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Abstract

The aim of this study was to solve the transportation problems (TPs) and assignment problems (APs)
involved with too many decision variables when using a regular state-of-the-art linear programming (LP)
software. To overcome its limitations, a column generation method was developed and used to solve both
problems with large-scale sizes. The method was coded using MATLAB 2010b and was used to compute
experimentally as compared to the use of the regular LP-solving toolbox “linprog.”. The results of this
experiment revealed that the largest sizes for the column generation method to solve both TP and AP
were 16,333 customers x 100 plants/warehouses and 12,900 tasks x 12,900 assignees, respectively, while

¢

the largest sizes for the “linprog” to solve both were limited to 11,062 customers x 100 plants and
7,400 tasks x 7,400 assignees respectively using the same hardware. The average computational time of
the column generation method was greater in small-size problems; nevertheless, the difference
between the computing times consumed by both methods reduced significantly when the number of
variables was increased. This experiment revealed that the computation time of the TP was related
directly to the number of new columns generated. Also, the large number of constraints of the TP
model for the column generation technique can be more influential on computation time

performances than the large number of variables.

Keywords: Transportation Planning Problem, Assicnment Problem, Column Generation, Simplex Method

*Corresponding author. E-mail: Warutboon@yahoo.com
"Doctoral Student in the Faculty of Engineering, Kasetsart University

*Associate Professor in the Faculty of Engineering, Kasetsart University

11



M5a15nen153deaniivau U 2 adun 1 (Wnsas-siguieu 2557)

1. Introduction

The decision variables in network flow
problems, i.e. minimum cost flow, maximum flow,
(TP), and

assignment problems (AP) can be solved as a

shortest path, the transportation
special method. TP can be directly solved by the
stepping stone and the modified distribution
method and AP can be also solved by the
Hungarian algorithm.  Normally, the classical
simplex method still enables to solve the both
problems. However, this method involves the
large number of variable, whereas the column
generation technique enhances efficiently to solve
both problems with creating less variables.
Applications of the transportation and assignment
problems tend to require a very large number of
related constraints and variables, so solving these
may require a vigorous computation effort [13].
The reviewed paper [1] indicated that the first
successful method of G.B. Dantzig [15] could solve
both the

problems efficiently. This method uses the primal

transportation and  transshipment
simplex method to manipulate the network

structure that is applied to transportation
problems and is sometimes referred to as the
Row-Column Sum method or the modified
distribution (MODI) method. The methods were
implemented and solved TPs with many decision
variables under a special LP structure.

In case there are too many variables, the
structure can be handled and solved using
Bender’s partitioning procedure. Such a block-
diagonal structure can also be solved using
Rosen’s primal partitioning algorithm and Dantzig-

Wolfe decomposition algorithm [2]. However, an

efficient algorithm for solving transportation
problems can improve over the existing
algorithms of the “primal-dual” type. This
algorithm can be adapted to an n-by-n

assignment problem. Furthermore, an auxiliary
technique of simplifying the original network by
means of “reduction” and “induction” was also

introduced as a useful tool to treat large-scale

problems [3]. The implementation of the primal
transportation model was solved under a variety
of large  fully-dense,  randomly-generated
transportation and assignment problems ranging in
G.B. Danzig

reduce the

sizes up to m = n = 3,000 [4].
considers  the technique to
computational requirement of large systems from
two points of view: (1) decrease the number of
iterations that the variants of the simplex method
have been proposed to replace the usual Phase
1 of the simplex method, and (2) find a compact
from for the inverse and/or by taking advantage of
any special structure of the system of equations
[14]. For solving the AP, a new algorithm is
proposed which can reduce the expected
computation time needed to find an exact
solution by limiting the search space as much as
possible within the scope in which no optimal
solution is missed [5].

Nowadays, spreadsheet programs can
efficiently solve these problems; however these
programs cannot solve many variables due to the
limitation of the edition attached. Using Excel
2010 solves the LP with a large number of
variables, while the attached LP simplex engine of
Excel’s solver is limited merely up to 200
variables and 100 Also,

programs provide a source code object to solve

constraints. some

large-scale linear programs; ie. the “linprog”
command in MATLAB software can solve large-
scale LP with the condition that the total number
of coefficients in matrix form must be restricted to
less than 10 elements. MATLAB’s optimization
toolbox is widely applied to solve many type of
the linear programming model; e.g. the primal-
dual interior-point LP [17] the

langrangian method for the large-scale LP [18] and

augmented

the binary integer programming [19]. The solving
method for an LP model with too many variables
can be presented as follows. The large-scale TP is
considered to be divided to two sub-problems:

one using an aggregation that consolidates several
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neighboring sources (destinations) and other using
a process of partial disaggregation [6].
Column-generation approaches are among
the efficient approaches to solving LP with too
many  constraints/variables  with an  early
application found in a cutting stock problem [71].
Implementation of the row and column

generation technique can solve the one-
dimensional cutting stock problem efficiently and
effectively [8]. A hybrid-column generation and
constraint-programming solution approach can be
used to quickly produce solutions for operations
management and also to produce close-to-
optimal solutions for long- and mid-term planning
scenarios [9]. A column-generation approach code
can be developed by systematically programming
to solve the corresponding linear program and to
identify the new column leading to a better
solution; the process is repeated until the optimal
solution is achieved [10]. With the railway crew
scheduling problem [11], the proposed method
can reduce the computation time by improving
the convergence of column generation with the
new dual inequalities. This aim of this paper was
to propose a column-generation approach to
solve large-scale transportation and assignment
problems when hardware limitations of memory

requirements were encountered.
2. Methodology

2.1 Transportation Problem

The transportation problem is a linear
network optimization with an application for
industrial companies having several plants,
warehouses, sale offices, and distribution outlets
[12]. In the classical transportation model, there
are m supply points with items available to be

shipped to n demand points with § = Supply

amount at source 1 and dj = Demand amount at

destination | and Gj= Unit transportation cost

from source i to destination j fori=1,2,.,m and
Jj=1,2,..,n.

The general transportation problem is a
special type of linear programming problem [13].
let Z be the
)gj(i=L2,_._,m;j=12,___,n)be the number of

distribution  cost and

units to be distributed from source ito

destination | . The linear programming

formulation of this problem is as follows.

m n

Minimize Z:ZZ(;”. X;
i=1 j=1
subject to (1)
zszq fori=212,..,m
j=1
D% =d, forj=12,..,n
i=1
and %, >0, forali andj.

of the linear

programming model have a special structure as

The constraint coefficients

shown in Fig. 1. Any linear programming problem
that joins this special formulation does not
correspond to transportation as illustrated in the
assigcnment problem. For transportation problems,

where every § and dj has integer values, all of

the basic

optimal one) also have integer values.

variables/allocations  (including an

Coefficient of
X1 Xp Kin Xy Xp X Xy Xy X
|

Supply constraints

\ \ S; Demand constrants

Fig.1 Constraint coefficients of the transportation

problem

Additionally, the right-hand side consists of
supply (§) and demand (bj ) respectively.

13
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2.2 The assignment problem

The AP is a special type of TP-based linear
programming problem where assignees are
assigned to perform tasks [13]. For example,
assignees might be employees that need to be
given work assignments. Assigning people to jobs
is a common application of the assignment
problem. However, the assignees need not be
people; they also can be machines or vehicles, or
plants, or even time slots to be assigned tasks.
The formulation of assignment problems satisfies
the following assumptions.

1. The number of assignees and the number
of tasks are the same (this number is denoted by
n).

2. Each assignee is to be assigned to exactly
one task.

3. Each task is to be performed by exactly
one assignee.

4. There is a cost C”- associated with the

assignee i (i =1, 2, ..., n) performing task j (j =1, 2,
oy D).

5. The objective is to determine how all n
assignments should be paired to order to
minimize the total cost.

The mathematical model for the assignment
problem uses a binary variable as follows:

2)

_{l if eesigneei parfamrsteskj fari=12..,nadj=12..,n (

"o ifn,
The binary variables are important for

representing yes/no decisions. Let Z be the total

cost; the assignment problem in a linear
programming formulation is then as follows.
Minimize Z=)">"gx,
i<l j=

ubject to

zxj =1 fori=12..,n G)

j=L

D% =1 for j=12..n

i=1
and % >0, fordli andj

(%; binary, fordli andj)

To compare this model (without the binary
restriction) with the TP model, both are similar in
their structure. In fact, the assignment problem is
just a special type of TP, where the sources now
are assignees and the destination are tasks and
where the number of sources m = the number of

destinations n, and every supply § =1 and every
demand d; =1 for all possible 7 and j.

The constraint coefficients of its

corresponding LP  model have the special
structure shown in Fig. 2. For the AP, where every

§ and dj has an integer value equal to one,

similar to the TP, all basic variables (assignments)
are binary automatically. Therefore, in this case,

the binary restriction is redundant.

Coefficknt of

X Xp  Xg Xy Xn
1 1]

L1 1]

b

Xp Xy Xy Xy

1

1 }Taskconstraints
1

1

1 Assignee constraints
1

Fig.2 Constraint coefficients with right-hand sides
for the AP model

2.3. The primal and dual relationship

Taha [16] has stated that for the special
structure of the LP representing the transportation
model, the associated dual problem can be
written as

Maximize z:zm“gui +Zn:djvj

. - (@)
subject to
u +v, <g aliandj

u, and v; unrestriced

; where

U = the Dual variable of the constraint

associated (shadow price) with source |

Vj = Dual variable of the constraint associated

(shadow price) with destination | .

14
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The objective-function coefficients or reduced

cost of the variable X; are theoretically equal to

the difference between the right-and the left-
hand sides of the corresponding dual constraint,

*

that s, c,jzclj—ui—vj [14]. However, this

quantity must be equal to zero for each basic

variable.

2.4, Column generation

Column generation [8] extends the technique
introduced in the decomposition algorithm that
uses the simplex method and generates the
constraint coefficient data associated with the
additional variable only as needed in order to
improve the objective function Z. The column
generation approach reaches for an optimal
solution of a great number of linear programs
where not all of the columns have been carefully
considered, i.e., variables in the matrix of
constraint. The original problem includes all of
the problem characteristics and again is called a
master problem (MP), whereas a subset of a MP
column is called the restricted master problem
(RMP) or the initial basic feasible (BF) solution.
Only a few subsets of the MP column (basic
variable) will be in the optimal solution and all
other columns (non-basic variable) can be
omitted. In a minimization problem, the column
(basic variable) that has negative reduced cost
must be selected to add as an attaching column
with the matrix of the RMP. This procedure
terminates when the reduced cost of all columns
must be positive; consequently, solving the RMP
by adding the last column can lead to an optimal
solution. A master problem is given in equation (1)
and (3), where n is very enormously large, and a
direct solution solved by a regular state-of-the-art
LP software is not feasible due to out-of-memory
Then, the

problem can be truncated as follows:

requirements. restricted  master

The constraint of the RMP can be constructed

using a general procedure [13]; i.e., the northwest

corner rule (NWQ), the least cost method (LCM),
method (VAM), and
method (RAM). The

constructing of the RMP or an initial basic feasible

Vogel’s  approximation

Russell’s  approximation
(BF) solution is an important step in solving the TP
and AP. This paper alters the Northwest corner
rule to construct the initial matrix of the RMP. The
advantage of this rule is its simplicity, while its
disadvantage is due to non-cost considerations
during allocations. Next, the column-generation
method for solving the linear programming model
of the transportation and assignment problems
with  too many variables is systematically
described in the following steps.

First, start with the RMP generated by the
northwest corner rule resulting in J = m+n-I
variables and m+n constraints. It is an initial basic
feasible solution, which can be improved later
using the optimization tool.

The initial BF RMP  of the
assignment problem can be constructed with J =

solution or

2n-1 variables and 2n constraints. The coefficients
of constraint are allocated by arranging the
coefficient on a diagonal line from the northwest
corner to southeast corner of the RMP. Therefore,
this RMP does not concern the target cost as well
as the RMP of the TP does.

After constructing the RMP, the classical
simplex method solves this linear program and
gives the optimal shadow price
(u,Uy,...,U, sV, V,,...,V,) for all constraints.

Other variables with x; , =X;,,=...=x,=0 are
non-basic solutions. The optimality test of this

solution is to compute C*ij If C*ij for all i and j

reduced costs of any variable in the MP is less
than
accounts for adding a variable to the RMP. Then,
new RMP
repeatedly until the reduced costs of all of the
The last
RMP is the optimal solution for the problems. An

zero, the column-generation approach

the simplex method solves this

variables in the MP are at least zero.

efficient column-generation approach depends on
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the initial basic solution; that is, it should be
closely optimal [10]. In summary, the proposed
column-generation approach can be illustrated in

the following flowchart.

Construct the restricted master
problem
(the initial basic feasible solution)
with the northwest comer rule

v

 y/Solve the restricted master problem |
with the classical simplex method |

J

Construct the initial |

basic feasible solution |

using the northwest |
corner rule

L

L 4

The optimal shadow prices ( u,,v, ) are
computed from the classical simplex method

h 4

Caleulate reduced cost (¢, ) of each variable

Add column of No
variable x, to the
restriced master

problem

Terminate iteration
and the final RMP is the optimal solution

Fig. 3 Flow chart of the column-generation

approach

2.5 A numerical example

The MATLAB 2010b was used to write the
source code. This paper employs two approaches
for the TP. First, approach T1 constructs the initial
BF solution using the northwest corner rule and
the column-generation technique to solve the
corresponding LP sequentially; and the second
the full

coefficients of TP (Fig.1) and solves the relevant

approach T2 constructs constraint
LP using the simplex method. For the AP,
approach Al constructs the initial BF solution
from a diagonal line matrix and uses the column-
generation technique to solve the LP, and
approach A2 constructs the full
coefficient of the AP (Fig.2) and solves the LP

using the simplex method. This framework of

constraint

experiment is illustrated in Fig. 4.

Transportation Planning Program Assignment Problem

Approach T1 Approach T2 Approach Af Approach A2

Full matix of Diagonal line matrix Full matrix of

transportation problem assignment problem
! ‘ v

The initial BF solution The classical simplex

Northwest comer rule

The initial BF solution
The classical simplex

| "‘e‘f’d ! i

The classical simplex

The classical simplex
The LP solution

method The LP solution method

i i

Column generafion Column generafion

l |

The LP solution

The LP solution

Fig.d The framework of Approach T1, T2, and Al,
A2

Each approach in Fig. 4 was programmed and
executed using each source code of the MATLAB
software. How to solve TP using the column
generation technique that can illustrate a simple
test problem from OR library [20]. The randx64
test problem contained 4 plants [112 109 131
318], 64 customers [6 8 8 ...15] and 256 cost per
unit [1 1 4 4 7..9]. This test problem was solved
as follows:

1. Construct the basic feasible solution using

the northwest corner rule and the restricted MP

as follow:
68830.....1
BF= 23418810..20
141134..11
4112..15
4x64
111
111.. 1
111....1
i R O §
1 1 1 1
1 1 1 1
1 1 1 1
RMP= 1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1

68 x 67
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2. Solving the RMP using the classical simplex

method.

[RMP] [x]

I s S

[b]

X1

X3

112
109
131
318

l1 .1 .1 l1 x68 15

68x67 68x1 68x1

3. The shadow prices are calculated from

command “linprog”in step 2 as follow:

1" Iteration: The shadow prices are

u=--1-232=[1237] fori=1234
v, ={00-3-3..-11] =[0033..11]for | =1,2..64

4. Calculate the reduced cost (Cj) of each

variable.

1St [teration:

Gl =C,—U -V
C;=C,—-u-Vv,=1-1-0=0
C,=C,-Uu-v,=1-1-0=0

Cy=Ca-U-V;=4-1-3=0
Cl1a=Cipg— U~ Vg =7-1-8=-2

Chas = Cpps — Uy — Vg = é—2—13= ~13
Cios = Coop— Uy — Vg = é— (—é) ~11=0

So C;’M: -13 is a minimal reduced cost that

constraint supply is 1= 2 and constraint demand

is ] = 23. There is any reduced cost from 1"
iteration less than zero.

5. Add the new supply constraint i=2 and the
new demand constraint i=27 on the last column
of the restricted MP [68 x 67] as follows:

row2

New RMP= 1 1 1 1 +

row27

68 x67 68x1

6. Turn to step 2 and calculate the new
reduced cost. If any reduced costs are negative
the iteration will proceed later.

7. Finally, the 46" iterations had calculated
until all the reduced costs were nonnegative. The
last RMP [68 x 112] was solved LP by the classical
simplex method. The objective function of this
problem was involved 1806.

This study interests the largest scale size and
the computation time. The proposed programs
used random numbers to generate the data for
the number of customers, plants/warehouses and
cost per unit. Al developed programs were
performed using a Toshiba “Satellite” Notebook
with Intel ® ™j5-2430M
CPU@®2.40GHz 2.74 GB wusable RAM and the
operating system was Windows 7.

processor: core

3. Results and Discussion

3.1 The largest scale sizes

When the scale sizes of Approach T1 and Al
were expanded to the largest scale sizes, the
scale size was difficult to achieve because of the
long period of operation. The largest sizes of
Approach T1 and Al were 16,333 customers x 100
x 100 plants.
Approach T1 could solve a larger number of

plants and 11,063 customers

17
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customers than Approach T2 at about 47.649%,
while the largest scale sizes of Approach Al and
A2 was able to reach 12,900 tasks x 12,900
assignees and 7,400 tasks and 7,400 assignees.
Approach Al could solve a greater number of
tasks/assignees than Approach A2 at about
74.32%, as shown in Table 1.

Table 1 The largest scale sizes

Pro- Experiments The largest %
blem scale sizes Expansion
TP Approach T1 16,333x100 47.64%

Approach T2 11,063x12,900
AP Approach Al 12,900X12,900 74.32%
Approach A2 7,400X7,400

3.2 The computation time

This experiment was carried out on a
commercial notebook for solving the LP solution,
which could be used simply and inexpensively. If
these were performed on a high-performance
server, the computation time would have
certainly been lower. The amount of computation
time is a significant criterion for the operation of
software; accordingly, a large computation time is
unsatisfactory for implementation. In Table 2,
difficult  to

computation time due to long time consumed for

Approach  T1 was search the
column generation, while Approach T2 could
reach easily a smaller computation time due to

the fewer iterations of the simplex method.

Table 2 The scale sizes, the computation time,

and new columns and iterations of Approach T1

and T2
Items TP No. of customers x no. of plants/warehouses
1x 10x 100x 1000 10000
100 100 100 x100 x100
The T1 66 1120 10,254 >43,200 >43,200
ave. T2 0.45 26 3,567 >43,200 >43,200
compu-
tation
time
(sec.)
Ratio T1 147 43 3
of the &
ave. T2

compu
tation

time T1
and T2

No. of T1 317 1,114 1,648
new

column

No. of T1 305 1,246 1,213
itera-

tions

No. of 20 10 10 2 2

experi-

ment

According to Table 2, the number of
customers increases and the computation time of
Approach T1 and T2 also rises sharply until the
number of customer is up to 1,000.These average
43,200

however, the solutions of all conditions can be

computation times were over sec.;
available if the program displays “busy” at the
bottom of the screen. While the ratio between
the computation time of T1 and T2 was reduced
sharply, it indicates that the difference in the
computation time of T1 and T2 diminished
closely. This ratio was reduced from 147 to 3

times as shown in Fig. 5.

The computation time of approach T1 and T2
(Constant no. of plants/warehouse=100)

100000 160
e —
r 120
70000 / 100 === The computation time of
60000 —
. A hT1
E e 7/ 20 pproad
40000 , 60+ The computation time
30000 J 40 ofAapproachT2
20000 7 20
mmg T [, Ratio between the

) comp.time of TL and T2
1 10 100 1000 10,000

The scale sizes No. of customers

Fig.5 The average computation time of Approach
T1, 72

In Fig. 5, the computation time of the scale
size 100 x 100 Approach T1 started to rise highly
because the column-generation approach had to
spend computation time to solve the RMP matrix

that was added by the large number of columns.

18
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Table 3 The scale sizes, the computation time,

and new column and iterations of Approach Al

and A2
ltems AP No. of tasks x No. of
assignees
100 1000 7000
X X X
100 1000 7000
The avg. Al 82 34,610 >86,400
Compu
tation. time A2 2.14 6,446 >86,400
(sec.)
Ratio of the
ave.
computation A& 38 5
Al and A2 "
(times)
No. of new
columns Al 378 2,969
No. of Al 382 7,894
iterations
No. of experiments 20 5 2

According to Table 3, the circumstance of the
computation time of Approach Al and A2 was
similar to Approach T1 and T2. The ratio between
the computation time of Al and A2 reduced
sharply when the number of customers rose. This
implies that the ratio between the computation
time of Al and A2 reduces to come nearer from

38 to 5 times shown as Fig. 6.

The computationtime of Approach Aland A2

100000 4
50000 —F— 40 ==f==The computation time
30000 /- 35 of Approach Al
70000 /: 30
60000 / 95 M The computation time
sec. 50000 / o of Azpproach A2
40000 Y4 - ®
v 15
30000 / 7 0 Ratio between the
20000 / ; computation time of A1
10000 i 3 and A2
0 —l(—v—v— — 0

100 1000 7000

The scale sizes

No. of tasks /assignees

Fig. 6 The computation time of Approach Al
and A2

In Fig. 6, the computation time of the scale
size 1,000 x 1,000 increased greatly due to long
time for generating the new column.

When approach T1 was executed with 100
customers  x 100  plants/warehouses, the
computation times varied from 893 to 21,309 sec.,
as shown in Fig. 7. This indicates that the negative
reduced costs of new column have been
constructed: accordingly, the column generation
must add more columns until the reduced costs

of all columns are nonnegative.

Relationship between the computation time,no. of new column and iterations of
approach T1{customers=100,plants/warehouse=100)

25000 3000

B-- - [
2000 /A 3 -'\ T+ =0
J \ !
\ \ !
\\ N

15000 T

2000

1500 & == The computation time

10000 N i o
\L""'""q_\? \‘"/ \'" 100
5000 \ -

0 0

== New columns

== lterations

£ —T=
columns/fiterations

Instanceno.

Fig. 7 Relationship between the computation time
and no. of new columns and iterations of the
scale size 100 customers x 100 plants/warehouses
of Approach T1

In Fig. 7, the line of computation times, new
columns, and iterations for 100 customers x 100
plants/warehouses using Approach T1 had the
same characteristic. The computation time and
of new columns

the number corresponded

directly; consequently, the computation time
must depend on the number of new columns.
When  the

plants/warehouses

numbers  of  customers  or
rise greatly, the computation
time also will increase corresponding. This is

indicated in Fig. 8.
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The influence of the numbers of customers &plants/warehouses
(Transportation problem : ApproachT1)

45000

40000 JSIUHJ’

35000 /

30000

25000 / == Constant plants=100 and
time {sec.) 20000 / varied customers

15000 / 10 EJ‘. A

10000 564 / 4 =fl= constant customers=10 and

5000 / 10024, varied plants

-
0 100 100000 100 customers-plants
The scale size

Fig. 8 The influence of the numbers of customers
and plants/warehouses affects the computation

time

In Fig. 8, for the column-generation technique
for the TP (Approach T1),
customers increases 10 times and the number of
(100), so its
computation time rises about 9 to 16 times, while

the number of

plants/warehouses is constant
the number of plants/warehouses also increases
10 times and the number of customers is
constant (10); consequently, its computation time
expanded by about 600 times. The experiment of
the column-generation method indicates that the
number of plants/warehouses influences the
computation time greater than the number of

customers.

4. Conclusion

This paper has proposed a column-generation
approach to solve the LP for the large-scale
transportation and assignment problem. The
column-generation technique can solve the LP of
transportation problem on the largest scale size:
16,333

customers x 100 plants/warehouses,

whereas the classical simplex method can
compute only 11,063 customers x 100
plants/warehouses. ~ The column-generation

techniqgue can be executed with too many
which

customers be 47.64% from the classical simplex

variables, increases the number of

method. For the assignment problem, the column

generation can be performed on the largest scale
sizes: 12,900 tasks x 12,900 assignees, while the
classical simplex method can compute only 7,400
tasks x 7,400 assignees. This technique can be
used with huge variables, which will expand the
number of tasks/assignees by 74.32% from the
classical simplex method. The column-generation
method for transportation depends on the
number of new columns generated. If more
columns are added, the computation time will
also be changing the numbers of customers and
affects the

impact of the

plants/warehouses directly

computation time. The large
number of plants/warehouses (constrains) on the
computation time than the

is greater large

number of customers (variables).

5. Recommendations

This paper can be developed the result as
follows:

1. The efficient initial BF solution will help to
reduce the computation time for solving the LP.
This paper uses the northwest corner rule to
construct the BF. This method is not to consider
a unit cost, whereas the least cost method or
VAM

new column-generation and

concern a unit cost that affects to reduce
the computation
time.

2. The source code of Approach T1 and Al
can be developed with Microsoft Visual C++ so
that the computation time should decrease

significantly.
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