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Abstract

A parallel simulated annealing algorithm to solve the ve-
hicle routing problem with time windows is presented. The
objective is to find the best possible solutions to some well-
known instances of the problem by using parallelism. The
empirical evidence indicate that parallel simulated anneal-
ing can be applied with success to bicriterion optimization
problems.
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1 Introduction

The wvehicle routing problem with time windows
(VRPTW) considered in this work consists in finding a
set of routes originating and terminating at a depot which
serves a set of customers. For the purpose of delivery (or
pick up) there is a fleet of vehicles, each vehicle of some ca-
pacity. The customers have the given delivery demands and
a vehicle on its route cannot serve more customers than its
capacity permits. For each customer a time interval, called
the time window, and a time of service are defined. The aim
is to establish a set of routes which covers each customer
exactly once, ensures that the service at any customer starts
within the time window and preserves the vehicle capacity
constraints. Furthermore the set of routes should minimize,
firstly, the number of vehicle used, and secondly, the total
distance traveled by vehicles. Thus the VRPTW is a bicri-
terion optimization problem.

The practical applications of the VRPTW include de-
liveries of goods to department stores, school bus routing,
newspaper, laundry and mail distribution, security patrol or
maintenance services, etc.
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The previous works on the VRPTW can be divided
into two classes, exact optimization and heuristic (or ap-
proximate) algorithms. In the first class the works by
Desrochers, Desrosiers and Solomon (1992), Halse (1992),
Fisher, Jorsten and Madsen (1997), Kohl and Madsen
(1997), Kohl et al. (1999) can be cited. The methods devel-
oped in these papers have been able to solve to optimality
some of the Solomon (1987) benchmark problems of size
up to 100 customers. In the second class a variety of meta-
heuristics to solve the VRPTW were applied. Among them
were tabu search (Taillard et al. 1997, Cordeau, Laporte
and Mericier 2000), simulated annealing (Chiang and Rus-
sel 1996), genetic algorithms (Berger, Barkaoui and Braysy
2000), evolution strategies (Homberger and Gehring 1999),
local search (Shaw 1997, Li, Lim and Huang 2001, Ibaraki
et al. 2001), constraint programming (Shaw 1998), ant
colony systems (Gambardella, Taillard and Agazzi 1999).

In this work a parallel simulated annealing algorithm to
solve the VRPTW is presented. The objective is to find
the best possible solutions to some Solomon (1987) in-
stances of this problem by using parallelism. The empirical
evidence indicate that parallel simulated annealing can be
applied with success to bicriterion optimization problems.
To our knowledge the application of parallel simulated an-
nealing to the VRPTW was not reported in the literature.
The methods of parallelization of simulated annealing are
discussed in Aarts and van Laarhoven (1987), Aarts and
Korst (1989), Greening (1990), Abramson (1991), Azen-
cott (1992), Boissin and Lutton (1993), and Verhoeven and
Aarts (1996).

In section 2 the problem under investigation is formu-
lated. Section 3 describes a sequential annealing algorithm.
In section 4 the parallel simulated annealing algorithm is
presented. Section 5 describes the empirical results. Sec-
tion 6 concludes the work.

2 Problem formulation

The vehicle routing problem with time windows which
is a modification of the well-known vehicle routing prob-



lem (VRP) can be formulated as follows. There is a central
depot of cargo and n customers (nodes) located at the spec-
ified distances from the depot. The locations of the depot
(¢ = 1) and the customers (: = 2, 3, ..., n + 1), and the
shortest distances d;; and the corresponding travel times ¢;;
between any two locations 7 and j are given. The cargo
have to be delivered to (or picked up from) each customer
1 according to the delivery demand ¢; by a fleet of vehi-
cles. Each vehicle serves a subset of customers on the route
which begins and ends at the depot. The vehicles have the
same capacity ). The total sum of demands of customers
served by a vehicle on a route cannot exceed (). For each
customer a service time window [e;, f;] and a service time
s; are defined. e; and f; determine, respectively, the earli-
est and the latest time for start servicing. The customer  is
served by a single vehicle exactly once, within the time win-
dow [e;, fi]. The vehicle can arrive at the customer before
the time window but in such a case it has to wait until time
e; when the service can begin. The latest time for arrival of
the vehicle at customer i is f;. Let b; be the current time
when service can begin at customer ¢, and let b;; be the cur-
rent time when service can begin at customer 5, given the
customer j is inserted immediately after customer i in the
route. Then we have b;; = max{e;, b; + s; + t;; }. A wait
time w; = e; — (b; +s; + ;) is required if a vehicle arrives
at customer j before e;.

The objective is to find the set of routes which guarantees
the delivery of cargo to all customers and satisfies the time
window and vehicle capacity constraints. Furthermore, the
size of the set equal to the number of vehicles needed (pri-
mary goal) and the total travel distance (secondary goal)
should be minimized.

Lenstra and Rinnooy Kan (1981) proved that the VRP
and the VRPTW are NP-hard combinatorial optimization
problems.

3 Sequential simulated annealing

The algorithm of simulated annealing which can be re-
garded as a variant of local search was first introduced by
Metropolis et al. (1953), and then used to optimization
problems by Kirkpatrick, Gellat and Vecchi (1983), and
Cérny (1985). A comprehensive introduction to the subject
can be found in Reeves (1995). The application of simu-
lated annealing to solve the VRPTW is as follows. Initially
a solution to the problem is taken as the best solution to the
problem known so far, or the solution found using the se-
quential simulated annealing algorithm (Czarnas 2001). On
every step a neighbor solution is determined by either mov-
ing the best customer from one route to the best place (in
terms of the solution cost) of another route (perhaps empty)
or by selecting the best customer and moving it to the best
place within its route. All the routes mentioned above are

chosen randomly. The neighbor solutions of lower costs
obtained in this way are always accepted. The solutions of
higher costs are accepted with the probability

Ti/(Ti + ), 1)

where T;, i = 0, 1, ..., imax, IS @ parameter called a
temperature of annealing, which falls from the initial value
To = 7 - cost(se) according to the formula T, = B8T;,
where v and 8 < 1 are constants and s is the initial so-
lution to the problem, and & denotes the increase in the so-
lution cost. Equation (1) implies that large increases in so-
lution cost, so called uphill moves, are more likely to be
accepted when T; is high. As T; approaches zero most up-
hill moves are rejected. The cost of a solution s is computed
as follows:

cost(s) =d+ o(cn + emin) (2)

where d is the total travel distance of the routes, o is a
constant, ¢ is the number of routes in solution s (equals to
the number of vehicles needed), n is the number of cus-
tomers, and emin is the number of customers in the shortest
route. Since the basic criterion of optimization is the num-
ber of routes, the constant o should be large enough, so that
o(en + emin) > d.

The sequential algorithm of annealing stops if equilib-
rium is encountered. We assume that equilibrium is reached
if 7 consecutive stages of temperature reduction fail to im-
prove the best solution found so far. Contrary to the clas-
sical approach in which a solution to the problem is taken
as the last solution obtained in the annealing process, we
memorize the best solution found during the whole anneal-
ing process.

Summing up, the simulated annealing algorithm per-
forms the local search by sampling the neighborhood ran-
domly. It attempts to avoid becoming prematurely trapped
in a local optimum by sometimes accepting an inferior solu-
tion. The level of this acceptance depends on the magnitude
of the increase in solution cost and on the search time to
date.

The theoretical behavior of simulated annealing can be
modeled using a non-homogeneous Markov chain in which
the probability of moving from solution (state) ¢ to solution
j depends on 4, j and the current value of the temperature
of annealing. The results concerning optimal convergence
of such chains can be found in Aarts and Laarhoven (1987),
Aarts and Korst (1989), and Hajek (1988).

The worst case time complexity of the sequential sim-
ulated annealing algorithm for the VRPTW is 7 (n) <
an® = O(n?), where a is the number of cooling stages.



4 Parallel smulated annealing

Let us assume that p processors are available and each
of them is capable of generating its own annealing process.
The processors can be used either to speed up the sequen-
tial annealing algorithm or to achieve a higher accuracy of
solutions to a problem. In this work we consider the latter
goal. The accuracy of a solution is meant as its proximity
to the global optimum solution.

In the parallel simulated annealing algorithm the pro-
cesses Py, Ps, ..., P, co-operate with each other every w
step passing their best solutions found so far. Suppose for a
moment that the temperature of annealing, 7', is fixed. Let
VOTY, j=1,2,...,p,r =1,2, ..., Tmax be the Markov
chain for each of the processes, let Pr(V') be a realization
of one step of the chain at temperature 7" and with starting
point V, and let I_/r(j) be the best solutions found by pro-
cessesj =1,2,..., p,so far, i.e. between step 1 and r. We
assume the following scheme of co-operation:

v = par), @3)
VI = PrVY) forj # 1, andif r + 1 # uw,(4)
Ve = ppv) )

if cost(PT(V,fi)_ﬂ) < cost(VS"), (5
V9 = VU otherwise. (6)

In this scheme the processes co-operate at steps uw, u = 1,
2, ..., umax, Where each step consists of a single realiza-
tion in the Markov chain, i.e. of an annealing step. The
chain for the first process (; = 1) is completely indepen-
dent. The chain for the second process is updated at steps
uw to the better solution between the best solution found
by the first process so far, V,f}), and the realization of the

last step of the second process, PT(V(Q) ). Similarly, the

uw—1

third process chooses as the next point in its chain the better
solution between V2 and Pr (V) ). Clearly, the best
solution found by the I-th process is propagated for further
exploration to processes m, m > [. As in the sequential
annealing, the Markov chains generated by the processes
are non-homogeneous since the probability of moving from
one solution to another depends not only on the costs of
these solutions and the current temperature but also on the
cost of a solution computed by the left neighbor in a line of
co-operating processes.

The above scheme of co-operation is a modification of
the scheme given by Aarts and Laarhoven (1987), Graffigne
(1992), and Azencott and Graffigne (1992). Their scheme
uses in Equations (5) and (6) the value of Vu(ffl) instead of
Véﬁfl). That is, process j updates its chain to the better so-
lution found by its left neighbor in step uw—1, PT(V(j_l)),

uw—1
and its own realization of this step, PT(VJ’) ).

w—1

Now note that the temperature of annealing decreases ac-
cordingtothe formulaT;y; = 8T;fori = 0,1,2,..., imax,
where iy IS the number of cooling stages. There are two
possibilities in establishing the points in which the temper-
ature drops and the processes interact. Namely, we may
assume that the processes interact frequently during each of
temperature plateaus, or that the temperature drops several
times before an interaction takes place. In this work the
former approach is adopted.

The parallel simulated annealing algorithm to solve the
VRPTW written for the message passing model of paral-
lel computation is shown below. The processes P;, j = 1,
2, ..., p, carry out the annealing searches using the same
initial solution and cooling schedule as in the sequential al-
gorithm (see section 3). At each temperature process P;
executes n? annealing steps (line 24). The processes co-
operate every w = n step passing their best solutions (lines
25-34). On completion n2 annealing steps the processes
send their best local solutions to process Py (line 36). The
process Py chooses the best global solution among the local
solutions, i.e. in the set of best local solutions (line 7). Then
it tests whether to update the final solution with the best
global solution (lines 8-13). If such an update is made then
the equilibrium counter is set to 0. The searches stop when
equilibrium is reached, i.e. variable go sent to processes P;
takes on value false (line 14). Note that equilibrium is en-
countered if 7n2p annealing steps executed by the processes
during T consecutive temperature falls do not change the fi-
nal solution.

Parallel smulated annealing for the VRPTW

PROCESS Py:
1 Take the initial_solution as the best solution
to the problem known so far;

2 Send initial_solution to processes P;, = 1,2, ..., p;
3 final_solution := initial solution;
4 equilibrium_counter := 0;
5 while equilibrium_counter < 7 do
6 Receive best_local_solution; from processes P;,
1=L12,...,p;
7 Choose best_global_solution among
best_local_solution;, j =1, 2, ..., p;
8 if cost(best_global_solution) <
cost(final solution) then
9 final_solution := best_global solution;
10 equilibrium_counter := 0; {final solution
was updated}
11 else
12 equilibrium_counter := equilibrium_counter + 1;
13 end if;
14 go := (equilibrium_counter < 7);

15 Send go to processes P;, j = 1,2,...,p;



16 end while;
17  Produce final_solution as the solution to the VRPTW;

PROCESSES P;, j =1,2,...,p:
18  Receive initial_solution from Py;
19  old_solution; := initial _solution;
20  best_local_solution; := initial_solution;
21 T :=~yxcost(initial_solution); {initial
temperature of annealing}

22 loop
23 for iteration_counter; := 1 ton? do
24 annealing_step(old_solution;,
best_local_solution;); {as in the sequential
algorithm}
25 if number of annealing steps executed so far
is a multiplicity of n then {co-operate}
26 if 4 = 1 then Send best_local _solution;
to process Ps;
27 ese{j> 1}
28 receive best_local_solution; _;
from process P;_q;
29 if cost(best_local_solution;_1) <
cost(best_local_solution;) then
30 best_local_solution; :=
best_local_solution;_1;
31 end if;
32 if j < pthen Send best_local _solution;
to process Pjyq; end if;
33 end if;
34 end if;
35 end for;
36 Send best_local_solution; to Fy;
37 Receive go from Py;
38 if go = false then stop; end if;

39 T := B = T, {temperature reduction}
40 endloop;

The worst case time complexity of the parallel sim-
ulated annealing algorithm for the VRPTW is 7,(n) <
pn+a(nd+(p—1)n?+pn) = O(n+pn?). Ascompared to
the sequential simulated annealing algorithm the complex-
ity is higher by a cost of communication among processes
Py, P, ..., P, (lines 25-34) and between process Py and
Py, P, ..., P, (line 18 and lines 36-37). Consider pro-
cess P,. There are n steps of communication (lines 25-34)
within the for loop. The cost of a single communication
step is proportionate to (p — 1)n, as p — 1 messages of size
O(n) are sent and received. Thus the cost of execution of
the for loop in process P, is n® + (p — 1)n?. The cost of
communication in line 18 and lines 36-37 is proportionate
to pn. Thus the overall cost of execution of the VRPTW
does not exceed pn + a(n® + (p — 1)n? + pn), where a is

the number of iterations of the while loop (lines 5-16).

5 Experimental results

The parallel simulated annealing algorithm described in
section 4 was implemented using C language and the mes-
sage passing interface (MPI) library. The tests of the al-
gorithm were carried out on the IBM RS/6000 SP, SGI
Origin 2000 and Sun Enterprise 6500 multiprocessor com-
puters with the problem instances published by Solomon
(1987). The Solomon test set consists of 56 problem in-
stances. Each of these instances comprises 100 customers.
The location of the depot and the customers are given as
integer values from the range 0..100 in a Cartesian coor-
dinate system. It is assumed that the travel times ¢;; are
equal to the corresponding Euclidean distances d;; between
the customer locations. The test problems are grouped into
six problem types. In problem sets R1 and R2 the customer
locations are generated randomly in a given area according
to a uniform distribution. The geographical distribution of
customers in sets C1 and C2 is clustered, whereas in sets
RC1 and RC2 it is semi-clustered with a mix of randomly
distributed and clustered customers. Sets R1, C1 and RC1
have narrow time windows and allow fewer customers per
route. Problem sets R2, C2 and RC2 have wider windows
and allow a larger number of customers per route. As al-
ready mentioned the objective of our work is to find as good
solutions as possible to some Solomon (1987) benchmark
problems by using parallelism. For this purpose the prob-
lem instances RC101..RC108 and RC201..RC208 were
selected. Table 1 contains the test results obtained forp = 5
processes and many executions of the parallel algorithm.
The best known solutions to the instances are marked in
bold (the details regarding the best solutions are given in
the Appendix). One can see (the last two columns of Table
1) that using parallel simulated annealing we were able to
find the new best solution to the problem instances RC202,
RC203, RC205, RC206 and RC207. For nine instances we
found the best solutions known so far. Only for two in-
stances from the RC group we foud the inferior solutions as
compared to the best known. Although the results are quite
good we believe that the parallel simulated annealing algo-
rithm needs further refinements (see remarks in section 6).
In particular, the suitable values of algorithm parameters
are to be selected. So far we have used the following val-
ues and ranges of parameters: g = 0.92, v = 0.001..1.0,
7=20..40,0 =0.5..5, w =n = 100.

6 Conclusions

The parallel simulated annealing algorithm, based on the
scheme of co-operation of processes as described in sec-
tion 4, proved effective to solve the delivery problem (Czech



Probl. Best published Best comp.
inst. solution solution

N D | Reference N D
RC101 | 14 | 1696.94 | TBGGP-97 | 14 | 1696.94
RC102 | 12 | 1554.75 | TBGGP-97 | 12 | 1554.75
RC103 | 11 | 1261.67 | S-98 11 | 1261.67
RC104 | 10 | 1135.48 | CLM-00 10 | 1135.48
RC105 | 13 | 1629.44 | BBB-01 13 | 1629.44
RC106 | 11 | 1424.73 | LLH-01 11 | 1424.73
RC107 | 11 | 1230.48 | S-97 11 | 1230.54
RC108 | 10 | 1139.82 | TBGGP-97 | 10 | 1139.82
RC201 | 4 | 1406.94 | CLM-00 4 | 1406.94
RC202 | 3| 1374.27 | LLH-01 3 | 1367.09
RC203 | 3 | 1060.45 | HG-99 3 | 1049.62
RC204 | 3| 798.46 | GTA-99 3| 798.46
RC205 | 4 | 1300.25 | IKMUY-01 | 4 | 1297.65
RC206 | 3 | 1152.03 | IKMUY-01 | 3 | 1146.32
RC207 | 3| 1062.05 | CLM-00 3 | 1061.14
RC208 | 3| 828.14 | IKMUY-01 | 3| 828.71

Table 1. The test results for the parallel sim-
ulated annealing algorithm (N — number of
vehicles needed; D — total distance traveled).
The best known solutions are marked in bold.

2001). The results of the present work show that the al-
gorithm is also useful for the vehicle routing problem with
time windows. By making use of it we found excellent solu-
tions to some instances of Solomon (1987) benchmark set.
This proves that parallel simulated annealing can be applied
with success to bicriterion optimization problems.

In order to attain good optimization results one has to ad-
just the meta-heuristic of simulated annealing to the prob-
lem being solved. With respect to the VRPTW one needs to
decide the following choices:

(i) Initial temperature of annealing. We set Ty = ~ -
cost(sg), where y is a parameter and s is the initial
solution to the problem. If Ty is too high then almost
all moves are accepted and the search produces a series
of random solutions. Each of these solutions can be an
initial solution itself. Conversely, when Ty is too low,
little movement is allowed what narrows the scope of
the search. Thus T is to be selected as the result of
some compromise.

(ii) Cooling schedule. We adopt a geometric reduction
function of the temperature of annealing, T;+1 = 8T,
where 8 = 0.92. This value of 8 was found to be the
best for the delivery problem (Czech 2001) and, as the
present work shows, it is also quite a good choice for
the VRPTW.

(iii) Number of annealing steps executed in each temper-
ature. It is usually related to the size of a solution
neighborhood. In our computational experiments the
number between n? and 10n? steps were tried out.

(iv) Termination condition. It derives from the notion of
equilibrium. We define that the search reaches a state
of equilibrium if 7 consecutive stages of temperature
reduction fail to improve the best solution found to
date.

(v) Relative importance of the number of routes against
the travel distance. The “shape” of routes generated
in the annealing process is assessed by the measure
cn+ emin, Where ¢ is the number of routes in a solution
and emin IS the the number of customers in the shortest
route. This measure takes on a small value if a solution
consists of a small number of routes. This value also
decreases when the shortest route gets shorter, what as
a consequence may result in reducing the number of
routes in a solution. The relative importance of this
measure with regard to the travel distance is controlled
by parameter o (see Equation (2)). A question whether
Equation (2) is the best way to define a single opti-
mization criterion needed for a simulated annealing al-
gorithm solving a bicriterion optimization problem re-
mains open.

In addition to these choices the following issues have to be

addressed in parallel implementations of simulated anneal-

ing:

(vi) Scheme of co-operation of processes. The scheme in-
vestigated is described in section 4.

(vii) Frequency of interaction. It is assumed that the pro-
cesses interact every w = n step during a temperature
plateau which comprises n? annealing steps. As hinted
in section 4 the interactions which span over several
temperature falls can also be considered.

(viii) Number of co-operating processes. In our tests up to
p = 5 co-operating processes were used.

To conclude, we believe that further research on is-
sues (v)—(viii) may enhance the quality of solutions to the
VRPTW achieved in the present work by exploiting the co-
operation of processes in the parallel simulated annealing
algorithm.
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Appendix: Best solutions

The customers are denoted as 2-101. Each route starts and
ends at the depot (node 1).

Problem instance: RC101. Distance: 1696.94. Vehicles:
14,

route1: 64 77 52 23 50 21 25; route 2: 70 99 89 54 79 56
69; route 3: 28 30 32 31 35 27 33 94; route 4: 93 96 63 68
72 95 51 81; route 5: 40 43 45 62 82 55 97; route 6: 65
91 85 57 67; route 7: 60 76 88 98 59 78; route 8: 84 24

22 2019 49 26; route 9: 83 12 16 17 10 11 14 18; route
10: 7337 3942 41 44 38 36; route 11: 66 53 100 58 87 75;
route 12: 1548 13 74 80 47 5 61; route 13: 29 34 86 90
92;routel14:64638794271101;

Problem instance: RC102. Distance: 1554.75. Vehicles:
12.

route1; 34 29 28 27 32 3551 94 95 81; route 2: 43 62 82
91 69 55 97; route 3: 93 96 63 30 31 33 90; route 4: 66 84
20 24 49 19 22 26 78; route 5: 70 89 54 10 11 14 18 13;
route6: 1548 74 7980 8 56 101 71; route 7: 86 64 77 52
2350 21 25; route 8;: 8312 16 17 88 98 76 59; route 9: 92
65 100 87 58 75 60 53; route 10: 37 45 41 39 42 44 36 38
73; route 11: 40 72 68 8557 67; route12: 34624697
47561 99;

Problem instance: RC103. Distance: 1261.67. Vehicles:
11.

route1: 66 10098 76 59 78; route2: 708954 111417 18
48; route 3: 6521 23 50 20 19 49 22 26 58; route 4: 93 96
6351 68 8557 67; route5: 131516 12 10 88 60 75 87 53
8391; route 6: 84 2524 77 90 64 86 52 92; route 7: 62 43
44 45 413942737294 9581; route 8: 34 28 31 33 29 27
303235;route9: 3462469756 69; route10: 99 61 74
79808475101 71; route11: 82 40 37 36 38 55 97,

Problem instance: RC104. Distance: 1135.48. \ehicles:
10.

route 1: 86 64 90 77 85 52 65 84 67; route 2: 23 21 50 20
2422 49 19 26 25; route 3: 81 9257 96 63 68 9594 72 73
5597 82; route4: 6271246469 475 101 69; route5:
91 66 100 98 76 59 78; route 6: 43 45 44 39 38 36 37 41
4042;route7: 896179748087 356; route8: 70 99 54
131817 14 11 83; route 9: 93 51 34 33 31 29 27 28 30 32
35; route 10: 1548 16 12 10 88 60 75 87 58 53;

Problem instance: RC105. Distance: 1629.44. Vehicles:
13.

routel: 737282425597 95 94; route 2: 70 89 79 74 56
69; route3: 43629747542 101; route4: 93 96 65 100
5387 58 75; route5: 91 54 67 57; route 6: 66 83 13 12 88
60 98 76 59; route 7: 64 63 68 85 52 86 92; route 8: 84 20
2419235021 78;route9: 3466 88061; routel0: 32 30
28 31 29 27 33 3551 81; route 11: 40 37 45 39 41 38 36
44 71; route 12: 34 77 90 49 22 26 25; route 13: 99 15 48
16171011 14 18;

Problem instance: RC106. Distance: 1424.73. Vehicles:
11.

routel: 7099 89 54 13 11 10 14 18; route 2: 1512 88 60
76 98 59 75; route 3: 96 63 64 86 77 52 85 57 67; route 4:
43454041 37 3942 44 38 36; route5: 737268 31 33 35
5194 81; route6: 346698747542101;route7: 9362
82 91 95 97 55 69; route 8: 83 53 100 87 58 23 50 21 25
92; route 9: 66 84 65 20 24 22 19 49 26 78; route 10: 34
3230282927 90; route11: 16 17 48 79 74 80 61 56 71;



Problem instance: RC108. Distance: 1139.82. Vehicles:
10.

route 1: 91 62 82 97 95 94 73 55; route 2: 72 68 63 51 64
86 85935792 81; route3: 70998954 79 7480 61 56 71
69; route 4: 96 34 31 29 27 28 30 32 35 33; route 5: 83
10053 87 88 60 98 76 59 75; route6: 3789475466 4
2 101; route7: 66 84 58 25 23 50 22 24 26 78; route 8: 65
52 779019492021 67; route9: 42 43 45 44 41 39 38 36
37 40; route10: 1315481817 16141012 11;

Problem instance: RC201. Distance: 1406.94. Vehicles: 4.
routel: 66 1548607617 1612137479808794745
2 56 69; route 2: 93 96 64 34 29 28 30 32 31 63 68 72 91
10058 87 88 10 54 11 98 75 14 18 61 101 71; route 3: 43
37407346639989624541394282955135332790
492526 78 59; route4: 70 83 53 84 652024 22 1977 86
855250232167 5797553844 36949281,

Problem instance: RC202. Distance: 1367.09. Vehicles: 3.
route 1: 92 93 96 86 64 34 29 27 28 30 32 31 63 68 72 62
42 3941829185502167575135339049 22252678
7659 53; route 2: 66 83 131548 16 12 84 6524 2052 77
19235887 8810119860 7514188561101 71; route
3:994664243374045708974171005479809 747
356 69 55 44 36 38 7397 94 95 81;

Problem instance: RC203. Distance: 1049.62. Vehicles: 3.
routel: 24646 6174 17 16 12 87 58 65 24 22 49 19 77
9064 8685522320502157675311131548181475
60 98 76 59 78 26 25 84; route 2: 82 62 43 40 37 44 45
7089998310088105479809784753566971101;
route 3: 91 66 92 93 96 51 34 33 35 32 30 28 27 29 31 63
68 95 97 55423941 3638737294 81;

Problem instance: RC204. Distance: 798.46. Vehicles: 3.
route1: 81 9293 9563 5290 77 19 24 22 49 20 50 21 58
100 53 88 10 14 87 75 60 98 76 59 78 26 25 23 84 66 91;
route2: 70998311121617 1848 15135461 79 74 80
8947466425738956101716269; route3: 829755
42 40 434544 41 37 36 3839 73 72 94 68 85 86 64 34 33
312927283032355196576567;

Problem instance: RC205. Distance: 1297.65. Vehicles: 4.
routel: 7083121617481513897974808794754
271101;route2: 3466434037 7372639562 4541 39
42 82915499 56 69 44 36 38 55 97 94 92 81; route 3: 66
846520242219588753100108860769811675751
353327904926 78 59; route4: 93 96 34 29 28 30 32 31
64 77 86 68 8552 50 23 21 25 75 14 18 61,

Problem instance: RC206. Distance: 1146.32. Vehicles: 3.
routel: 66 84 5383131548 17 16 12 60 76 24 22 19 20
502358 100 87 88 98 10 11 14 18 61 56 101 71 69; route
2: 73939663 32302829 31346486 775265856872
958291 67 57 51 3533 27 90 21 25 49 26 78 59 75; route
3:709934664543403937414262895479748087
94754244 3638559794 9281;

Problem instance: RC207. Distance: 1061.14. Vehicles: 3.
route 1: 66 84 65 96 68 32 30 29 31 34 64 77 52 2022 19
2476 6088 7587 58 2321 50 26 78 59 98 14 11 18 61 56
101 71 69; route2: 709989 36434541 3940427372
94 82 629157 8586 9597 93 63 51 3528 27 33 90 49 25
67 92 81; route 3: 83 100531012 16 17 48151354 79
748087 947546424437 36 38 55;



