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Utilizing Distributed Learning Automata to Solve Vehicle
Routing Problem with Stochastic Demands
A. Ghorbani M. R. Meybodi

Computer Engineering and Information Technology
Amirkabir University of Technology
Tehran Iran

Abstract: In the vehicle routing problem with stochastic demands a vehicle has to serve a set of
customers whose exact demand is known only upon arrival at the customer’s location. A solution to
this problem is a permutation of the customers that minimizes the expected distance traveled by the
vehicle. This problem is one of the NP-Complete problems and for this reason many approximate
algorithms have been designed for solving it. In this paper an approximate algorithm based on
distributed learning automata for solving vehicle routing problem with stochastic demands is
proposed. To show the performance of the proposed algorithm computer simulations have been
conducted and the results obtained are compared with the results of three existing algorithms, Ant
Colony Systems, Tabu Search and Randomized Farthest Insertion. The results of comparison have
shown the efficiency of the proposed algorithm.

Keywords: Vehicle Routing Problem with Stochastic Demands, Approximate algorithms, Learning
Algorithm, Distributed Learning Automata
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Procedure VRPSD
Begin
Initialize the probability vector of each automaton
repeat
/IPhase 1
initialPlace := depot (vertex 0)
CurrentCustomer := initialPlace
Disable action ‘CurrentCostumer’ of all Unactivated LAs
//Phase 2
fori:=1ton
if i <nthen
//choose the next node as a sample realization of active LA action probability vector, P’
NextCustomer := GetNextCustomer()
Disable action ‘NextCustomer’ of all Unactivated LAs

if i=n-1then
Enable action ‘InitialPlace’ of LA NextCustomer
end if
else
NextCustomer := InitialPlace
end if

CurrentCustomer := NextCustomer
CurrentTour.add(CurrentCustomer)
next i

/[Phase 3
orOpt(CurrentTour)

/IPhase 4
Compute the tour cost
if CurrentTourCost <= threshold then

//Reward the selected actions of all LAs along the tour according to LR_I learning algorithm

Reward(CurrentTour)
BestTour := CurrentTour
end if

compute threshold
Enable all the disabled actions of LAs
until (stop condition)
end procedure
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nodes X y avg_demand | spread nodes X y | avg_demand | spread
0 1 1 0 0 10 7 42 5 5
1 -13 28 22 5 11 5 29 24 1
2 18 26 73 5 12 42 89 73 5
3 10 14 37 1 13 14 12 18 1
4 27 30 29 1 14 6 2 91 1
5 5 27 48 5 15 16 81 69 5
6 3 32 44 5 16 8 30 73 5
7 17 100 9 1 17 28 6 20 1
8 17 41 79 5 18 3 95 68 5
9 -8 23 51 5 19 11 | 39 81 5
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nodes X y avg_demand  spread nodes X y avg_demand spread
0 1 1 0 0 13 45 61 42 1
1 -3 32 9 1 14 35 62 65 1
2 33 48 69 1 15 -17 38 44 5
3 -13 55 19 5 16 14 56 11 1
4 22 62 41 1 17 46 70 76 5
5 4 11 96 5 18 46 59 45 1
6 -1 21 27 5 19 3 42 14 5
7 50 51 3 1 20 14 39 50 1
8 4 40 21 5 21 -11 20 30 5
9 48 69 49 1 22 49 73 53 1
10 5 36 60 1 23 -12 40 33 1
11 4 22 48 5 24 41 55 21 1
12 14 70 49 1 13 45 61 42 1

Q=150
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