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Traveling salesman probleni$SP) and generalized traveling salesman problé¢@$SP are two kinds of
well known and challenging combinatorial optimization problems with much diversified application fields.
Between the two application problems the GTSP is more complex than TSP. Many researchers have studied
TSP extensively, but relatively fewer studies pay attention to GTSP, and also its solution using genetic algo-
rithm (GA). In this paper, the structure of conventional chromosome is generalized to be a chromosome termed
as a generalized chromosoif@C). A genetic scheme named as generalized-chromosome-based genetic algo-
rithm (GCGA) is also presented. The proposed GCGA enables GTSP and TSP to be solved under a uniform
algorithm mode. Forty one benchmark test problems have been solved with the known optimal solutions using
the proposed algorithm to verify its validity. The test results show that GCGA can directly solve GTSP without
the need of intermediate transformation to TSP.
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I. INTRODUCTION tions of GTSP. Just as mentioned in Rg8], “for many

; ; I-world problems that are inherently hierarchical, the
The generalized traveling salesman probi@TSP rep- €2 -al,
resents a kind of combinatorial optimization problem, whichGTSP offers a more accurate model than the TSP.” Gener-

; lly, GTSP provides a more ideal modeling tool for many
has been introduced by Henry-Labordgig, Saksend?2], a i
and Srivastav@3] in the context of computer record balanc- real problems. Furthermore, GTSP can include the grouped

ing and of visit sequencing through welfare agencies sincélnd isolated vertices at the same time according to our

1960s. The GTSP can be described as the problem of seekimgesent extension. Therefore, GTSP includes TSP theoreti-
a special Hamiltonian cycle with lowest cost in a completeC lly (see Fig. 3 and application fields of GTSP are wider

- ; than those of TSP.
weighted graph. LeG=(V,E,W) be a complete weighted Although since late 1960s GTSP has been propfted
g;%p\;lv Y{Cvej\?vv;gjlar?czi "_'_’l())”}DEn.Z 3&’(5}_‘;2 |l\)/iélr)tjei\é<}at the related reported works are very limited compared with
=W Wy = wi=0,Ui,]e '’ those on TSH8-11] and the existing algorithms for GTSP
_edge set, and cost set, respgctlvely. _A‘mde'i' w; are the 5o mainly based on dynamic programming techniques
ith vertex, the edge connecting verticesandv;, and the

cost/weight corresponding to edgg, respectivelyN(n) is [1-3,5,12,18 However, because of its NP-hard quality, only

a few solutions of modest-size problems are supported by the
the subsef1,2, ... n} of the natural number set. The vertex o, rrent hardware technology and most of them fail to obtain

setV is partitiqned intom possiblymintersecting groups  the results due to the huge memory required in dynamic
V1.V, ... Vi with [Vj|=1 andV=U,V;, where|...| is programming algorithms and the problem of lengthy compu-
the element number of a limited set. The special Hamiltonian,tional time. The main methodology of the dynamic pro-

cycle is required to pass through all of the groups, but not alyramming algorithms is to transform the GTSP into TSP and
of the vertices differing from that of TSP. For convenience,ihen to solve the TSP using existing algorithiBs13—13.
we also callW as the cost matrix and take it a8/

=(Wij)nxn- There are two different kinds of GTSP under the
abovementioned framework of the special Hamiltonian cycle
[4,5]: (1) the cycle passes exactly one vertex in each group

(refer to Fig. 3 and(2) the cycle passes at least one vertex in " v
each grouprefer to Fig. 3. The first kind of GTSP is also
known as E-GTSP, where E stands for equdl&j. In this '

paper we only discuss the GTSP for the first case and will
still call it as GTSP for convenience.
GTSP has extensive application fields. Lapettal. [4],
Lien et al. [6], and Castelint al. [7] reported the applica- (

*Corresponding author. Electronic address: liangyc@ihpc.a-
star.edu.sg FIG. 1. Exactly one vertex is visited in a GTSP cycle.
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FIG. 3. Relationship between GTSP and TSP.

vertex is included in the current tour in each group besides
the visiting sequence. The proposed GCGA with generalized
chromosome can be used to deal with this request easily.

, We present the designed GC in Sec. Il A, and then pro-
The shortcomings of these methods are that the transform%-Ose the GCGA in Sec. Il B.

tion increases the problem dimension dramatically and in

some cases the dimension would expand up to more than

three times of the original6,16—18. Therefore, although

theoretically the GTSP could be solved using the correspond- Some definitions used in this paper are presented as fol-

ing transformed TSP, the technological limitation ruins itslows.

practical feasibility. Some studies have been performed to Definition 1 A vertex in graphG=(V,E,W) is said to be

discuss and solve the problgm9-21. an original vertex if it is denoted in the form of;,
Genetic algorithm(GA) is one of the powerful tools to [i e N(n)].

deal with NP-hard combinatorial optimization problems and  Definition 2 A group V;[j e N(m)] is said to be a super

has been widely applied for finding the solution of TSP dueyertex if |Vj|>1-

to its high efficiency and strong searching ability. However,  Definition 3 An original vertexv; [i e N(n)] is said to be

theoretical and application studies related to using GA methy scattering vertex if; e V; and|V|=1[j e N(m)].

ods to solve GTSP are very few. The authors of R&f] Definition 4 An original vertexv; [i € N(n)] is said to be

proposed a hybrid GTSP solving algorithm based ony, glement of certain super vertex if it belongs to the super
random-key GA [22] and local search method23]  \griex.

(HRKGA). However, we have noted that the intensive local  pefinition 5 Either a super vertex or scattering vertex is
search schemes have resulted in lengthy computation, whicthiq o pe a generalized vertex if dealing with it in a uniform
may hamper the method to be used to handle large sca{;gay is needed.

problems. To explore the application of GA on GTSP solu-  pefinition 6 A cycle is said to be a GTSP cycle if it
tion, especially, to enable GA-based methods to deal With.gntains all of the generalized vertices.
some problems arising from industrial applications, this pa- pefinition 7 A GTSP cycle is said to be a valid GTSP

per extends the structure of the conventional chromosomey e if it satisfies passing each original vertex at most one
used in GA and proposes a GA based on the extended chrgp,e

mosome. We name the chromosome as a generalized chro- pefinition 8 A GTSP cycle is said to be an invalid GTSP
mosome (GC), and the proposed GA as generallzed—cyde if it is not a valid one.

chromosome-based GAGCGA). The advantages of the ~ 1q tagjlitate the discussion, the groups are further distin-
GCGA are that it does not require the transformation fromg ished by their vertex numbers according to definitions 2

GTSP to TSP and remove the limitation of triangle inequality;nq 3 in this paper. Then the group numbecan be decom-
of the cost matrix, which enables the GCGA to be able to ru'bosed into two parts, i.e.

with high efficiency. Furthermore, the GCGA provides a con-
sistent mode to solve GTSP, TSP, and even GTSP-TSP hy- m=m+m, (1)
brid problems within GA framework.

FIG. 2. At least one vertex is visited in a GTSP cycle.

A. Generalized chromosome

wherem is the number of the super vertic@the number of
the scattering vertices. We refer to a GTSP witk: 0 and
Il. METHODOLOGY m#0 as a GTSP-TSP hybrid problem. Denote all of the

. . ) super vertices as
The commonly used decimal integral encoding chromo-

some in the GA for solving TSP has quite a few advantages Ug, Uz, .. U, (18
such as intuition, easy understanding, convenient operatin%,lhere

and high efficiency, which promote the wide applications of

GA to the TSP. However, it looses its predomination when it U ={Ui 1,Ui 5 - Uit (1b)

is used for the GTSP. Because the vertices need to be '

grouped and usually a group contains more than one vertek; [i € N(M)] represents the number of elements contained in
the chromosome must contain information to decide whicttheith super vertexy; [| € N(k;)] thelth element belonging
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1 2 mo el s+ U+ ) FIG. 4. Mode of the generalized
chromosome.
m{ head) m+ni(body)
to the super vertey;, | the index ofu; | in the super vertex;. consisting of all of the feasible gene segments lying in the
Denote all of the scattering vertices as head part. And if we denote
Ty, Uy, ... T (10) B ={blb=TI(m)}, (5)
The super vertices and scattering vertices are sequenced W8ere b=II(m)=[b;,b,, ... .by] is a permutation of
follows: 1,2,...m, thenb represents a GTSP cycle. Theref@ds
o ~ the set consisting of all feasible gene segments lying in the
Ug,Up, ... Us,Ug, Uy, ... Us. (1d  body part. Then we can denote the Betonsisting of all of
The corresponding generalized vertices are denoted as the GCs corresponding to feasible GTSP cycles as
D={xx=h&b, he H, be B}, (6)

W1, Wo, ... Wi (1e
_ . . . where x=h@b represents a GC compounded of two gene
The relationship among the generalized vertices, super vertsegments belonging td and B, respectively.

ces and scattering vertices are as follows As an illustration, let us consider a vertex sgt

W l<k<m ={1,2,...,20. Assume that parts of its vertices are parti-

W X R o . .. (2) tioned into three groups as follows:
U_sym M+lsksm+m, ke Nm+m).
Vv,={1,2,3,4,12,13,15,17 (7)

Therefore, we also refer to the super vertex
(i=1,2,... m) as theith generalized vertex, and scattering V,={3,4,6,7,16,1p, (8)
vertexT; (i=1,2,... M) as the(i+m)th generalized vertex.
Obviously, the number of generalized verticestism, i.e., V3=1{8,9,10,1}, 9

the original number of the groups. Notice that an 0r|g|naland the scattering vertices are 5, 14, 18(B. 5. Then we
vertex may belong to more than one super vertex at the sanme o

time, hence, the following inequality holds

& Uy = {Uy 1,Up 2,Uz3,Up 4,Up 5,Up 6,Up 7, Up g}

= A
n=m .;1 . ® Uz ={Up,1,Uz 2,Up 3, U 4,Up 5, Uz 6}
. . - (10
The mode of the designed GC is shown in Fig. 4. The GC Us = {Ug 1,U3 5,Ug 3,Ug 4+
consists of two parts. The left part contaifisgenes and is A
named as head; the right part containsm genes and is T, =50, = 147, = 18, = 20,

named as body. When<0i <, theith gene lies in the head
part, which stores the inddx{| e N(k)] of the element vis- Where

iteg byAthe current tour in the super vertax Whenm<i Up 1= 1,U; 5= 2,U13=3,U; 4= 4,U; 5= 12,U; 6= 13,U; 7
<M+ (Mm+m), theith gene lies in the body part, which stores ’ ’ ' ' ' '
the indexk [k e N(m+Mm)] of the generalized vertex. From
Eq. (2), it follows that if i satisfies

=15u; g=17

U2Y1: 31“2,2: 4,U2Y?,: 5,U214: 6,U215: 16,U216: 19

i—-m<m,
then the gene represents the super veutex and if i satis-
fies

i—m>m,

then the gene represents the scattering verex,-m.

In the decoding process, the body part defines a GTSF
cycle and the head part is used to determine the visited ver
tex in each super vertex. If we denote

H ={h|h=[h(1),h(2), ..., h(], h(i) € N(k), i N(@}, @
@
where[...] is a limited sequencé(i) represents an element
index belonging to the super vertex, thenH is the set FIG. 5. Super and scattering vertices.
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(311721371 ST 6114121 7]

m=3(head ) m=3, m=4(body}

FIG. 6. Generalized chromosome of the first example.

u3,1: 81”3’2: 9,U3’3: 10,U3’4: 11

T11= 5,1]2= 14IJ3= 18IJ4= 20.

The original vertices can be sorted randomly in each supel
vertex. An increasing sequence is recommended here. Simi
larly, the scattering vertices are sorted in the same way. Ir
the example/ and m are taken as 3 and 4, respectively,
which means that the head part has thie=3) genes and
the body part has sevdm+m=7) genes in a GC. To illus-
trate the GC more clearly, we design two GC instances. Let

FIG. 8. GTSP cycle corresponding to the first example.

a5:9—14—-18—-3—-5—-3—20—09.

h,=h,=[3,1,2, 11 . . . ) :

1= =1 ) D Similarly, according to the above decoding rules, five differ-

b,=[3,5.6,1,4.2,7, (12) ent forms of the GTSP cycles corresponding to &Care,
respectively,

b,=[3,5,6,4,1,2,7, (13) b1W;z — W5 — W — Ws — Wy — Wy — W7 — Wa,

then we can obtain two GCs as follows:
Xl = hl (&) bl! (14)

b2:u3—>TJ2—>TJ3—>T11—> Ul—> U2—>U4—> U3,

b3z, — Uy — Uz — Uy — Uy 3— Uy g — Uy — Ug 5,
X2 = h2 (&) bz. (15)

Their structures are shown in Figs. 6 and 7, and the corre-
sponding GTSP cycles are shown in Figs. 8 and 9. We take
X, as an example to interpret the decoding process of the GC. b5:9—14—18—-5-3-3-20—9.

There are three genes 3, 1, and 2 lying in the head of the GG can be seen that there is a subtour contairiggnduvs in

which represent that the vertex ; in super vertexu;, U, 1 in - poth tours a4 and a5, which has been marked in dotted line in
super vertex,, andus , in super vertexs are visited in the  Fig. 8, and that there is an edge connecting itself on verjex
GCGA cycle. There are seven genes 3, 5, 6, 1, 4, 2, and i both b4 and b5. The vertax; is visited twice of the two
lying in the body of the GC, which determine the visited cases mentioned above. The edge with the same starting and
sequence of the seven generalized vertices. The tour corregnding vertices is referred to as a ring in the graph theory.
sponding tox; is The dashed line in Fig. 9 shows a ring for veriex These
cases both result from the overlap between the super vertices
u; andu,. From the definition of the cost matrix it can be
that is, seen that the ring corresponds to a zero cost, consequently,
the cost ofx; is higher than that o%,. If all of the rings in a

GC are removed in the decoding process, a valid GTSP cycle

b4:U9—> V14— V18— U5 — U3 — U3 — Upg— Vg,

alwz — W5 — Wg — Wy — Wy — Wy — W7 — Wy,

32U3—>T,|2—>TJ3—>U1—>E|1—> U2—>TJ4—>U3.

If the index of a generalized vertex is not larger thanit is

a super vertex; if its index is larger thanm it is a scattering
vertex. Hence, according to the above decoding rules, the
GC x, stands for the tour

a3Usp— Uy — Ug— Uy 3— Uy — Uy ; — Uy — Uz 5,
whose original-vertex form is

advg— V14— V1g— U3 — Us — Uz — Upp— Vo,

311213 i51614l 1121 7]

n=3(head) m=3 m=4(body)

FIG. 7. Generalized chromosome of the second example. FIG. 9. GTSP cycle corresponding to the second example.
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will be obtained. Although these cases are invalid in TSP, o ]
they are valid in GTSP, such as al, a2, a3 and b1, b2, b3. Initialize population
Hence, we permit their existence in the population, but not

rectify them into absolutely legal ones in each generation. In
fact, because the cost ®fis larger than that af,, the fithess

<
<

value of X, must be lower than that of,. The generation Select reproductive
renewal will remove this kind of GCs such aswith rela- population
tively lower fitness. Moreover, those GCs suchasare

valid GTSP cycles as long as all of their rings are removed at >

the last generation. Hence, the proposed GCGA omits the
rectification during the intermediate generations, which re-
duces the work on algorithm coding, increases the computing
efficiency, keeps the diversity of gene segments and pro-
motes the generation of excellent chromosomes.

Crossover process

Mutation process
B. Generalized-chromosome-based genetic algorithm

The special form of the designed chromosome makes the
standard genetic operations not available, therefore, a set of
genetic operations is proposed in this paper. The proposed
algorithm is named as generalized-chromosome-based ge-
netic algorithm(GCGA). To make the GCGA to be under-
stood easily by researchers acquainted with standard GA, the
work flow of the conventional algorithm is adoptéd4],
which can be described as follows.

Inversion process

(a) Initialize population: Utilize the initializing operator
on the head set and the body set, and denote the size of the
population asS,.

(b) Select reproductive population: Select the individual
repeatedly from the old population according to “Survival of
the fittest” and put the selected individual into a temporary
population, named reproductive population, till its size Output the results
equals toS,.

(c) Crossover process: Select two individuals randomly in
the reproductive population and generate a random number A
in [0,1], denote it ap. If p is smaller than or equal to the C Stop )
crossover probability, utilize the crossover operator on the
two selected individuals to get two offspring individualspif

is larger than the crossover probability, take the two un- FIG. 10. Flow chart of the GCGA algorithm.
changed selected individuals as offspring individuals.
(d) Mutation process: Generate a random numb¢ir] 1. Initializing operator P

and denote it as. If # is smaller than or equal to the mu-
tation probability, utilize the mutation operator on the indi-
viduals going through the crossover processylis larger
than the mutation probability, keep the individuals un-
changed.

(e) Inversion process: Utilize the inversion operator on the P=Py(H,B), (16)
individuals going through the mutation process. ) o ] )

(f) Denote the current size of the new populatiorSasf V\{herePN is an operat_or to gene_ratg an initial population with
S is smaller thanS,, return to step c; else copy the new sizeN. Its flow chart is shown in Fig. 11.
population into the old one.

(g) Denote the current generation numberkaand the 2. Generalized crossover operat@r

maximal generation number &6 If k is smaller thankK : .
. . .. To implement the crossover operation and generate new
return to step B; else output the results including the indi- P P g

; ; . - Fhromosomes, a generalized crossover operator is defined as
viduals with respect to the maximal, average and minimal
fithess, and then stop. C.DXD—DXxD. (17)

Initializing operatorP is used to generate an initial popu-
lation. It is a two-element random operator. Its two variables
areH andB, and its result is a subset Bf. DenotingP as a
population, then the initialization d® can be represented as

The flow chart of the proposed GCGA algorithm is shownlt is a two-element random operator. Its variables are the
in Fig. 10 and the work behaviors of its key genetic operatorelements ofD. If x,y e D, thenC generates a pair of new
are explained as follows. GCs as
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with length offm+m. But because the head parts are omitted,

Check the element the crossover points should be translated as
conditionsof H, B 0 iy, (223
> i0 ip— . (22b)
v

Randomly generate Denote the crossover on two normal chromosomes as

he H, beB b, ® by — (b}, by), (220
whereby,b) e B. Then combiningy, andb,, with the original
A head parts ofx andy, respectively, offspring GCs corre-
Generate xe D and sponding to the GTSP cycles can be obtained
x=h®b from h and b, x'=h, ® by, (23

putthe x into population P

y'=h @b, (24)

If i,<mm, then the crossover takes place in the head parts.
In this case, it is only needed to exchange the genes within
the crossover segments. The process can be denoted as

h,® h, — (h,h)), (249

Y
wherehy,hj e H. Then combiningh, andh; with the origi-
nal body parts ok andy, offspring GCs corresponding to the
GTSP cycles can be generated as
FIG. 11. Flow chart of the initializing operator. X' = h>’( @ b,, (25)
x",y") =C(xy), (18) y' =hj & b. (26)

wherex',y" are the two offspring chromosomes generated by |f i, < andi, >, then the generalized crossover can be
operatorC at the same time based on the parental chromotreated as the combination of the above cases. One crossover
somesx andy. Generally, if operation takes place on the gene segment fiidrl) to i,,

x,.y!) = C(X.Y), 19 another fromi; to m. The two crossovers ca_n.be imple-

O y2) = CO0Y) 19 ented asynchronously in two steps. Combining the new
head and body parts obtained in the two steps, we can have

(x2,y2) = C(xy) (200 the offspring GCs corresponding to the GTSP cycles
are generated at different time, the following two equations R ,
x'=h, @ by, (27)
X1 = X5, (22)
y' =h; & by. (298
Y1=Ya2 (22)
do not necessarily hold, because the generalized crossover 3. Generalized mutation operatdv!

operatorC is a random operator. Equatioli®l) and (22) . . . s
hold if and only if the two parental chromosomes and the To increase the diversity of the gene segments, the gener

- alized mutation operata¥l is designed based on the inser-
crossover segment positions are exactly the same.

Let x=h,®b, andy=h,&b,, then the flow chart of the tion mutation used in standard GA
generalized crossover operai@ris shown in Fig. 12. The M:D —D. (29)
behavior of the operator is somewhat similar to the two-point ) ) )
crossover in the standard GA. Let the two crossover pointd iS @ one-element random operator, and its variable is an
selected randomly bé andi, (assumei,<i,), wherei,  €lement belonging to GC sé. If xeD, then under the

=randonffn+(M+M),  i,=randongm+(m+fm), and effect of generalized mutation operafdr it will result in a
randontn) is a generator of random numbers with uniform New GC
distribution within N(n) x' =M (X) (30)

If i;>rmthen the crossover takes place in the body parts.
In this case, the effect of operat@ris equal to the conven- Similarly to the generalized crossover operaborif
tional crossover in some extent, because the body parts of ,
GC are equivalent to two normal chromosonigsand b, X =M and (31

016701-6
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Select two GCs

x,yeD

A

Select two crossover

points i, i, (i <i,)

andlet [, =i, [, =i,

b, ®b, —(b,,b})

standard crossover operations |
on gene segments from

(il "’;1) to (4, _7;1)

let { lb:i] ‘|

i =m+1

L < 2
Y
h, ®h, — (H,,h}) let {l" =if Y N
i,=
crossoverin H from |
i to i,
x'=h ®b,
v y'=h ®b,
l,>m ?
4
K D x'=h ®b]
PV y'=h &b,
Y=h &b

) 4
A

C Termination )

FIG. 12. Flow chart of the generalized crossover operator.
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Select a preliminary gene

i = rand(m+ (m+ m))

A 4

Generate a temporary

gene segment b7

Generate a new head

gene segment /. with
Select inserting gene position within FIG. 13. Flow chart of the

A~ . generalized mutation operator.
bY: s =random(m+m—1) h(i) = random(k,)

P

Generate a new body

gene segment b,

Generate a new GC

x'=h®b,
Generate anew GC x' =h @b
C Termination )
Xy =M (X) (32 b,=[b(1),b(2), ... b(m+m)]. (35

The flow chart of operatoM is shown in Fig. 13. A
preliminary gene is randomly selected,=randonfm+(m
X; = X5, (33)  +M)), which is taken as the gene to be inserted.

The difference between GCGA and standard GA is that if

does not necessarily hold. Equati88) holds if and only if  i>m then the preliminary gene lies in the body part and it
the preliminary and insertion genes are exactly identical, recan be determined that the preliminary gene is(ikeh)th

are two new GCs generated B based orx, generally,

spectively. componentb(i-m) of b,. Removing the preliminary gene
Let x=h,® b, and from b, and forwardly moving genes behittdi —m) one bit
sequentially, a temporary gene segment can be generated as
h,=[h(1),h(2), ... ,h(fm)], (34) follows

016701-8
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mo om+l i

FIG. 14. Gene selection of the

o+ (i +m) . .
generallzed reversion operator.

b =[b(1),b(2), ... b(i - M- 1),b(i -+ 1), ... b(f+m)].
(36)

Then an inserted gene positieon b}, with length of m
+M-1 is randomly selected as

s=randonim+ m-1). (37)

different from the generalized mutation operabdrthat R
affects only the body part of the GC. Let the two reversion
points bei; andi, (i;<i,) as shown in Fig. 14. Then the
flow chart of the generalized reversion operaforcan be
shown in Fig. 15.

Similarly to the conventional reversion operation, opera-
tor R can be used to select two reversion pointandi,

After getting the inserting gene position, we use the generaf@ndomly

ized mutation operator to move the genes belti(sl back-

wardly and then copy the preliminary gene into the compo-

nentb(s+1). The mutation process can be denoted as
X"=M(x) =hy, @ by, (39

where

i; = randontf + ), (47)

i, = randonfm+ m). (48)

If any of b(i;) andb(i,) is super vertex, then the following
cost computation is related to the original vertex visited in its

super vertex wherb(i;) or b(i,) appears. Denote

by, =[b(1),b(2), ... b(i —m=1),b(i —m+1)...,b(s),bli
-m),b(s+1), ... b(m+m)]. (39

If i <m, then the preliminary gene lies in the head part, and
it can be determined that the gene is tttecomponenti(i)

of hy. In this case, no inserting gene is required. The gener-
alized mutation operator can be used to select an integer in
N(k;) randomly andh(i) can be replaced by the random se-
lected integer. The mutation process can be denoted as

x"=h; @ by, (40)

where
h,=[h(1),h(2), ... ,h(i = 1),randontk;),h(i + 1), ... ,h(M)].
(41)

4. Generalized reversion operat®

To enhance the convergent speed of the GCGA, the gen-
eralized reversion operator is designed

R:D — D. (42)

It is a one-element random operator, and its variable is also
an element belonging to the 48t If x e D, then after imple-
menting the generalized reversion oper&gwe can obtain

a new GC

X' =R(X). (43
Similarly to generalized mutation operatir, if
x1=R(X), (44)
Xy = R(X), (45)
are two new GCs generated Bybased orx,
X1 =X (46)

dose not necessarily hold generally. Equatidf) holds if
and only if the two reversion points are exactly identical. It is

016701-9

Select reversion points (i, <1i,)

iy = random(in + m)

i, = random(m + m)

Compute the reversion cost

1 =d(b(@),b(j) +d(b(i +1),b(j +1))

0q

8, = d(b(),b(j + 1)+ d(b(i +1),b()))

g8,<g?

Y

Reverse gene segment from

b(i, +1) to b(i,), then generate b, .

Generate anew GC x"=h, @b/

( Termination )

FIG. 15. Flow chart of the generalized reversion operator.
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TABLE |. Results and comparisons for benchmark test problems.

Five runs Statistical information Tini®
Problem Opt 1 2 3 4 5 Max Min Ave Er@) GCGA HRKGA
10ATT48 5394 5394 5394 5394 5394 5394 5394 5394 5394 0.00 0.78 2.08
10GR48 1834 1860 1834 1834 1834 1834 1860 1834 1839 0.27 0.23 1.81
10HKA48 6386 6592 6573 6386 6386 6386 6592 6386 6464 1.22 0.19 291
11EIL51 174 176 176 177 176 176 177 176 176 1.15 0.87 2.04
12BRAZIL58 15332 15332 15332 15332 15332 15332 15332 15332 15332 0.00 0.26 2.03
14ST70 316 316 316 316 316 316 316 316 316 0.00 1.23 2.03
16EIL76 209 214 222 214 214 214 222 214 215 2.87 1.45 1.71
16PR76 64925 64925 64925 64925 64925 64925 64925 64925 64925 0.00 1.29 2.36
20RAT99 497 497 497 497 500 497 500 497 498 0.10 2.02 3.40
20KROA100 9711 9758 9758 9758 10019 9822 10019 9758 9823 1.15 1.93 2.80
20KROB100 10328 10492 10335 10465 10328 10328 10492 10328 10389 0.59 1.79 3.35
20KROC100 9554 9554 9554 9554 9570 9554 9570 9554 9557 0.03 1.92 412
20KROD100 9450 9450 9450 9450 9450 9451 9451 9450 9450 0.00 1.96 5.11
20KROE100 9523 9523 9802 9637 9523 9541 9802 9523 9605 0.86 2.00 4.07
20RD100 3650 3653 3653 3653 3810 3653 3810 3653 3684 0.93 1.66 2.03
21EIL101 249 253 251 251 251 251 253 251 251 0.80 1.79 3.96
21LIN105 8213 8213 8213 8213 8213 8213 8213 8213 8213 0.00 2.10 3.68
22PR107 27898 27901 27901 27898 27898 27950 27950 27898 27909 0.04 2.25 4.07
24GR120 2769 2769 2797 2805 2779 2837 2792 2837 2779 1.01 1.19 6.04
25PR124 36605 40337 36605 36605 36762 36605 40337 36605 37382 2.12 251 5.11
26BIER127 72418 72418 72418 91819 72498 73252 91819 72418 76481 5.61 2.49 2.85
28PR136 42570 42570 42570 42570 42570 42570 42570 42570 42570 0.00 2.72 5.71
29PR144 45886 45890 46657 45890 45891 45891 46657 45890 46043 0.34 2.67 9.83
30KROA150 11018 11132 11602 11117 1737 11451 11737 11117 1407 3.53 3.26 4.72
30KROB150 12196 12453 12211 12428 12376 13728 13728 12211 12639 3.63 3.29 12.36
31PR152 51576 51576 51820 51628 51610 51576 51820 51576 51642 0.13 2.09 14.11
32U159 22664 22664 22981 22667 22664 22664 22981 22664 22728 0.28 2.90 9.72
39RAT195 854 870 866 874 871 870 874 866 870 1.87 4.89 17.09
40D198 10557 10626 10620 10574 10631 10557 10631 10557 10601 0.42 3.50 11.32
40KROA200 13406 13763 14848 13514 13734 13735 14848 13514 13918 3.82 4.73 16.42
40KROB200 13111 13265 13222 13164 13122 13117 13265 13117 13178 0.51 4.93 13.78
45TS225 68340 68643 68756 70886 70097 68756 70886 68643 69427 1.59 1.46 16.31
46PR226 64007 64007 65423 64007 64007 66074 66074 64007 64703 1.09 4.99 14.67
53GIL262 1013 1051 1096 1051 1040 1135 1135 1040 1074 6.02 4.76 22.03
53PR264 29549 29894 29894 30478 29549 29725 30478 29549 29908 1.21 4.26 22.79
60PR299 22615 23508 23086 23446 23089 22762 23508 22762 23178 2.49 2.96 24.6
64LIN318 20765 20977 21165 25330 21870 21237 25330 20977 22115 6.50 2.04 43.61
80RD400 6361 6465 6599 6795 6630 6535 6795 6465 6604 3.82 5.30 87.11
84FL417 9651 9763 9757 9730 9670 9706 9763 9670 9725 0.77 8.21 177.3
88PR439 60099 61395 61030 70416 60816 60529 70416 60529 62837 4.56 3.51 234.54
89PCB442 21657 22564 23062 24041 22976 23836 24041 22564 23296 7.57 5.06 88.71
g, =d[b(i),b(j)] +d[b(i +1),b(j + 1], (49) by =[b(1), ... b(byb(iz),bliz= 1), ... b(iy +2),b(iy
+1),b(i,+ 1), ... b(M+M)]. (52
g, =d[b(i),b(j +1)] +d[b(i + 1),b(j)], (500  Combining the new body part and the original head part, we

can obtain a new GC

whered(-, -) is the cost/weight between two corresponding
vertices. If g,<g;, then reverse the gene segment from

b(i;+1) to b(i,) and a new body part can be obtained

016701-10

X" =h, & by;

(52)

if else, the generalized reversion operator does nothing.
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FIG. 16. Forward segments of time consumption trends of

GCGA and HRKGA.

5. Generalized fitness function

GCGA and HRKGA.

FIG. 18. Backward segments of time consumption trends of

be obtained from TSPLIB library25] and were originally

generated for testing standard TSP algorithms. To test GTSP
algorithms, Fischettet al. [5] provided a partition algorithm
to convert the instances used in TSP to those which could be
used in GTSP. Because the partition algorithm can generate
the same results at different running provided that the data
wherex e D, « is a preset constanty andim are the numbers  order are the same, the partition algorithm can be used to
of super vertex and scattering vertex, respectivalys the  generate test data for different algorithms. In the following
edge length of the minimal regular polytope containing theexperiments, we take the population size as 100, maximal
vertex seV. If V is a point set in a two-dimension Euclidian generation as 200, crossover probability as 0.89, and muta-
space, thei is the edge length of minimal square containingtion probability as 0.003.
the point setv, T(x) is the objective function, i.e., the real  Table | presents the results and some comparisons be-
cost of a GTSP cycle, which has the form tween the proposed GCGA and HRKGA, in which the first
P column stands for the names of the test instances, the second
_ _ PSS . for exact optimal tour length for each problem given in Ref.
T =T(hy & by = d[b(1), b(+ )] + é db(i), bi = 1)]. [5], the third to the seventh for the result in each run time,
the eighth to the eleventh for some statistical information
(54) including the maximum(Max), minimum (Min), average
Notice that the difference between GTSP and conventAve) length for each five run and the relative eri@rr),
tional GA fitness functions is that the GTSP fitness functionespectively, where the relative error is calculated as
may include only part of the vertices withw, whereas the
conventional GA fitness exactly includes all of the vertices Err:wtx 100 % ,
within V. Moreover, in the fitness function of GTSP if some Opt
super ve_rtices are i_ncluded_, their corresponding cost is Coménd the last two columns for the average run time used by
\p/)llgtltta: with the original vertices that the current GTSP cyclethe GCGA and HRKGA in five runs, respectively. Table |
' shows that the GCGA can be used to solve GTSP effectively
and efficiently. From Table | it can be seen that among 41
test problems there are 7 instan¢®8ATT48, 12BRAZIL58,
14ST70, 16PR76, 20KROD100, 21LIN105, and 28PR136
To verify the validity of the proposed GCGA, we first
calculate all the instances used in REf9] on a PC with

In this paper, we still take the fitness function similar to
that used in conventional GA, but with a little alteration

f(X) = aVm+ MA/T(X), (53

IIl. NUMERICAL EXPERIMENTS

1.4 GHz processor and 256 M memory. These instances can P,
18 T ]
16 | . T Tl
14 [ ] 1

g2 X DU »
£ 10 A~ -

g8 2E

O 6 B=
4 - //' \.

9 ‘M
0 1 1 1 L A L 1
120 130 140 150 160 170 180 190 200

| ——GCGA —=—HRKGA | vertex

FIG. 17. Middle segments of time consumption trends of GCGA  FIG. 19. Real picture of the block with some machined simple
and HRKGA. shapes.
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FIG. 20. Suggested machining tour of the block machining ob-
tained by GCGA.

with zero relative errors for five runs. It shows that if the
GCGA is integrated with some proper local improvement
meth_ods, g_ood results C,OUId be optalned using GCGA. In all FIG. 22. Suggested machining tour of the conference obtained
the simulations the maximum relative error is 7.57% and theby GCGA.

average relative error of all the 41 test problems is 1.68%. To

examine the time consumption trends clearly, Figs. 16-18

show the time consumption trends when using GCGA and ]

HRKGA, respectively. When vertex numbers are small, the20)- A geometrical shape or a letter can be regarded as a
time consumption trends of the GCGA and HRKGA havesuper vertex, and then the machine cutter should try to mini-
almost the same increasing ratio, but the time consumptiofize the jump or the time spent from one shdfgtten to

of GCGA corresponding to any given vertex number isanother shapdetten as the time spent is deemed to be un-
smaller than that of HRKGA as shown in Fig. 16. With the productive. The GTSP is used to model both of the two ex-
increasing of the vertex numbers, the time consumption inamples. The proposed GCGA algorithm is employed to ob-
creasing ratio of the HRKGA has exceeded that of thetain the minimal jumping length. The results are shown in
GCGA as shown in Fig. 17. In the last segment as shown ifFigs. 21 and 22.

Fig. 18, the time consumption increasing ratio of the

HRKGA becomes nearly quadratic except for the last in-

stance with 442 cities, however, that of the GCGA is still as

linear. IV. CONCLUSIONS AND DISCUSSIONS

Two real application examples are also implemented us-
ing the GCGA. One is to machine some simple geometrical |y order to deal with the GTSP instances using GA effi-
shapes in a rectangular plate as shown in Fig. 19. Anothegiently, this paper designs a generalized chromosome at first,
application example_ls tp machine an |nternat|or_1al confe_r—and then proposes the generalized-chromosome-based ge-
ence logo as shown in Fig. 20. To obey the technical restricyotic a1gorithm. Simulations for both benchmark test prob-
tions and obtain high e_ff|C|ency and smooth contours, thEfems and real application instances show that the proposed
cutter shou_ld g0 down_ Into a _shape and come back to th Igorithm can be used to solve the GTSP effectively and
starting point aﬁer going contln_uously along thg de§|gne efficiently. Furthermore, the proposed GCGA could solve
pattern in slotgFig. 19 or protruding block pattermnsn Fig. TSP and GTSP instances in a unison mode. Whe0, i.e.,
the number of super vertices is zero, the algorithm runs on an
entire TSP mode. And whem=0, i.e., the number of the
scattering vertices is zero, the algorithm runs on an entire
GTSP mode. When botfn# 0 andm+ 0 hold, the algorithm
deals with the GTSP-TSP hybrid cases.

Compared with Ref{19], it can be seen that the proposed
GCGA is superior to the existing HRKGA in running time.
The time consumption trend of the GCGA is approximately
linear, whereas that of the HRKGA is nearly quadratic when
the vertices exceed some number. Numerical simulations
show that the local search could further improve the solution
quality, however, the time consumption problem is serious.
The proposed algorithm could be an ideal choice to find a
quasioptimal route with high efficiency for machining appli-
FIG. 21. Real picture of the internal conference logo. cations.
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