algorithm. There are
many crossover methods. Single-point crossover changes individual information little, which is not
conducive to the search. For multi-point crossover, it is easy to make a better individual gene
segment to be destroyed, which affects the search results. In this paper, we use a two-point
crossover, that is, in the individual coding string we set two cross points and exchange the gene of
the crossover point.

Firstly, according to the individual number, M individuals in a group of parents can be paired
off according to the neighbouringserial number. That is, nhumber 0 and 1 individuals make a pair,
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and number 2 and 3 individuals make a pair, and so on. We obtain M’ pairs of individuals,

M'ZLM /ZJ.
Then, we generate a random number R, randomly, R, €[0,1]. If R, is bigger than the

crossover probability P, , then let the paired individuals do cross operation. Otherwise, don't do the

cross operation. If the crossover probability is too large, it” s easy to destroy individual genes with
high fitness value. If the crossover probability is too small, it will make the evolution process to be
slow, then affect the final results of the genetic search. Therefore, the adaptive crossover probability
is adopted [5], The following is the formula for calculating the adaptive probability.

K (F = F,) .
Pc: I:max_Favg 1 - (3)

k,F < Fag

Where F is the larger fitness value of the two individuals who perform the cross operation, Fag is

average fitness function value of each generation group, F

max 1S the largest fitness function value of

the group, kl is a constant number, and k1 =1.

Assume that two individuals that have been paired are X1 and X2 respectively, two new
and X, -

range b, and b, which satisfyl<h <b, <n, the gene between b, and b, of X, is copied to the
) ) ) ) 1

individuals after cross operation are X Randomly generate two cross bits in 1~n

1new

front gene of X The remaining genes are copied to the back of X, . according to the sequence

lnew * 1new

occurred in X, , and the same method can be used to get another individual X, -

Suppose the two paired two individuals are:

X, ={(3,260), (1,127), (6,35), (4,207), (2,81), (5,319)}
X, ={(4,73),(5,276),(2,97), (6, 215), (1,186), (3, 306)}

Cross bit ish, =2,b, =4, the generation process of a new individual X, is shown in the following

lnew
figure:

X, ={(3.260),(L127).(6.35).(4.207)_(2.81),(5.319)}

X, ={(L127),(6,35),(4.207).(5.276),(2.97).(3,306)}

X, ={(4,73).(5.276).(2:97).(6.215). (L186). (3,306)}

Figure 2: Two-point crossover process.
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4.4.2 Mutation operator

Mutation operator can maintain the diversity of the population and enhance the local search ability
of genetic algorithm. In this paper, the individual encoding includes sequence encoding and angle
encoding of garment sample pieces, accordingly, mutation of individual in parents’ groups include
sequence mutation and angle mutation.

Firstly, generate a random number R, and its value satisfies R, €[0,1] . If R is greater than

the probability of mutation P, , we mutate the paired individuals, otherwise, don't do the mutate

m/
operation. Mutation probability should be a reasonable value. If the mutation probability is too large,
the genetic algorithm is reduced to a purely random algorithm, if the probability of mutation is too
small, the process will be slow, resulting in stagnation. Therefore, according to the actual process,
the adaptive mutation probability is adopted as follows[18] [19]:

k,(F,, —F
2( max ),FZFavg
Pm = I:max - I:avg (4)
k, F < Favg

Where F_., is the maximum fitness function value of the population, F is the fitness value of the

individual performing the mutation operation, Favg is average fitness function value of each

generation group, and K, €[0.1,0.3] is a constant valued randomly.

Then we do sequential order mutation. We randomly generate two sequenced order mutation
position C,and C, within ranges 1 and n, and their satisfaction1< ¢, <C, <N, then exchange the

C, th gene and the C,th gene of the individual X .

Assuming sequence order mutation position ¢, = 2,C, =3, the individual is:
X ={(3,260),(1,127),(6,35), (4,207),(2,81),(5,319)}

Then the individual after sequence mutation is:
X ={(3,260), (6,35),(1,127), (4,207),(2,81),(5,319)}

At last, let the individual X do angle mutation after sequence order mutation. We randomly
generate an angle mutation position d within ranges 1 and n, and generate an angle € between 0

and 360 degree. The angle of the O th gene of the new individual X is replaced by @. Then we
obtain the new individual X, after mutation.

Let d =4 and @ =60, then the new individual X,

W

X.w =1(3,260),(6,35),(1,127),(4,60),(2,81),(5,319)}

will be:

4.5 New Individual Acceptance Probability

After performing the selection, crossover and mutation operation of the genetic algorithm, we
execute simulated annealing algorithm (SA) for newly obtained M individuals in order to avoid the
local optimization of the genetic algorithm. The selection of the new individual acceptance probability
in the annealing strategy determines the convergence quality of the solution and is very important
to the performance of the algorithm.
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F= t 1 (5)
F(Xnew) I:(Xold)
AF

P(Xpew Xog) =exp(=—) (6)

k

For example, for individual X, and X, ,calculate their fitness F (X, ) and F(X,4) according to

Egs. (1) respectively, then calculate the correspondingAF according to Egs. (5), when AF <0 , new
individual X, will replace the old individual X, with a 100% probability. On the contrary, if

AF >0, new individual X,,, will replace the old individual X, with a probability P(X .. X4)

W

and we can obtain the probability P(X,,,. X 4) through Egs. (6).

4.6 Termination Condition of the Algorithm
The whole solving process of the algorithm is an iterative process and finally tends to converge.

In this paper, the termination condition of the algorithm is as follows: if the number of iterations
reaches the maximum value 100, the difference of the average fitness function value of the adjacent
two generations is less than 0.0005. Then we stop iterating. The corresponding nesting scheme for
the individual with the maximum output fitness function value is the final nesting scheme.

Figure 3 shows the result of initial nesting (Figure 1) by our optimization nesting algorithm.

Figure 3: Optimization nesting result from Figure 1.

5 THE DESCRIPTION OF 2D IRREGULAR OPTIMIZATION NESTING ALGORITHM

We use the above adaptive probability genetic simulated annealing algorithm to optimize nesting
scheme of multiple sets of clothes on the multiple leather motherboards. Garments sample pieces
are divided into two grades according to their importance (level 1 and level 2). Each leather
motherboard includes one inner contour and one outer contour. Inner contour region is a high-quality
region. Concrete steps of nesting algorithm are as follows:

Step1l: Initialize the population of sample pieces, set the set of irregular sample pieces
importance level 1 as SP1={PL |1<i<n} where Nis the garment sample pieces number of

importance in level 1. Set the set of irregular garment importance in level 2 as
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SP2={P2, |1<i <m} where Mis the garment pieces number of importance in level 2. It randomly
generates the nesting pieces sequence of SP1 as{b,;,b,,,...,00;,...,0,,}, and randomly rotates some
angle @ for each sample to individualize coding as X; ={(b,8,),(b,,6,),...,(0,,,6,)} . Similarly
SP2 is coded as X, ={(b,,6,),(b,,,6,),....(b,,,,6,.)}.

Step 2: Nesting sample pieces with improved NFP algorithm according to the following strategy
and procedures, and a flowchart of this step is shown in Figure 4:

@.Set the set of the leather motherboard inner contour as SMIn ={Min, |1< j <k}, the set of
the leather motherboard outer contour as SMOut ={MOut; |1< j <k}, and the set of the fusion
border as SC ={C; |1< j <k}, where each motherboard outer contour MOut;  corresponds to an

inner contourMInj and a fusion border Cj , k is the number of leather motherboard.

@.Calculate the inner abutment NFPMlnlpll using the first irregular sample piece to be layout

P1, in piece set SP1 and the first leather sheet motherboard P1, in the leather sheet set.
®.Place the sample piece Pl in the central region of NFPy, .., .

@.Subtract the region of Pl after positioning from the region of MIn,, and remove P1, from
SP1 and add region of P1, to the fusion border C; of motherboard.

®.Calculate the inner abutment NFPy,.., using P1, with the updated MIn, and the outer
abutment NFF.;, using P1, with fusion border C, . Delete the intersection area from outer

abutment NFPClF,12 , and update NFPClF,12 .

©. Locate the reference point of P1, to NFPquZ , similar to processing P1, , and implement step
@.
@. Until aPLin the set SPLcannot find the outer abutment in NFF. ;, , the remaining region of

Min, will be added to MOut, . Calculate P2,, NFPy.p, and NFR. o, . P2, is the first sample piece
for nesting. NFPy,.p, is the inner abutment of MOut, . NFF. , is the outer abutment of C, .

®. Delete the outer abutment NFP. ,, from the intersection and update NFP , .
1 1 1 1

©. Similar to the positioning method of garment pieces in the set SP1, repeat step ® until some
piece P2;inthe set SP2 cannot find its outer abutment NFF;;, , then select the next motherboard,
repeat the above step @ ~ @.

. Until the pieces set of SP1 and SP2 are empty and all garment pieces are completed nesting.

Step3: Use the Eq. (1) to calculate the fitness of each individual in the genetic algorithm.

Step4: For individual selection, the individual with the maximum fitness value is inherited
directly to the next generation, and the Eq. (2) is used to select the remaining individuals.

Step5: Generate a new population. Egs. (3) and (4) were used to cross and mutate the
population produced by step4. A new population was generated.
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Step6: Simulated annealing is applied to the newly generated population to avoid the genetic
algorithm falling into a local optimum.

Step7: Determine the final nesting scheme. Repeat the above Step 2~Step 6 until the average
fitness function value of the second-generation population is less than 0.0005, and the individuals
with the maximum fitness value are selected as the final nesting scheme.

( start D
v

| Initialize SP1,SP2 and SMIn,and set i=1,j=1,L=1 |

v
| Use PLi and MIn; to calculate NFPMInjpLi le—
2

| Place the sample piece Pi in the central region of NFPMinjPLi |

v

| MInj-=PLi; SPL-=PLi; Cj+=PLi; i+=1;
v

| Use PLi,Cj and MInj to calculate NFPMInjpLi and NFPCjPLi le—

v
| NFPGjpLi -= (NFPMInjPLi= NFPGjPLi )

No

s NFPcjpLi exist?
Yes

| Place the sample piece PLi in the central region of NFPCjPLi |

| Minj-=Pui; SPL-=Pi; Cj+=PLj; i+=1; —

Yeo —— 15 SP1==NULL&&SP2==NUL[——

Figure 4: Nesting sample pieces with improved NFP algorithm.

6 EXPERIMENTAL RESULTS AND ANALYSIS

6.1 Nesting Experiment without Distinction of Importance Region

Experiment in Figure 5 is without distinguishing the leather motherboards into the high-quality
regions and the general regions. The garment sample pieces also are not classified into
differentimportance grades. In Figure 5, 22 garment sample pieces are laid out on two motherboards.

First, we use No-fit Polygon (NFP) algorithm to generate the initial nesting, and then use the
adaptive simulated annealing algorithm proposed in this paper to optimize it. Figure 5 shows the
final optimization nesting result.

6.2 Nesting Experiment of Distinguishing the high-quality Region and the Importance
of Garment Sample Piece

In Figure 6, the leather motherboards are partitioned into two grades regions, and the garment
sample pieces are also divided into two levels: level 1 and level 2. The region of the leather
motherboard within the inner contour represents a high-quality region, which used to layout the
importance level 1 pieces (blue part in figure 5 and 6). The region outside the interior contour
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represents the general quality region. After the garment sample pieces of level 1 are finished nesting
in the high-quality regions, the remaining regions used to nesting the garment sample pieces of
level 2(pink part in figure 5 and 6). The Figure 6 shows 25 garment sample pieces in two leather
motherboards.

(a) (b)

Figure 5: Optimization nesting result without distinction of importance region.

Figure 6: Optimization nesting result.

6.3 Nesting Experiment of Multiple Sets of Clothes

In the application of leather product nesting, multiple sets of garments are usually laid out in multiple
leather motherboards. The minimum number of leather used is the goal of nesting. The following
experiment tested the nesting of different sets of garments on multiple leather motherboards. For
the nesting problem of multiple sets of garments in multiple motherboards, we compared the NFP
algorithm and the adaptive simulated annealing algorithm proposed in this paper. Table I shows the
number of leather motherboard used for different sets of garments using different algorithms. A set
of garments includes 25 sample pieces.

Figure 6 shows the nesting results of 2 sets of clothes in 8 leather motherboards. We use
different colors to distinguish different garment sample pieces, green and blue sample pieces belong
to a set of clothes, pink and red sample pieces belong to another. The central region of the leather
motherboard is nesting for the important sample pieces with level 1 (blue and red sample pieces in
figure 7). The region near the edge of the leather is nesting for the pieces with level 2 (green and
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pink sample pieces in figure 7). Figure 7 (@) is the initial nesting result using NFPalgorithm, Figure
7 (b) is the optimized nesting using our algorithm. As the figure shows that the utilization of leather
is improved by using our algorithm.

(b)

Figure 7: Multiple sets of clothes nesting.

As shown in Table 1: after using the optimization algorithm in this paper, the more sets of nesting
garments the more leather masters will be saved, and it meets the actual demand of leather nesting.

Algorithm 1 set of clothes 3 sets of clothes 5 sets of clothes 10 sets of clothes
NFP 3 8 14 27
GSAO 3 8 13 24

Tablel: Number of leather used before and after optimization.
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7 CONCLUSIONS

Aiming at the problem of optimal nesting for irregular sample pieces of leather garment, this paper
has completed the following major works:

(1) The leather motherboards are divided into high quality and general regions, and the sample
pieces are divided into different importance levels. Sample pieces in high importance level (level 1)
will be placed to the high-quality region of the leather motherboard.

(2) A genetic simulated annealing algorithm with adaptive probability is proposed to find the
optimal order and rotation angle of each piece in the leather nesting.

(3) According to the optimal order and rotation angle of the sample piece, the central expansion
strategy and the positioning algorithm based on NFP can be used to layout multiple sample pieces
on multiple motherboards.

Using the above methods, an optimal sequence is obtained within an acceptable time range. The
algorithm proposed in this paper has no requirements for the regularshapes of motherboards and
sample pieces. The algorithm also works when both shapes are irregular. For a large number of
sample pieces, our algorithm can increase the speed and efficiency of the nesting, save the cost of
production, improve utilization of the motherboard. Therefore, the algorithm has a significant
economic benefit in actual production.

8 ACKNOWLEDGEMENTS

This work was supported in part by the National Natural Science Foundation of China (Grant No.
61702455, 61672462, 61902350) and the Natural Science Foundation of Zhejiang province, China
(Grant No.LY20F020025).

Xujia Qin, http://orcid.org/0000-0002-7321-4814

REFERENCES

[1] Freeman, H.; Shapira, R.: Determining the minimum-area encasing rectangle for an arbitrary
closed curve, Communications of the ACM, 18(7), 1975, 409-413,
http://doi.org/10.1145/360881.360919

[2] Dori, D.; Ben-Bassat, M.: Efficient nesting of congruent convex figures, Communications of the
ACM, 27(3), 1984, 228-235, http://doi.org/10.1145/357994.358022

[31 Koroupi, F.; Loftus, M.:Accommodating diverse shapes within hexagonal pavers, International
Journal of Production Research, 29(8), 1991, 1507-1519,
http://doi.org/10.1080/00207549108948028

[4] Gomes, A.-M.; Oliveira, J.-F.:A 2-exchange heuristic for nesting problems, European Journal
of Operational Research, 141(2), 2002, 359-370, http://doi.org/10.1016/S0377-
2217(02)00130-3

[5] Burke, E.; Hellier, R.; Kendall, G.; Whitwell, G.:A New Bottom-Left-Fill Heuristic Algorithm for
the Two-Dimensional Irregular Packing Problem, Operations Research, 54(3), 2006, 587-601,
http://doi.org/10.1287/0opre.1060.0293

[6] Burke, E.; Hellier, R.; Kendall, G.; Whitwell, G.:Complete and robust no-fit polygon generation
for the irregular stock cutting problem, European Journal of Operational Research, 179(1),
2007, 27-49, http://doi.org/10.1016/j.ejor.2006.03.011

[7]1 Lee, W.; Ma, H.; Cheng, B.:A heuristic for nesting problems of irregular shapes, Computer-
Aided Design, 40(5), 2008, 625-633, http://doi.org/10.1016/j.cad.2008.02.008

[8] Burke, E.-K.; Hellier, R.-S.; Kendall, G.; Whitwell, G.:Irregular Packing Using the Line and Arc
No-Fit Polygon, Operations Research, 58(4-part-1), 2010, 948-970,
http://doi.org/10.1287/0opre.1090.0770

Computer-Aided Design & Applications, 18(2), 2021, 242-257
© 2021 CAD Solutions, LLC, http://www.cad-journal.net



http://www.cad-journal.net/
https://doi.org/10.1145/360881.360919
https://doi.org/10.1145/357994.358022
https://www.tandfonline.com/toc/tprs20/current
https://www.tandfonline.com/toc/tprs20/current
https://doi.org/10.1080/00207549108948028
https://www.sciencedirect.com/journal/european-journal-of-operational-research
https://www.sciencedirect.com/journal/european-journal-of-operational-research
https://doi.org/10.1016/S0377-2217(02)00130-3
https://doi.org/10.1016/S0377-2217(02)00130-3
https://doi.org/10.1287/opre.1060.0293
https://doi.org/10.1016/j.ejor.2006.03.011
https://doi.org/10.1016/j.cad.2008.02.008
https://doi.org/10.1287/opre.1090.0770

(9]
[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

256

Baldacci, R.; Boschetti, M.-A.; Ganovelli, M.; Maniezzo, V.:Algorithms for nesting with defects,
Discrete Applied Mathematics, 163, 2014, 17-33, http://doi.org/10.1016/j.dam.2012.03.026
MirHassani, S.; Bashirzadeh, A.-]J.:A GRASP meta-heuristic for two-dimensional irregular
cutting stock problem, The International Journal of Advanced Manufacturing Technology, 81(1-
4), 2015, 455-464, http://doi.org/10.1007/s00170-015-7107-1

Braglia, M.:Optimisation of a Simulated-Annealing-based Heuristic for Single Row Machine
Layout Problem by Genetic Algorithm, International Transactions in Operational Research, 3(1),
1996, 37-49, http://doi.org/10.1111/j.1475-3995.1996.tb00034.x

Dagli, C.-H.; Poshyanonda P.:New approaches to nesting rectangular patterns, Journal of
Intelligent Manufacturing, 8(3), 1997, 177-190, http://doi.org/10.1080/002075499191166
Babu, A.-R.; Babu, N.-R.:A generic approach for nesting of 2-D parts in 2-D sheets using
genetic and heuristic algorithms, Computer-Aided Design, 33(12), 2001, 879-891,
http://doi.org/10.1016/S0010-4485(00)00112-3

Gomes, A.-M.; Oliveira, J.-F.:Solving Irregular Strip Packing problems by hybridising simulated
annealing and linear programming, European Journal of Operational Research, 171(3), 2006,
811-829, http://doi.org/10.1016/j.ejor.2004.09.008

Sato, A.-K.; Takimoto R.-Y.; de Castro Martins, T.:Translational placement using simulated
annealing and collision free region with parallel processing, 2010 9th IEEE/IAS International
Conference on Industry Applications, 2010, 1-6.
http://doi.org/10.1109/INDUSCON.2010.5740071

Liang, L.; Ye, J.:Improved Irregular Parts Nesting with Particle Swarm Optimization, in 2010
International Conference on E-Business and E-Government, 2010, 769-772.
http://doi.org/10.1109/ICEE.2010.200

Liu, H.; Zhou, J.; Wu, X.: Optimization algorithm based on niche genetic algorithm for irregular
nesting problem, The 27th Chinese Control and Decision Conference (2015 CCDC), 2015,
4259-4263, http://doi.org/10.1109/CCDC.2015.7162678

Xu, J.; Wu, X.; Liu, H.:An optimization algorithm based on no-fit polygon method and hybrid
heuristic strategy for irregular nesting problem, 2017 36th Chinese Control Conference (CCC),
2017, 2858-2863, http://doi.org/10.23919/ChiCC.2017.8027799

Lee, C.-P.; Lin, W.-S.; Chen, Y.-M.; Kuo, B.-].:Gene selection and sample classification on
microarray data based on adaptive genetic algorithm/k-nearest neighbor method, Expert
Systems with Applications, 38(5), 2011, 4661-
4667,http://doi.org/10.1016/j.eswa.2010.07.053

Suman, B.:Study of simulated annealing based algorithms for multiobjective optimization of a
constrained problem, Computers & Chemical Engineering,28(9), 2004, 1849-1871,
http://doi.org/10.1016/j.compchemeng.2004.02.037

Bekiroglu, S.; Dede T.; Ayvaz Y.:Implementation of different encoding types on structural
optimization based on adaptive genetic algorithm, Finite Elements in Analysis and Design,
45(11), 2009, 826-835, http://doi.org/10.1016/j.finel.2009.06.019

Mundim, L.-R.; Andretta, M.; Carravila, M.-A.; Oliveira, J.-F.: A general heuristic for two-
dimensional nesting problems with limited-size containers, International Journal of Production
Research, 56(1-2), 2018, 709-732, https://doi.org/10.1080/00207543.2017.1394598
Sato, A.-K.; Martins, T.-C.; Guerra Tsuzuki, M,-S.:Massive parallelization accelerated solution
for the 2D irregular nesting problem, IFAC-PapersOnLine, 52(10), 2019, 119-124,
https://doi.org/10.1016/j.ifacol.2019.10.010

Chen,Y.; Tang, M.; Tong, R.; Dong, J.: Packing of Polygons Using Genetic Simulated Annealing
Algorithm, Journal of Computer Aided Design & Computer Graphics, 15(5), 2003,
598-603+609

Ravelo, S.-V.; Meneses, C.-N.; Santos, M.-0.: Meta-heuristics for the one-dimensional cutting
stock problem with usable leftover, Journal of Heuristics, 26(3), 2020, 585-
618, https://doi.org/10.1007/s10732-020-09443-z

Computer-Aided Design & Applications, 18(2), 2021, 242-257
© 2021 CAD Solutions, LLC, http://www.cad-journal.net



http://www.cad-journal.net/
https://doi.org/10.1016/j.dam.2012.03.026
https://doi.org/10.1111/j.1475-3995.1996.tb00034.x
https://doi.org/10.1016/S0010-4485(00)00112-3
https://doi.org/10.1016/j.ejor.2004.09.008
https://doi.org/10.1109/ICEE.2010.200
https://doi.org/10.1109/CCDC.2015.7162678
https://doi.org/10.23919/ChiCC.2017.8027799
https://doi.org/10.1016/j.eswa.2010.07.053
https://doi.org/10.1016/j.compchemeng.2004.02.037
https://doi.org/10.1016/j.finel.2009.06.019
https://doi.org/10.1080/00207543.2017.1394598
https://doi.org/10.1016/j.ifacol.2019.10.010
https://doi.org/10.1007/s10732-020-09443-z

257

[26] Fan, Y.; Wang, P.; Heidari, A.-A.; Wang, M.; Zhao, X.; Chen, H.; Li, C.: Rationalized fruit fly
optimization with sine cosine algorithm: A comprehensive analysis, Expert Systems With
Applications, 157, 2020, https://doi.org/10.1016/j.eswa.2020.113486

[27] Bilal; Pant, M.; Zaheer, H.; Garcia-Hernandez, L.; Abraham, A.: Differential Evolution: A review
of more than two decades of research, Engineering Applications of Artificial Intelligence,90,
2020, https://doi.org/10.1016/j.engappai.2020.103479

Computer-Aided Design & Applications, 18(2), 2021, 242-257
© 2021 CAD Solutions, LLC, http://www.cad-journal.net



http://www.cad-journal.net/
https://doi.org/10.1016/j.eswa.2020.113486
https://doi.org/10.1016/j.engappai.2020.103479

