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Abstract.
This paper deals with the optimizing of distribution networks
with a central depots and a prescribed number of intermediate depots that
supply groups of clients. A two levels metaheuristic is described for solving
it. On the first level, a genetic algorithm used for finding the feasible group of
consumers and the corresponding intermediate depots, like in the p-median
problem. For such a partitioning of the clients, the interior provisioning
circuits are obtained by invoking a hybrid genetic algorithm, and this task
represents the second level of the metaheuristic. This second level completes
the partial solutions from the first level and computes the fitness function of
the genetic algorithm on the first level. The performance of the metaheuristic
containing the two nested genetic algorithms is experimentally evaluated.
INTRODUCTION
I.
This paper proposes a new solving technique for optimizing
distribution networks (ODN). In this problem, a central depot and a set of
consumers are given. The set of consumers is to be partitioned into a given
number of groups. Within each group, a consumer receives its demand from
an intermediate depot. The intermediate depots are selected from a given
subset of consumer’s locations. The sum of demands of consumers forming a
group does not exceed the capacity of the vehicle assigned to that group.
Within each group, the transportation is done by using a Hamiltonian circuit
passing trough all the members of the group and starting/ending from/at the
respective intermediate depots.
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There are two possibilities to supply the intermediate depots from a
central depot: independently, using several transportation means or using a
single vehicle that passes successively through each intermediate depot.
The transportation cost depends on the carried load and the unitary costs that
are associated with the connections between depots/consumers. The total cost
associated to a partitioning of consumers is the sum of all intermediate costs,
including the cost for provisioning the intermediate depots. The problem is to
find a partitioning of the consumers and the corresponding supplying routings
so that the total transportation cost is minimized.
In [23] it is studied a variant of the vehicle routing problem with time
window constraints and the vehicle capacity constraints for which a two stage
algorithm is proposed. In the first stage the algorithm maximizes the number
of customers served using an ejection pool for temporarily storing the clients
that are not (yet) supplied. During the second stages, one attempts to minimize
the total travel distance using a hill-climbing algorithm. The algorithms used
in [36] for vehicle routing problem are artificial intelligent algorithms such as
simulating annealing and tabu search. It is proposed a new cooling scheme
leading to a first simulated annealing application for vehicle routing problem,
and tabu search with both recency and frequency measures. In [35] a
comprehensive empirical study is presented on the effects of genetic
operations on the population diversity of the genetic algorithms solving
vehicle routing problem and a universal adaptive control function is proposed
to maintain the population diversity. A genetic algorithm [24] for vehicle
routing is presented in [32]. It uses a global customer clustering method that
uses an adaptive search strategy to assign vehicles customers. A local postoptimization method is applied to produce results superior to those obtained
by competing heuristic search methods. In [33] a hybrid search strategy that
combines genetic algorithms, simulates annealing and tabu search for vehicle
routing with time windows is described. In this hybrid, a global search made
by genetic algorithm produces an initial solution to the problem. This solution
is improved successively by a customer interchange method guided by tabu
search combined with simulated annealing that are known as efficient local
neighborhood strategies.
A two levels metaheuristic is described for solving it. On the first
level, a genetic algorithm used for finding the feasible group of consumers
and the corresponding intermediate depots, like in the p-median problem. For
such a partitioning of the clients, the interior provisioning circuits are obtained
by invoking a hybrid genetic algorithm, and this task represents the second
level of the metaheuristic. This second level completes the partial solutions
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from the first level and computes the fitness function of the genetic algorithm
on the first level. The performance of the metaheuristic containing the two
nested genetic algorithms is experimentally evaluated.
Section 2 describes a mathematical model of the problem. The
subproblems invoked in the solving of ODN problem are described and their
solving techniques are outlined in section 3. The metaheuristic for solving the
main variant of ODN problem is described in section 4. The results of the
experimental evaluation of the metaheuristic are presented in section 5. Last
section summarizes the work.
II.
PROBLEM FORMULATION
Consider a set of n consumers denoted by {1,2,..., n} and a central depot
named "0" . Let G = (V , A) be an oriented graph where V = {0,1,2,..., n} and the set
of arcs A containing all pairs (u, v) , u, v ∈ V for which u is directly connected
to v . Suppose that V ' ⊆ Vc is the set of locations that can become intermediate
depots and denote by p the prescribed number of intermediate depots. Denote
by d (i) the demand of consumer i , i = 1,..., n .
Let m be the number of available vehicles and denote by c(1),..., c(m)
their corresponding capacities. Consider that P = {P1 ,..., Pn } is a partition of
V \ {0} and g : {1,..., p} → {1,..., m} is the function that associates the vehicle g (i )
with group Pi , i = 1,..., p . Also, consider the injective function r : {1,..., p} → V ' ,
where r (i) is the intermediate depot associated with group Pi , r (i) ∈ Pi ,
i = 1,..., p .
The first condition requires that
(1)
D( Pj ) = ∑ d (h) ≤ c( g ( j )) , j = 1,..., p .
h∈Pj

As in section 4.1, denote by cos t (i, j ) the unitary cost of transportation from i
to j , i, j ∈ V . Denote by δ (h) the weight of the empty vehicle h , h = 1,..., m .
Similarly, the cost of transporting load q from i to j with vehicle h is
c(q; i, j ) = (q + δ (h)) ⋅ cost (i, j ) .
Let C (Pj ; g ( j ), r ( j ), π j ) be the minimum cost of provisioning group Pj , with
truck g ( j ) , starting from r ( j ) and returning to r ( j ) on a Hamiltonian circuit
π j passing through Pj like in the model of TDT problem formulated in
section 4.1. During this transportation, the consumers in Pj \ {r ( j )} are
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provisioned, whilst the consumer corresponding to r ( j ) is supplied in a
previous stage. These specifications are illustrated in Fig. 1 (for p = 3 ).
Two options are available for carrying the cumulated demands
D( P1 ),..., D( Pp ) from "0" to the intermediate depots r (1),..., r ( p) .
Radial connecting network. The local depots are independently
supplied with p vehicles T (1),..., T ( p) , having their own weight R(1),..., R( p) ,
respectively.

r(1)

D(P1)

0
D(P3)
P3

central
depot

D(P2)

r(3)
r(2)

Fig. 1. Distribution network (p=3)
The vehicle assigned to group Pj has enough capacity to transport the
entire demand D( Pj ) of the whole group Pj at once. This scheme is shown in
Fig. 2.
The cost to carry the loads from "0" to the intermediate depots is given
by
TI (1) ( P; g , r ) =

∑ [(D( P ) + R( j))⋅ cost(0, r ( j)) + R( j) ⋅ cost(r ( j),0)]
p

j

j =1

(2)

r(1)
R(1)+D(P1)
R(1)

0
R(3)

R(2)+D(P2)
r(3)

R(3)+D(P3)

R(2)

r(2)

Fig. 2. Reaching the intermediate depots r (1) , r (2) r (3) by a radial network
( p = 3 ).
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Circular connecting network. This scheme considers a permutation
α = {α 1 ,..., α p } of the intermediate depots indicating to reach them in the order
r (α 1 ),..., r (α p ) .

Let D be the total demand D = d (1) + ... + d (n) and denote by R

the own weight of the vehicle transporting the load D . The cost to supply the
intermediate depots is
p
j −1
(3)
TI ( 2) ( P; g , r ) =
cost (r (α ), r (α ) ) ⋅ ⎡ R + D −
D(r (α ))⎤

∑

j −1

j =1

∑

⎢⎣

j

h

h =1

⎥⎦

where r (α 0 ) = r (α p +1 ) = 0 .
This scheme is illustrated for p = 3 in Fig. 3, where the order to reach
the depots is r (3) , r (1) , r (2) .
The problem of optimizing the distribution networks (ODN) has two
variants:
ODN1: Find a partition {P1 ,..., Pp } of V \ {0} , an assignment g of
vehicles, an assignment r of intermediate depots and the routing π j within
group Pj , j = 1,..., p so that the total cost
T (1) ( P; g , r , π ) = TI (1) +

∑

p
j =1

(

C Pj ; g ( j ), r ( j ), π j

)

(4)

is minimized.
ODN2: Find a partition {P1 ,..., Pp } of V \ {0} , an assignment g of
vehicles, an assignment r of intermediate depots, the routing π j of group Pj ,
j = 1,..., p

and a routing of the intermediate depots α so that
T ( 2) ( P; g , r , π , α ) = TI ( 2) +

∑

p
j =1

(

C Pj ; g ( j ), r ( j ), π j

is minimized.

)

(5)

r(1)
R+D(P1) +D(P2)
0
R+D(P2)
r(3)

R+D(P1) +D(P2)+D(P3)

R
r(2)

Fig. 3. Circular network like in TDT problem for supplying intermediate
depots ( p = 3 , α = (r (3), r (1), r (2)) .
Each variant can be extended by supposing that each consumer has an
offer d (i) , i = 1,..., n . When a vehicle reaches consumer i , it unloads the cargo
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and loads d (i) . So, the current load diminishes with d (i) and increases
with d (i ) and the resulted values must be supported by the capacity of that
vehicle. Since in practice the introducing of such extension do not create
unfeasible solutions because usually d (i) < d (i) , this extension is maintained
only for the sake of completeness. The proposed method and its
implementation actually ignore this extension.
It is worth mentioning that the classical vehicle routing problem is a
particular case of ODN problem in the sense that the first is obtained from
ODN problem by taking p = 1 , r (1) = 0 and the cost of moving the load q from
i to j simply equal to cost (i, j ) (the transportation cost does not depend on the
useful or residual transported load).
d (i )

III.
TWO SUBPROBLEMS
In this section two important subproblems appearing in the solving of
ODN problem are outlined, namely district partitioning(p-median) problem
and time dependent transportation (TDT) problem.
3.1.

District partitioning problem
District partitioning problem considers a set of facility locations from
which one selects p special locations called centers. Around these centers one
constitutes a given number of groups. Each location has its own weight whilst
a cost is associated with a direct connection from a location to another. The
cost associated with a center is the sum of costs of transferring the weight of a
member of the group to its center, i.e. that weight multiplied by the cost of the
connection from the facility to the center. The total cost is the sum of costs of
all centers. If the group size is not restricted then the problem is called
uncapacited. The problem is to find the centers and the groups built around
them so that the total cost is minimized. It is known as p -median problem,
where p is the prescribed member of groups.
As shown in [21], this optimization problem is NP-hard for two or
more dimensions, when either the Euclidian or the rectilinear distance
measure is used and it is polynomialy solvable in one dimension. As
mentioned in [29], the problem is NP-hard on general graphs with arbitrary p .
In [18] and [22] it is stated that polynomial time algorithms exist for arbitrary
p and the graph is a tree or a general network if p is fixed. Nevertheless, for
fixed p the problem is not computationally easy.
A lot of techniques [29] in the class of local search algorithms are
given in the literature: greedy local search [31], [34], [28], tabu search [30],
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simulated annealing [10], variable neighborhood search meta-heuristic in [13]
and [19], a greedy randomized adaptive search procedure [27], boolean
programming approaches in [2] and [1], genetic algorithms [16], [20], [25],
[14], [17], [11], [4]. A hybrid evolutionary algorithm is described in [3]. In [7]
a new hybrid genetic algorithm is proposed. It combines the approach in [12]
with heuristic method [26] having good reported performance.
In the ODN problem the role of p-median subproblem is to efficiently
construct the set of p centers and the groups of clients assigned to the
candidates. The description of the hybrid genetic algorithm that evolves the
set of p centers and the corresponding partitioning can be found in [7]. The
distinction consist in the fact that the fitness function is mainly valued by the
costs of transportation of p circuits, which are delivered by solving p instances
of the transportation problem of the type described in the next section.
3.2.

Time dependent transportation problem
In the time dependent transportation problem, a vehicle has to supply a
set of consumers with known demands. It starts from a unique warehouse load
with the whole demand, passes exactly once through each client delivering the
corresponding demand and returns at the starting point. The transportation
cost between two locations depends on the unitary cost between them and the
weight of the transported load plus the weight of the empty vehicle. The
problem is to find a Hamiltonian circuit that minimizes the total transportation
cost. This problem generalizes the well-known traveling salesman and it is on
its turn NP-hard. Since the cost of traversing the edge e = (i, j ) depends on its
position in the path this problems will be called time-dependent transportation
(TDT) problem. This problem presents its own interest but it is contained as a
critical subproblem in different variants of the vehicle routing problem [15].
In the second case, an efficient way to solve this problem is very important
especially when it is invoked many times for computing the fitness function of
a genetic algorithm that is used for solving the main problem. A pure genetic
algorithm for this problem is described in [9]. In [6] it the grafting of a
heuristic method inspired by a pseudo-dynamic programming approach [5]
and a genetic algorithm are described. The hybrid method resulted by
combining a genetic algorithm and a branch and bound method for solving
TDT is described in [8]. This hybrid genetic algorithm is used in the present
approach for computing the cost of a partitioning coming from the p-median
subproblem.

O. BRUDARU and B. VALMAR

140

4.
METAHEURISTIC FOR RADIAL DISTRIBUTION NETWORK
In this section metaheuristic method is described proposed to solve the
radial provisioning of the intermediate centers. Since the first/second level of
metaheuristic is basically very similar to the hybrid genetic algorithm for p median and TDT problem, respectively, only the specific differences are
discussed.
4.1.

Metaheuristic's first level
Its main function is to establish the intermediate depots that correspond
to centers in p -median problem and to establish the group of consumers
around them. The structure of group Pj is described by the list
λ j = (r ( j ); v1j ,..., v nj j ) , where

{

Pj = r ( j ); v1j ,..., v nj

j

}

and n j is the number of

consumers around the intermediate depots r ( j ) . For ODN problem the
members of Pj must the specified because this time their order is important
and is obtained by solving an instance of TDT problem. A chromosome is
essentially the concatenation λ = λ1 o ... o λ p of the list describing the clusters of
clients. The individuals for the initial population are generated like for p median problem by selecting randomly the intermediate depots among the
elements of set V ' . This function r is defined for a new individual.
In order to define function g for a new individual, the following rule is
applied. It is supposed that the available vehicles are sorted in descending
order of their capacity and the total available capacity exceeds the total
demand. From this list, one takes the leftmost unassigned vehicle v , randomly
select an intermediate depot r ( j ) that does not have a vehicle, and assign v to
r ( j ) . Therefore, both function r and g are defined for current chromosome.
Then, a feasible assignment of consumers to the depots r (1),..., r ( p) is
accomplished by applying the following procedure:
Heuristic for client assignment
0. initialize Pj = ∅ , j = 1,..., p ;
i. for each consumer i ∈ V \ {r (1),..., r ( p)} do:
i.i. construct the permutation ξ = (ξ1 ,..., ξ p ) of intermediate depots so
that

cost (ξ1 , i ) ≤ cost (ξ 2 , i ) ≤ ... ≤ cost (ξ p , i )

i.ii.

determine

the

;
smallest

j = {1,..., p}

for

which
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add i to Pj .

h∈Pj

The above heuristic is very similar to the rule that constructs a solution
of the p -median problem for a given set of centers. Step (ii) ensures that the
capacity of a vehicle serving a certain depot is not exceeded.
If a circular scheme is used to supply the intermediate depots, the
permutation α of depots is added as prefix to the current chromosome. This
part of the chromosome requires a special treatment. As soon as groups
P1 ,..., Pp are obtained, the subproblem of finding a good order to supply the
groups for minimizing TI ( 2) defined by (3) is an instance of TDT. This can be
easily solved by invoking the hybrid genetic algorithm because p << n . For
small values of p ( 2 ≤ p ≤ 5 ), TI ( 2) can be minimized by enumerating all the
permutations of {1,..., p} . Therefore, no major differences between the variants
of ODN problem exist.
It is worth mentioning that the including of the whole structure of
groups in the chromosome structure is motivated only by the use of some
genetics operators that operate small changes between groups in the final
stages of the evolution. Experiments have shown that, actually adopting a
shorter chromosome and a larger population size can compensate the lack of
this type of fine tuning. Further, the chromosome contains only the
intermediate depots and information about g function. So, the genetic
algorithm implementing the first level of the metaheuristic remains a
constructive one.
The best found routing solutions corresponding to the groups of clients
are temporarily stored in a file only for the new chromosomes produced in
current evolution stage. These solutions are permanently stored only for the
best solution. This prevents the eventual difficulty to find the best routing
solutions again for the best individuals.
The storing of the routing in the groups forming the solution could be
avoided by computing of the fitness of the best chromosome again but
sometimes these solutions to TDT cannot be found again because the hybrid
genetic algorithm for TDT is not deterministic.
4.2. Metaheuristic’s second level
For a given chromosome, one obtains the groups of clusters P1 ,..., Pp
constituted around the depots r (1),..., r ( p) , respectively, by using the heuristic
for client assignment described above. For each j ∈ {1,..., p} , Pj represents an
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instance of TDT in which the role of "0" is played by the depot r ( j ) . Whilst
the first part of the total cost in (1) or (2) can be computed with the available
information, the second part in (1) and (2) does not. This task is accomplished
by the hybrid genetic algorithm for solving TDT described in [8]. The better
this algorithm works the more precise is the returned value of (2) or (3) is. The
value of (2) or (3) is the fitness function value for the current chromosome.
For each chromosome, p TDT instances are to be solved with the hybrid
genetic algorithm.
Experiments show that the exact values of the fitness function are not
really necessary, but a correct enough hierarchy of individuals with regard the
their performance does. Consequently, in order to reduce the computing time
it is enough to let the hybrid genetic algorithm for TDT work with no more
than 60% of the number of iterations needed to obtain the most accurate
results.
V.
EXPERIMENTAL RESULTS
The first objective of the experimental investigation was to test the
ability of the metaheuristic for finding known optimal solutions. A set of
artificial instances like that depicted in Fig. 4 was produced. The demands of
consumers in each cluster decreases along the current circuit shown by
circular arrow within each group. The unitary cost are proportional to
Euclidian distance between two points, whilst
cost (0, r (1)) < cost (0, r (2)) < ... < cost (0, r ( p )) and D(r (1)) > D(r (2)) > ... > D(r ( p)) .
Each circuit is formed by the points of convex polygon with equal
sides. Only the optimal solution is drawn in Fig. 4.
P2

P1
r(2)

r(1)

0

r(3)
P3

Fig. 4. Example of artificial with known optimal solution.
A set of 10 regular structures with random values of p between 2 and
10 was generated, each group having a random number of clients in the range
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4-20. The demands within each group vary in arithmetic progression. The
starting values are greater as the distance from the corresponding intermediate
points to "0" is smaller. For each such structure a number of 20 runs were
executed and for each run the ratio T * / T (1) was computed, where T * is the
optimal cost of the corresponding instance and T (1) is defined by (4). The
obtained distribution is shown in Tab. 1.
Tab 1. Distribution, average and standard deviation of T*/T(1)
[0.82,0.8 [0.88,0. [0.92,0.
[0.96,1]
T*/T(1) <0.82
8)
92)
96)
0.02985 0.06567 0.12835 0.25671 0.51940
rel. freq.
07
16
82
64
3
average0.94620 std.dev.0.17923
=9
=36
The resulted average is 0.946. The graph of this distribution is shown
in Fig. 5. The conclusion is that the method can detect the optimal solutions
efficiently.
The second objective is to get an idea on the stability of the method.
The value of the standard deviation obtained for the above mentioned sample
is 0.179 and this shows that the method gives good results systematically.
Concerning the computational effort, the average of the number of
iterations made until the step condition became true is up to 1200, whilst the
required computing time was about 4 minutes for ACPI Multiprocessor PC
with two Intel (R) Core (TM) 2 Duo CPU T7250 @ 2.00 GHz.
Distribution of T*/T
0,519
0,8

0,029

0,066
0,128

0,86
0,9
0,94
0,98

0,258

Fig. 5. Distribution of T*/T
The second experiment focuses on the evaluating the performance
when the metaheuristic acts on some benchmarks dedicated to vehicle routing
problems and adapted for ODN problem.
The instances have been downloaded from the address [37]. These
VRP instances supported the following adaptations:
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(i) the coordinates of the locations were used to compute unitary cost
proportional to the Euclidian distances;
(ii) the weight of the empty vehicle represents about 60%-80% of the total
demand divided by p ;
(iii) the demand values are the original ones;
(iv) the number of vehicles equals p + 2 .
Three instances with n = 36 and p = 5 , n = 53 with p = 7 and n = 70
with p = 10 were selected. Population size was set to 60 individuals. The
mutation and crossover probabilities were 0.1 and 0.5 respectively. As stop
condition the stabilization of the poorest performance individual for three
successive generations was used. Ten runs were executed for each instance.
The results are summarized in Tab. 2-4.
The last two columns in these tables represent the values of best fitness
value obtained in 10 runs ( c min ) divided by the value of the best fitness
obtained in the current run ( ccrt ). The average value of this ratio is about 0.86
for the instance with 36 consumers, whilst the standard deviation has a small
value, namely about 0.072. Small values of the standard deviation of this
indicator were obtained for all tested instances. This proves a very good
stability of the method.
As can be seen in Tab. 3, for n = 53 and p = 7 , the average of c min / ccrt
is 0.819 whilst the corresponding standard deviation is 0,093. In this case, the
final value of the population size was set to 60 adult chromosomes. The
results in Tab. 4 correspond to a final population of 80 individuals. The
standard deviation is a bit higher than the value obtained for n = 36 and p = 5 .
In the last example, the stochastic feature of the metaheuristic is more evident
as can be seen from the higher value of standard deviation, namely 0.104.
Tab. 2. Experimental results for n = 36 and p = 5 .
run
1
2
3
4
5
6
7
8
9
10

current cost ccrt # iter. time (sec) time/iter. c min / ccrt
68149
500
580
1.160
0.830
65352
750
1000
1.333
0.865
71667
540
610
1.129
0.789
65474 1050
1020
0.971
0.864
71065
290
720
2.482
0.796
69882
190
390
2.052
0.809
66163
360
610
1.694
0.855
56586
420
1120
2.666
1.000
56929
340
970
2.852
0.993
69287
390
1410
3.615
0.816

OPTIMIZING DISTRIBUTION NETWORKS WITH NESTED GENETIC ALGORITHMS

66055.4
56586
71667

average
c min
c max

483

843

1.995

0.862

0.072

std.dev.

Tab. 3. Experimental results for n = 53 and p = 7 .
current cost
time
run
# iter.
time/iter. c min / ccrt
c crt
(sec)
1
92130
310
1450 4.677
0.769
2
97620
350 1790
5.114
0.726
3
72538
360 1550
4.305
0.977
4
95599
420 1890
4.500
0.741
5
70927
590 1720
2.915
1.000
6
80875
370 2150
5.810
0.876
7
89540
380
1730 4.552
0.792
8
93594
420 2140
5.095
0.757
9
93000
1220 3360
2.754
0.762
10
89388
260 1490
5.730
0.793
468 1927
4.545
0.819
average 87521.1
c min
70927
c max
97620
0.093
std.dev.
Tab. 4. Experimental results for n = 70 and p = 10 .
run
1
2
3
4
5
6
7
8
9
10
average
c min
c max

std.dev.

current cost
c crt

337299
376041
286636
272404
333360
282451
291123
306859
237315
355237
307872.5
237315
376041

# iter.
220
320
230
370
390
490
490
400
440
440
379

time
(sec)
940
1070
960
1300
1660
1200
1890
1460
2150
1440
1407

time/iter. c min / ccrt
4.272
3.343
4.173
3.513
4.256
2.448
3.857
3.65
4.886
3.272
3.767

0.703
0.631
0.8276
0.871
0.711
0.8408
0.815
0.773
1.000
0.668
0.784

0.104
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Fig. 6 shows the variation of standard deviation of the relative
performance indicator as a function of the number of consumers. The
trendline indicates a very good resemblance with a logarithmic model.
As a conclusion, the proposed metaheuristic incorporating two genetic
algorithms, one for p -median and other for the time dependent transportation
problem has good performance, even in the actual hypostasis where it does
not incorporate the best variants of these basic components. Moreover, it
constitutes a good objective of a distributed implementation. These extensions
are left for future investigations.

std.dev.

Standard deviation of the best costs vs problem size
0.12
0.1
0.08
0.06
0.04
0.02
0

y = 0.0295Ln(x) + 0.0722

std.dev.
Log. (std.dev.)
36

53 clients 70

Fig. 6. Standard deviation of best cost indicator as a function of the number of
consumers.
VI.
CONCLUSIONS AND FURTHER RESEARCH
This chapter presented a new metaheuristic for optimizing distribution
networks.
A distributed implementation of the time intensive metaheuristic for
optimizing distribution network, is of great interest because the high level
genetic algorithm forming this method invokes the genetic algorithm for TDT
problem many times for each new candidate partition. Extending this
segregative genetic algorithm to pickup-and-delivery problem is of real
interest. Also, grafting appropriate heuristics for TSP on this segregative
genetic algorithm could transform it into a new stronger solving tool for this
particular problem.
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