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Abstract
In this study, we present a mathematical model with three objectives, by which we 

maximize the number of standard items in stock, by recovering the materials lost in the 
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first of which is to create the cutting matrix and the second of which is to find all possible 
solutions that satisfy the orders and from them all the efficient solutions, thanks to a subset 
of these cutting modes. In both steps, we recover lost materials through welding and form 
new standard items. Each solution features the number of standard items recovered by total 
waste weld, number of cutting modes, and total waste.
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1. Introduction 
The cutting stock problems remain of great interest to researchers in the 

field of operations research due to several factors, including their wide range of 
applications and extensions, such as reproducing standard items by welding 
missing materials from previous cutting operations, the number of installations, 
or reducing the number of objects in the inventory, or inventory costs, etc. 
Among these extensions, Cui and Yan studied a single-cutting stock problem 
using multi-objective optimization, which considered: the final costs of the final 
product, the benefit gained from the excess length of unused sheet metal when it 
exceeds a maximum, and the benefit gained from the benefits resulting from 
previous cutting operations. To solve this problem, they proposed a method 
consisting of an analytical technique that cuts a portion of the demand and a 
heuristic approach that cuts the remaining demand [1]. Campello et al., also 
proposed a multi-objective model of the one-dimensional cutting problem with 
the following objectives in mind: reduce total costs, inventory costs, costs 
incurred, and reduce total material loss and object inventory costs [2].  

While we wanted in this work to present a study of the one-dimensional 
cutting stock problems with three objectives and propose a solution approach. 
The importance of this study in particular lies in maximizing the standard items 
by recovery the waste, and in minimizing waste to the maximum extent, firstly 
as an objective function to minimize the waste of raw materials and secondly by 
waste recovery. Where the objectives are, maximizing the standard items 
recovered from the remains of previous cutting operations, minimize the waste 
and minimize the number of installations. To achieve this, we assume that we 
have a stock of identical standard items to fulfill the order, we cut them or part 
of them into small parts according to the order, and this cutting operation is 
carried out according to the cutting modes that are generated according to a 
certain cutting plan. Using set of these modes, we form cutting strategies. While 
generating cutting modes and building cutting strategies, we recover the wastes 
and weld them to form new standard items that add to the stock of standard 
items. We also present an approach for the solution, which consists of a heuristic 
method for generating cutting modes as an alternative to the column generation 
technique of Gilmore and Gomory [3] and modeling the cutting modes in the 
form of a graph to create cutting strategies. We also demonstrate the 
effectiveness of this proposed heuristic in providing solutions to the problem, 
through the empirical study described below. The remainder of the article is 
organized as follows: In the next section, we provide a detailed explanation of 
the proposed model, while we devote the third paragraph to presenting the 
solution procedures represented by several algorithms through which the 
proposed model is solved. As for the fourth section, we devoted it to the results 
and discussion, and then we conclude this work with the most important results 
obtained. 

2. Literature Review 
Previously, classical studies of cutting stock problems were limited to trim 

loss minimization. Now, thanks to the use of multi-objective optimization, it has 
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been expanded to include studying a variety of objectives at the same time. Such 
as minimizing waste and maximizing profit, or minimizing waste and 
minimizing the number of standard items. In the early sixties of the last century, 
more precisely between 1961 and 1965, Gilmore and Gomory developed a 
method for solving cutting problems used in industry, the column generation 
technique, based on linear programming methods for solving this type of 
problem [4, 5]. This method was later modified, with Haessler using a more 
restrictive formula to control the generation of cutting modes [6]. Farley also 
made some improvements to it, which involved generating an initial solution, 
with the aim of making it more practical [7]. Umitani et al., proposed a 
technique that uses two types of search operations, namely single-neighbor 
addition and neighbor displacement, respectively, to solve a single-dimensional 
cutting problem with a fixed number of poses, in order to reduce the number of 
parts in the inventory while limiting the number of different part models within 
user-defined limits [8]. While Poltronier et al., studied the integrative problem 
of determining parts inventory and order sizes in the sheet metal industry, with 
the aim of receding the costs of determining parts inventory, installation, waste, 
and finished product inventory. They used integer linear programming and two 
heuristics to solve this proposed model [9]. De Armas et al., proposed a model 
for the cutting problem represented by a model with two objectives: total benefit 
and number of settings. To solve this model, they proposed three algorithms: 
genetic algorithm, Pareto algorithm, and evolutionary algorithm [10]. Henn and 
Wäscher demonstrated in a classification study of cutting problems showed that 
cutting stock problem with setups can be replaced by a corresponding bi-
objective optimization model, these results in a vector optimization model based 
on single stock size cutting stock problem inputs with setups [11]. Araujo et al., 
used a heuristic technique utilizing concepts of genetic algorithms, and proposed 
a solution to the one-dimensional cutting stock problem with installations, 
taking into account two objective functions: minimizing the number of standard 
items and the number of different cutting modes used [12]. To solve a one-
dimensional cutting stock problem with installations, Cui et al., used a 
mathematical model with two objectives: reduce primary elements used in 
cutting and installation costs for a given mode set. They proposed an algorithm 
for generating cutting mode sets to solve this problem. They then described a 
sequential assembly procedure for generating modes in the set [13]. Liao et al., 
have proposed three mathematical models: a cutting pattern model, a time-
period model, and a cutting machine model to study the integrated cutting 
problem, which is a one-dimensional cutting problem and to determine the sizes 
of sheets used in various industries. To solve these proposed models, they 
developed two algorithms: the first is a heuristic technique using the column 
generation method, and the second is a column generation method. In a 
comparative study of these models, the cutting machine model is the best in 
terms of real data [14]. While Filho et al., proposed a mathematical model for 
the one-dimensional cutting problem, which is a two-objective cutting model: 
the first is the installation costs and the second is the number of different cutting 
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positions. They also proposed several solution algorithms, such as the weighted 
sum technique and some improved versions of the Chebyshev metric, with the 
goal of generating all efficient solutions. [15]. Meloli et al., also modeled a one-
dimensional cutting problem as a one-dimensional cutting problem with the two 
goals of reducing both the waste and the number of settings. They also proposed 
a solution method in the form of a genetic algorithm that gives a vector of 
efficient solutions [16]. Campello et al., also proposed a multi-objective model 
of the one-dimensional cutting problem with the following objectives in mind: 
reduce total costs, inventory costs, costs incurred, and reduce total material loss 
and object inventory costs [2].  

3. Model building and solving 
Definition 3.1: A recovered standard object is any object formed from cutting 
scraps and whose size is equal to that of the original standard object. 

Definition 3.2: A possible cut mode is a set of cut parts of a standard item and 
the location of each within the standard item. 

Definition 3.3: A possible cut strategy is a set of possible cut positions to meets 
different types of orders. 

3.1 Modeling the problem 
In order to construct a three-dimensional mathematical model for the one-

dimensional cutting stock problem with cutting waste recovery, we assume that 
we have a set of standard items of the same sizes, where we cut a standard items 
of size   into a set of parts of sizes      , to meet   different order sizes noted 
by   . On the other hand, we consider the number of installations by entering 
the variable       which equal to 1 when     , meaning that it has moved 
from one installation to another new installation, is equal to 0 when     , 
meaning that no transition has taken place from one installation to a new 
installation. Where t = 1 … r. Therefore, the cost to be minimized in the case of 
installations is: ∑       

   . At the same time, we recover the waste resulting 
from generating the cutting mode, which is the size of the standard item from 
which we subtract the size used to generate the cutting mode and denote it as   . 
As for the parts   in excess of demand resulting from the use of cutting strategy 
 , they are the same as the parts required, but they are in excess of order, and are 
considered a waste, we denote it as    . Welding these waste gives standard 
items   , where we denote by       the boolean variable equal to 1 when     , 
i.e. that is, the retrieved standard object has been formed is equal to 0 when 
    , i.e. That is, no standard item was retrieved, thus the objective function at 
each stage becomes maximized ∑        

   .  
Thus, the cutting model can be constructed as follows: 

Model parameters and decision variables 
   be the size of standard item (body), 
    be the size of order part h, (         , where   number of part types), 
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    be the order quantity of the part type h, (        ), 
    be the waste when using the cutting mode h, 
    be the quantity of waste when using cutting mode h,  
     be the number of parts of type   in excess of the order in the cutting 

modes used in cutting strategy  , 
     be the size of the parts exceeding the order of type  , 
   be the number of cutting modes, 
    {       } set of waste sizes, k = 1, 2… 
    {       } set of waste quantity, 
     be the frequency of the     part in the     mode, 
    be the cutting strategies. 
    be the frequency of the     cutting mode is used, t = 1,…, r, 
    be the number of standard items recovered at each step, t = 1,…, r, 
 
Let us have three objective functions: 
 Total waste  
          (     )           (  ∑    ∑      

   
 
   )  (1) 

 number of cutting modes  
          (     )           ∑       

      (2)  
 Number of standard items retrieved 
           (     )          (∑        

   )  (3) 
 
Model constraints: 
 ∑       

                (4) 
                (5) 
            , r  (6)  

       {
          
          

  (7)  

 ∑         
        (8) 

        {
          
          

  (9)  

 
Based on the previous notices, we formulate the proposed model, which is 

to maximize the number of recovered items, minimize the number of 
installations, and also minimize waste, as follows: 
          (     )           (  ∑    ∑      

   
 
   )  (10)  

          (     )           ∑       
      (11) 
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           (     )          (∑        
   )  (12)  

  ∑      
 
                (13) 

                 (14) 
                 (15)  
  ∑    

 
      

      (16) 

        {          
            (17)  

         {          
            (18)  

The fourth constraint ensures that the number of times of the hth part in the 
tth mode, multiplied by the frequency of the tth mode of cut is used, will always 
meet the order, and the eighth constraint ensures that the size of the standard 
item formed from the waste is equal in size to the original standard item. 

3.2 Solution procedures 
The solution process consists of three steps:  

Step 1: Forming a cutting methodology and calculating cutting waste in cutting 
modes, to construct a cutting methodology, first, we write the sizes of the part 
types as follows:    >    > …>   . Then we determine the frequency of the size 
of the first part type is cut from the size of body, denoted by    , and determine 
the frequency of the size of the types of residual parts that can be cut from the 
residual size of the body. Then we lower     by 1, (i.e. we put           ). 
As in the first case, we cut the sizes of the residual part types from the remainder 
of the body size. We continue to reduce    by 1 each time, until no more     
remains where     . Then, we set     at each of the resulting values, and for 
each value of    , we lower the frequency of the size of the second type of part 
is cut from the residual size of the body (i.e. we set     where     to its initial 
values, and start to lower the value of     every time by 1), and we determine 
the frequency of the residual part types are cut from the residual body size as we 
did in the previous case. These operations are repeated for every size of the part 
type until      . Lastly, thanks to this cutting methodology, a cutting 
matrix is formed, each line of which represents a mode of cut, which is referred 
to as   . Then, we calculate the waste in each   by       ∑    

 
   , h = 1, 

2,..  
In practice, the first element of the first row of the cutting matrix is 

determined by the following formula:     ⌊  
  

⌋, where ⌊⌋ the lower integer part. 
Then the rest of the line elements are completed as follows: for the sake of     

and for   varies from   to   then     ⌊    ∑          
   

  
⌋, [17], Then we lower     

by the formula           , then we set the     elements where     in the 
values found previously and the same operations are repeated for the size of the 
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second type of parts, and in this way the algorithm is updated. The rest of the 
sizes of the part types are treated in the same way as mentioned above until 
     , to form a matrix with   rows and   columns. 

 
Algorithm 1. Cutting methodology algorithm and calculation of cutting 
waste in cutting modes 
Input: The size of the main object and the sizes of the part types, 
Output: possible cutting modes and the waste of cutting mode, 
Let    >    > …>   ,   is the number of parts ordered 
1. Determine a11 = ⌊    ⌋, put t = 1,  

 for h = 2 to   do a1h = ⌊  ∑          
   
  

⌋ , put h = 1, v = 1, e = 1, 
a) put t = 1, e = 1, 
b) if ath ˃ 0 then t = t + 1, l = 1, 
c) v = v + 1, 
d) if h = 1 then avh = a t-1,h- l 

 For h := e + 1 to   do avh = ⌊  ∑          
   
  

⌋, 
e) else for z := 1 to h-1 do avz = a t-1,z, 

 For h := e do avh = a t-1,h- l, 

 For h: = e + 1 to   do avh =⌊  ∑          
   
  

⌋, 
f) if avh ˃ 0 then put l = l + 1, b = b + 1 and go to (c) else go to (g), 
g) b = b + 1, 
h) if b ˂  , then go to (b), 
i) else if h ˂   -1 then set h = h + 1, e = e + 1 and go to (a), else stop, 

2.  Else set t = t + 1, b = b + 1 and go to (b). 
3.  For h = 1 to   do for t = 1 to   do       ∑     

   . 

Step 2: Cutting strategy construction and cutting waste calculation in cutting 
strategies. We construct the cutting strategies by modeling the cutting modes 
using a graph        , where  : the set of summits,  : the set of edges. In 
which, each cutting mode generated in the step of construction of the cutting 
matrix represents a summit   of   and every pair of cutting modes, which do not 
cut the same type of parts, are connected by an edge   of  , that is, each pair of 
these modes forms cutting strategy   . Such that in the first phase, we merge 
each pair of summits   associated with an edge into a single summit   . We then 
connect these summits to the summits that are not edge-embedded u, which 
means that we add a new cutting mode to each previous cutting strategy to form 
a new cutting strategy with a larger number of cutting mode. Then we connect 
the summits resulting from linking summits   to summits  , to summits   that 
are not included in  . The number of iterations continues until the solution is 

unable to evolve and the test is performed by the formula: ∑     
   ⌈∑     

 
   

 ⌉, 
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where ⌈ ⌉ the upper integer part. At the same time, we calculate the cutting waste 
in each cutting strategy constructed. We first calculate the value   , which 
represents the frequency of the jth cutting mode is used, which is equal to the 
maximum value between ordered quantities divided by the number of times of 

part   in the cutting mode   use, for each type of part (      (⌈
  
   
⌉)), t = 

1, 2… then the quantity of each type of part remaining in waste of trim in each 
cutting strategy noted     where        ⌈

  
   
⌉. 

 
Algorithm 2: Algorithm for generating cutting strategies and calculating 
wastes resulting from creating cutting strategies 
Input: summits and edges, 
Output: cutting strategies and waste resulting from creating cutting strategies 
1. Let the following sets:    {         } set of cutting models, set of 

summits of type     {          }, set of summits of type    
 {         },     {         } set of the edges and   the size of the 
cutting model. 

2. for h := 1 to   do 
 for t := t to   do 
 begin 
 Ex := false (boolean type); 
 for k:=1 to   do 
 if (   = 0) and (   = 0) then Ex := true; 
 if not Ex then relate the summit    by the summit    by an edge u.  
 and put    {     },  
 else there is no edge between    and   , 
3. For h:= 1 to cardinal     do  
 For t := 1 to   do  
 begin 
 If       then there is no edge between    and   , 
 Else, relate the summit    by the summit    by an edge u. 
 relate the summit    by the summit    by an edge u, end,  
4. Calculate       (⌈

  
   
⌉), t = 1, 2…the frequency of the tth cutting 

mode is used,  
5. Calculate the quantity of each type of part remaining in waste of trim in 

each cutting strategy        ⌈
  
   
⌉, 

6. Repeat steps 2 to 5 until the solution is unable to 

evolve ∑     
   ⌈∑     

 
   
 ⌉. 

Step 3: The waste recovery and creation of standard items, to recover the waste 
resulting from the cutting process, whether when generating cutting modes or 
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building cutting strategies, we weld the cutting wastes resulting from the cutting 
process to form new standard items that are used again to meet order. Firstly, we 
arrange the lengths of the wastes   , in descending order from longest size to 
smallest size. As long as the integer t is less than or equal to the quantity of 
waste   and (        - ∑         

           …). Calculate the number of 
times t where waste of type h can be welded, (i.e.    = t) and from this calculate 
whether the waste has been finite or not (i.e.              , in the case where 
it is finite (i.e.      ), this type of waste will be removed from the waste list, 
and the waste quantity set L will be organized according to the new waste 
quantity list. In the other case, where    remains greater than zero (i.e.      ), 
the set of quantities of waste Q becomes of the form Q = {            }. 
Each time we keep adding a new waste that realizes the inequality   - ∑     

   
         until we reach realization   - ∑       

     . If this inequality is 
equal to zero, this means that the new standard object has been formed. 
However, if the inequality is completely less than zero, this means that the sizes 
of the wastes that were welded are larger than the size of the standard item, so 
we cut off that excess size and what's left is the new standard object. This recent 
surplus remains an irrecoverable waste. 

Algorithm 3: The waste recovery algorithm 
Input: waste, 
Output: standard items, 
1. Arrange the sizes of waste,   , h = 1, 2…, in descending order, i.e. (   > 

   > …),  
2. let be h =1, t = 1,   = Ø, Q = {        }, 
3. While Q <> Ø do 

a) While        ) and (     ∑         
      ) do    = t,     = 

   -   ,   =   ∪{   }, 
b) if h   card ( ) then go to (4), (card ( ) is the number of elements 

of  ), 
c) else if   - ∑       

      then S = ∑       
   , else S = 

∑       
     , (where   ∑       

     ), 
d) for z: = 1 to card ( ) do if       then    =     and Q = 

   {  }, and go to (2) (where    {  } complement of   
 {  }), else for z: = 1 to card ( ) do l = Min(⌊    ⌋),     =    - 

    ,          then    =    ,  
Q =    {  } and go to (2) else let be    =     and go to (3),  
e) else for z: = 1 to card ( ) do if       then let be    =    , Q = 

   {  }, and go to (3a) else let be    =     and go to (2), 
4. If ∑       

             then 
a) let be h: = h +1, and go to (3a), 
b) else if h   (card ( ) -1) then h: = h +1,    = 0,     =    and go to 

(4) else go to (3c), 
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3.3 Limitations of the Algorithm 
In this paragraph, we verify the limitations of the number of stages and the 

non-repeatability of the algorithm:  

Algorithm 1: In this methodology, the first element of the first row of the 
cutting matrix is determined by the following formula:     ⌊    ⌋. Then the rest 
of the line elements are completed as follows: for the sake of     and for   

varies from   to   then     ⌊    ∑          
   
  

⌋, the rest of the sizes of the part 
types are treated in the same way as mentioned above until      , 
Therefore, each part is used once and does not return to the processing process 
again. Therefore, the algorithm is not repeated. Since the number of parts is 
limited, the algorithm is limited. 

Algorithm 2: The idea of algorithm No. 2 in providing possible solutions is that 
every pair of cutting modes, which do not cut the same type of cutting, is 
connected by an edge u of  , that is, every pair of these modes constitutes a 
possible solution (cutting strategy). Then we add a new cutting mode to each 
previous cutting strategy to form a new cutting strategy with a larger number of 
cutting mode. Then we connect the vertices resulting from connecting vertices   
to vertices x, with vertices x that do not enter  . The calculation continues in the 
same way until we reach the theoretical value, reaching the theoretical value 
means that the number of steps is limited, and at each step we add a new cutting 
mode to form a new possible solution with a larger number of numbers of 
cutting modes, which means that the algorithm does not loop. 

Algorithm 3: Algorithm 3 trains the standard items based on the waste vector. 
Each time a part of the waste vector is used, it tests whether the type of part of 
waste is zero or not. If it is equal to zero, this type of part of waste will be 
deleted from the list of vector of wastes, and all the quantities of wastes L will 
be organized according to the new list of quantities of wastes without the 
quantity is equal to zero, the algorithm. Continues to take waste until we cannot 
form a new standard item or finish the waste vector, for this, the algorithm does 
not loop and as the waste vector is finite dimension then the algorithm is 
finished. 

3.4 Illustrative example 
In order to clarify the operation of the proposed algorithm for solving the 

three-objective one-dimensional cutting problem with waste recovery, we 
implement it on the following example, where we initially have the following 
data: Standard item size, required piece sizes, and orders as shown in table 1.  
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Table 1 
Standard item size, required cutting sizes and orders 

 
         

h       
1 
2 
3 

60 
40 
30 

5 
6 
12 

  
1. By applying algorithm number one, we obtain the following cutting matrix 

and the waste resulting from applying each cutting mode: 

  A = (
     
     
     
     

), R = (
  
   
   
  
) 

1st iteration 
1. The theoretical value ∑     

     , 
a) Let set of cutting modes    {           }, each cutting mode 

represents a vertex x, then the vertices are     {           }, set of 
vertices of type      , and the set of edge      , 

b) According to step 2 of algorithm 2, the pairs of cutting modes, which 
do not cut the same type of parts are the pairs   ,    and   ,  . 
Therefore, we connect the vertices   ,    by an edge    and the 
vertices   ,    by an edge   , Hence the set of edges     {     }. 
As shown in figure 1. 

 

 
 

Figure 1 
Construction of cutting strategies 

 
The number of parts in excess of the order and their quantities resulting 

from the application of various cutting plans at this step are respectively 
             ,           ,  

x1 x4 

x2 x3 
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c) By applying algorithm No. 2 to build the cutting planes, and 
algorithm No. 3 to recover the cutting waste, for the first step of the 
solution, the results obtained and shown in table No. 2, which are 
represented by the feasible solutions, which are characterized by the 
number of optimal standard items recovered, the number of modes 
and the percentage of waste. 

 
Table 2 

Results of applying the first step of the solution 
 

No of 
Solutions 

Cutting 
strategies 

Percentage 
of waste 

number 
of 

modes 

Number of 
bodies 

retrieved 

execution 
time 

1           
           4.5 2  

4 
 

1.00 

2           
           1.8 2 

 
2nd iteration 
a) Set of vertices of type     {  }, and set of vertices of type    

 {{     } {     }}  {     },  
b) To build the cutting strategies of three modes, we connect the vertices   , 

   by an edge   , the vertices   ,    by an edge   , and the vertices   ,    
by an edge   , and hence the set of edges     {        }. As shown in 
figure 2. 

 
Figure 2 

Construction of cutting strategies 
 

c) By applying algorithm No. 2 to build the cutting strategies, the number of 
parts in excess of the order and their quantities resulting from the 
application of various cutting strategies at this step are respectively 
           ,           ,  

d) By applying algorithm No. 2 to build the cutting strategies, and algorithm 
No. 3 to recover the cutting mode, for the second step of the solution, the 

u5 

u4 

e1 

x4 

e2 

u3 
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results obtained and shown in table No. 3, which are represented by the 
feasible solutions, which are characterized by the number of optimal 
standard items recovered, the number of modes and the percentage of 
waste. 

Table 3 
Results of applying the second step of the solution 

No of 
Solutions 

Cutting 
strategies 

Percentage 
of waste 

number 
of modes 

Number of 
items 

retrieved 

execution 
time 

1 
          
          
          

 3.6 3 
 
 
 

0 

 
 
 

1.20 
2 

          
          
          

 0.9 3 

3 
          
          
          

 3.6 3 

 
e) Stop because there is no progress in the solution. The set of effective 

solutions is shown in the table below as follows: 
 

Table 4 
Effective solutions set 

No of 
solutions 

Effective 
solutions 

Percentage 
of waste 

Number 
of modes 

Number of 
items 

recovered 

execution 
time (S) 

1           
           1.8 % 2 4 1.00 

2 
          
          
          

 0.9 % 3 0 1.20 

 
The results obtained through the illustrative example and presented in 

Table No. 4 show that two cutting strategies, the first with two cutting modes 
and the second with three cutting modes represented the efficient solutions. The 
solution was distinguished by two cutting modes with an estimated the waste by 
1.8 % and two numbers of modes, and four standard items were recovered and 
with an execution time of one second. As for the solution with three modes, the 
waste estimated at 0.9 % and for three numbers of modes, no standard item was 
recovered with an execution time of one second and twenty-hundredths. 

4. Results and discussion 
In order to test the effectiveness of the proposed method to solve the model 

studied in this work, which is called the method of constructing cutting 
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strategies with waste recovery (CPTM). We first generate 12 random instances 
to carry out a study empiric on these. Then we used real data taken from the 
Japanese Chemical Fiber Manufacturing Company to compare our proposed 
method with both the symbiotic algorithm proposed by Golfeto et al. called 
GSAM [18] and the genetic algorithm proposed by Araujo et al. called GOAM 
[12]. They are two techniques that study the minimization of both waste and the 
number of modes. Our proposed algorithm was coded in Delphi language and 
tested on a HP Z8 2x Xeon® Silver 4110 machine (2.1 GHz/8 cores/11.00 
MB/85 W) Ram 16 GB (2 x 8 GB) DDR4 2400T HDD 1 TB Sata DVD-RW 
Windows 10 Pro 64 Bit. 

4.1 Randomly Generated Data Set 
We initially generated 12 random cases with the following specifications. 
1. Number of types of ordered parts:   varies from 3 to 50, 
2. Item size: S = 4060 for the first 3 cases, S = 7050 for the remaining 3 

cases, S = 22780 for the remaining 3 cases, S = 25621 for the remaining 2 
cases. 

3. Item size:   were randomly generated in the interval [40, 3500], 
4. Order:    were randomly generated in the interval [3, 658]. 

The results obtained by our proposed method CPTM as appear below in 
Table 5.  

Table 5 
The set of solutions provided by CPTM 
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Instance 1 S = 4060   = 3 Instance 2 S = 4060   = 20 Instance 3, S = 4060   = 50 

2 0.07 3 1.56 7 0.49 3 6.00 11 0.34 6 10.0 
1 1.04 2 1.00 6 0.89 2 5.63 10 0.55 3 9.07 
Instance 4, S = 7050   = 5 5 1.76 4 4.54 9 0.93 0 8.00 
4 1.06 2 2.74 4 2.65 5 4.13 8 1.07 5 7.60 
3 2.65 4 2.00 3 4.87 3 2.04 7 1.76 4 6.00 
2 5.45 1 1.54 2 6.45 1 1.50 6 2.53 3 5.66 
Instance 5 S = 7050   = 25 Instance 6 S = 7050   = 45 5 3.64 2 4.76 
8 0.04 3 6.00 11 0.05 5 9.00 4 5.32 1 4.10 
7 0.76 2 5.05 10 0.12 7 8.08 3 7.45 6 2.04 
6 1.25 5 4.00 9 0.76 2 7.00 Instance 7 S = 7050   = 50 
5 2.66 1 3.65 8 1.53 0 6.46 13 0.08 6 11.0 
4 4.63 7 2.00 7 2.65 3 6.00 12 0.76 4 10.3 
3 6.59 6 1.45 6 3.08 4 5.58 11 0.92 1 10.00 
Instance 8 S = 22780   = 35 5 3.84 5 5.02 10 1.00 5 9.07 
10 0.06 7 12.00 4 4.66 4 4.32 9 1.43 3 8.21 
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9 0.21 4 11.22 3 6.34 6 2.00 8 2.02 6 7.55 
8 0.47 2 10.34 Instance 9 S = 22780   = 45 7 3.47 2 7.01 
7 1.01 3 7.21 13 0.02 4 15.0 6 4.05 0 5.44 
6 1.56 0 5.00 12 0.09 2 14.0 5 5.24 3 5.00 
5 2.74 1 4.06 11 0.54 6 13.5 4 7.72 2 4.36 
4 4.08 2 3.05 10 1.04 1 12.0 Instance 11 S = 22780   = 

50 
Instance 10 S = 25621   = 35 9 2.12 0 11.6 14 0.02 5 16 
13 0.06 6 15.00 8 3.45 5 11.2 13 0.08 3 15.0 
12 0.71 7 14.07 7 4.09 3 10.08 12 0.65 1 14.0 
11 1.08 3 13.00 6 4.76 1 10.0 11 1.04 0 13.5 
10 2.23 5 12.22 5 6.02 2 7.43 10 1.9 2 12.0 
9 3.44 6 11.04 4 6.75 4 4.00 9 2.84 4 11.0 
8 3.76 4 10.21 3 7.77 5 3.44 8 3.52 5 10.3 
7 5.06 1 9.45 Instance 12 S = 25621   = 5 7 5.13 3 9.08 
6 5.34 1 8.34 4 0.21 5 5.07 6 6.34 2 8.80 
5 7.25 2 7.00 3 0.76 1 4.00 5 6.98 1 5.00 
4 8.90 2 5.06 2 2.00 2 3.05 4 8.07 7 4.13 

 
Table 5 represents vectors of efficient solutions for 12 instances of 

different types of parts, as well as different request sizes and different standard 
item sizes, which were randomly generated data. The accuracy of the results 
obtained varies from one instance to another. For example, instance No. 1, where 
the standard item size was 4060, where the efficient solutions were a solution 
with a two numbers of modes and a percentage of waste estimated at 0.07%, and 
3 standard items were retrieved with an execution time of one second and fifty-
six hundredths and a second solution with one number of mode and a percentage 
of waste estimated at 1.04%, and 2 standard items were retrieved with an 
execution time of one second. For example, instance 11, where the size of the 
standard item was S = 22780 and the number of parts   = 50. The precision of 
the solutions provided varied 8.07% of the total missing size and 4 numbers of 
modes to 0.028% of the total missing mode and 16 numbers of modes, with the 
execution time ranged from 16 seconds to 4 seconds and thirteen hundredths, 
while the number of standard items retrieved ranged from 7 to 0 standard items. 
On a careful reading of the results obtained in this experimental study, it can be 
seen that our proposed method provides a set of efficient solutions that form the 
Pareto front in a reasonable execution time. 

4.2 Practical Data Set 
In this paragraph, we conduct a comparative study between the CPTM 

algorithm and the algorithm of Golfito et al. [18] and the algorithm of Araujo et 
al. [12]. We take into account the waste and the number of modes for a sample 
of 20 cases taken from a Japanese company specialized in chemical fibers as 
stated by to the data below: 
1. Number of types of ordered parts:   varies from 4 to 20, 
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2. item size: S = 5180 for the first 5 cases and S = 9080 for the remaining 6 
cases, 

3. part size:   were randomly generated in the interval [500, 2000]; 
4. Order:    were randomly generated in the interval [2, 264]. 

The solutions provided by the symbiotic algorithm, the genetic algorithm 
and our method CPTM as visible in Table 6. 

 
Table 6 

The solutions provided by the algorithms GOAM, GSAM and CPTM 

mode waste (%) mod
es waste (%) mode

s waste (%) 

GOAM GSAM 
CPT

M GOAM GS
AM 

CPTM GOAM GSAM CPTM 

Instance Fiber06 5180 Instance Fiber28b 5180 Instance Fiber28b 9080 
7   1.413 22  2.86 1.751 19 2.42  2.502 
6 2.09  1.829 21  4.49 3.094 18 5.23  3.743 
5 8.27 5.19 2.557 20  7.76 3.762 17 23.50  5.372 
4   3.365 19  28.90 4.105 16 32.54  6.865 
3  8.28 5.632 18   4.845 15   7.427 
Instance Fiber07  5180 17 8.27  5.312 14   8.014 

10   1.263 16   5.982 13   8.455 
9   1.748 15   6.836 12   10.463 
8   2.152 14 7.40  7.128 11   11.054 
7   2.836 13 9.12  7.471 10   11.658 
6   3.062 12   8.326 9   13.124 
5   3.475 11 11.98  8.852 8  9.95 13.461 
4 4.98  4.26 10 10.8  9.12 7   13.982 
3 8.16 4.98 6.113 9 13.42  11.04 6  12.96 15.547 
2  11.34 7.541 8 17.72   5  22.00 18.076 
1  68.61 11.76 7 22.87   4  41.52 20.654 
Instance Fiber11 5180 6 41.78   3   23.065 

12   1.575 5 97.77  11.45 2   31.521 
11   2.123 4   13.68 Instance Fiber26 9080 
10   3.857 3   14.54 15 1.00  1.074 
9   4.379 2   17.04 14   1.364 
8   4.937 Instance Fiber11 9080 13 1.94  2.875 
7 2.98  5.075 6   1.054 12 3.764  3.764 
6 9.13  6.654 5 2.38  2.648 11   4.547 
5 12.20  7.475 4 5.07  2.975 10  5.72 5.056 
4 14.67 6.65 8.536 3 11.90 5.08 4.073 9  6.66 6.423 
3  9.13 10.05 2  13.16 7.751 8  7.61 7.522 
2  52.16 20.23 1  228.7 22.54 7  9.49 8.043 
InstanceFiber16 5180 Instance Fiber18 9080 6  10.44 14.346 

16  4.01 1.052 9 2.34  1.058 5  11.38 16.871 
15   1.317 8 4.20  2.673 4  23.65 18.346 
14  5.23 1.836 7 6.06  4.012 3  46.30 22.065 
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13  6.45 3.101 6 6.86  4.831 2   34.432 
12  10.13 4.532 5  2.35 5.463 Instance Fiber29 9080 
11   4.621 4  4.21 6.561 13 3.03  2.054 
10   5.034 3  7.93 7.842 12   3.021 
9  5.77 5.636 Instance Fiber13a 9080 11 5.89  3.213 
8  8.92 7.551 6 2.25  1.843 10  1.843 2.25 
7 4.01 04.01 8.642 5 44.25  3.612 9  3.612 44.2 
6 5.23 5.23 8.851 4   4.221 8  4.221  
5 7.68 7.68 9.023 3  3.08 5.547 7 3.08 5.547  
4 16.25 16.25 9.702 2  9.53 7.452 6 9.53 7.452  
3 66.41 66.41 20.47 1   10.761 5  10.76  

 
In reading the results shown in Table No. 6, which is a sample of 11 

instances, taken from a chemical company in Japan, it was solved using three 
methods: the genetic symbiotic algorithm, the genetic algorithm, and our 
proposed method. We analyze in detail three different cases, in one of which the 
standard object size is S = 5180 and in two of which the standard object size is S 
= 9080. We use the concept of dominance to do the charts and provide only the 
best solutions to the method. 

Instance Fiber16, 5180. In this instance, CPTM provided better results 
than the other two methods, as it provided solutions that dominated all other 
methods in most cases. CPTM dominated the other two methods from the 
number of modes 16 to the number of modes 8. In all of these solutions, the 
waste percentage was lower, while GOAM and GSAM dominates in solutions 
with numbers of 7, 6 and 5. As shown in figure 3 below. 

 
Figure 3 
Fiber 16 
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Instance Fiber13a, 9080. From this instance, we see that GSAM solutions 
are dominant over GOAM solutions, while CPTM solutions are completely 
dominant. In this instance shown in figure 4. 

 
Figure 4 
Fiber13a 

. 
Instance Fiber26, 9080. In this instance, the results of the three algorithms 

were close, as none of them dominated the others. For example, the solutions 
with settings 6, 5, and 4 were CPTM dominant, but at number 3, the preference 
in the result went to GOAM. As shown in figure 5. 

 
Figure 5 
Fiber26 

5. Conclusions 
In this study, we addressed the one dimensional cutting stock problem, and 

the overall objective was to minimize the cost of production by controlling the 
waste, whether by maximizing the recovered standard items by recovering waste 
or retrieving parts in excess of satisfying the order, because the buyer cannot be 
forced to buy the excess parts that were cut during building cutting plans, these 
excess parts are considered a waste. Minimizing the number of modes, in 
addition to saving waste, also preserves the cutting machine. To achieve this, we 
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built a cutting model with three objectives: to maximize the standard objects 
recovered by welding and to minimize the waste and the number of modes using 
a multi-objective optimization method, As evaluating each objective separately 
and at the same time allows providing a set of efficient solutions, it also allows 
clarifying the relationship between these objectives. The empirical study of the 
proposed solution method has proven that it gives a set of efficient solutions in a 
reasonable time with different sizes of order quantity or different sizes of 
standard objects. Comparing it to other methods from the literature using real 
data has proven to be a real competitor to these techniques, such as symbiotic 
genetic algorithm or genetic algorithm. 
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