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ABSTRACT: This paper introduces a new hybrid algorithmic nature inspired approach based on Honey Bees Mating Optimization, for successfully solving two Combinatorial Optimization Problems, the Travelling Salesman Problem and the Vehicle Routing Problem. The Honey Bees Mating Optimization algorithm simulates the mating process of the queen of the hive. The mating process of the queen begins when the queen flights away from the nest performing the mating flight during which the drones follow the queen and mate with her in the air. The proposed algorithm for the solution, the Honey Bees Mating Optimization (HBMOCOP), combines a Honey Bees Mating Optimization (HBMO) algorithm, the Multiple Phase Neighborhood Search - Greedy Randomized Adaptive Search Procedure (MPNS-GRASP) algorithm and the Expanding Neighborhood Search Strategy. The proposed algorithm is tested on two sets of benchmark instances, one for the Travelling Salesman Problem and one for the Vehicle Routing Problem and produces very satisfactory results for both of them. In the Travelling Salesman Problem, the proposed algorithm is tested on a set of 74 benchmark instances from the TSPLIB and in all but eleven instances the best known solution is found. For the rest instances the quality of the produced solution is less than 0.1% from the optimum. In the Vehicle Routing Problem, the algorithm is tested in the 14 classic instances proposed by Christofides and in all instances the quality is less than 0.20% from the optimum and the average quality is 0.029% from the optimum. The algorithm is ranked in the 2th place among the most known and effective algorithms in the literature for both problems and in the first place among all Nature Inspired methods that have ever been used for the Vehicle Routing Problem.
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Introduction

During the last decade nature inspired intelligence becomes increasingly popular through the development and utilisation of intelligent paradigms in advanced information systems design.  Among the most popular nature inspired approaches, when the task is optimization within complex domains of data or information, are those methods representing successful animal and micro-organism team behaviour, such as swarm or flocking intelligence (birds flocks or fish schools inspired Particle Swarm Optimization), artificial immune systems (that mimic the biological one), ant colonies (ants foraging behaviours gave rise to Ant Colony Optimization), or optimized performance of bees, etc. The Honey Bees Mating Optimization Algorithm was first presented in [1], [2], and since then it was used on a number of different applications ([3], [4] and [7]).  The Honey Bees Mating Optimization algorithm simulates the mating process of the queen of the hive. The mating process of the queen begins when the queen flights away from the nest performing the mating flight during which the drones follow the queen and mate with her in the air ([1], [3]). As there are not any competitive Nature Inspired methods based to Honey Bees Mating Optimization, at least to our knowledge, for the solution of the Vehicle Routing Problem and the Travelling Salesman Problem we would like to develop such an algorithm and to test its efficiency compared to other Nature Inspired and Classic Metaheuristic algorithms. Thus, in this paper, we demonstrate how a nature inspired intelligent technique; the Honey Bees Mating Optimization (HBMO) can be used in order to give very good results in the Vehicle Routing Problem (VRP) and in the Travelling Salesman Problem (TSP).  The Travelling Salesman Problem (TSP) is the problem of finding the shortest tour through all the cities that a salesman has to visit. The TSP is probably the most famous and extensively studied problem in the field of Combinatorial Optimization [6], [8]. The Vehicle Routing Problem (VRP) or the capacitated vehicle routing problem (CVRP) is often described as the problem in which vehicles based on a central depot are required to visit geographically dispersed customers in order to fulfil known customer demands. The problem is to construct a low cost, feasible set of routes - one for each vehicle. A route is a sequence of locations that a vehicle must visit along with the indication of the service it provides. The vehicle must start and finish its tour at the depot [11]. The rest of the paper is organized as follows: In the next section the proposed algorithm, the Honey Bees Mating Optimization (HBMOCOP), is presented and analyzed in detail. Computational results are presented and analyzed in section 3 while in the last section conclusions and future research are given.

Honey bees mating optimization for combinatorial optimization problems

The proposed algorithm, the Honey Bees Mating Optimization Algorithm for the Combinatorial Optimization Problems (HBMOCOP), combines a number of different procedures. Each of them corresponds to a different phase of the mating process of the honey bees. Initially, we have to choose the population of the honey bees that will configure the initial hive. In the proposed algorithm, the initial population is created by using a modified version of the Greedy Randomized Adaptive Search Procedure (GRASP) ([5], [10]), the Multiple Phase Neighborhood Search - GRASP (MPNS-GRASP) [9]. The best member of the initial population of bees is selected as the queen of the hive. All, the other members of the population are the drones.

Before the process of mating begins, the user has to define a number that corresponds to the queen's size of spermatheca. This number corresponds to the maximum number of mating of the queen in a single mating flight. Each time the queen succesfully mates with a drone the genotype of the drone is stored and a variable is increased by one until the size of spermatheca is reached. Another two parameters have to be defined, the number of queens and the number of broods that will be born by all queens. In this implementation of Honey Bees Mating Optimization  (HBMO) Algorithm, the number of queens is set equal to one, because in the real life only one queen will survive in a hive, and the number of broods is set equal to the number corresponding to the queen's spermatheca size. Then, we are ready to begin the mating flight of the queen. At the start of the flight, the queen is initialized with some energy content and returns to her nest when the energy is within some threshold from zero to full spermatheca [3]. A drone mates with a queen probabilistically using an annealing function as follows [1], [2]:
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where Prob (D) is the probability of adding the sperm of drone D to the spermatheca of the queen (that is, the probability of a successful mating), ((f) is the absolute difference between the fitness of D and the fitness of the queen (for complete description of the calculation of the fitness function see below) and Speed(t) is the speed of the queen at time t. The probability of mating is high when the queen is still at the beginning of her mating flight, therefore her speed is high, or when the fitness of the drone is as good as the queen's. After each transition in space, the queen's speed and energy decays according to the following equations:
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where ( is a factor ( (0,1) and is the amount of speed and energy reduction after each transition and each step. Initially, the speed and the energy of the queen are generated at random. A number of mating flights are realized.  At the start of a mating flight drones are generated randomly and the queen selects a drone using the probabilistic rule in Eq. 1. If the mating is successful (i.e., the drone passes the probabilistic decision rule), the drone's sperm is stored in the queen's spermatheca. By crossover the drone's genotypes with the queen's, a new brood (trial solution) is formed which later can be improved, employing workers to conduct local search. One of the major differences of the Honey Bees Mating Optimization Algorithm from the classic evolutionary algorithms is that since the queen stores a number of different drone's sperm in her spermatheca she can use parts of the genotype of different drones to create a new solution which gives the possibility to have more fittest broods. In real life, the role of the workers is restricted to brood care and for this reason the workers are not separate members of the population but they are used as local search procedures in order to improve the broods produced by the mating flight of the queen. Each of the workers has different capabilities and the choice of two different workers may produce different solutions. This is realized with the use of a number of single local search heuristics (w1) and combinations of them (w2). Thus, the sum of this two numbers (w = w1 + w2) gives the number of workers. Each of the brood will choose, randomly, one worker to feed it (local search phase) having as a result the possibility of replacing the queen if the solution of the brood is better than the solution of the current queen. If the brood fails to replace the queen, then in the next mating flight of the queen this brood will be one of the drones.  A pseudocode of the proposed algorithm is presented in the following. 
Algorithm Honey Bees Mating Optimization for COP
 Initialization 
 Generate the initial population of the bees using MPNS-GRASP 
 Selection of the best bee as the queen 
 Select maximum number of mating flights (M) 
 do while  i ( M 

Initialize queen's spermatheca, energy and speed.

Select (

do while energy > 0  and spermatheca is not full 


Select a drone


if the drone passes the probabilistic condition



Add sperm of the drone in the spermatheca


endif        


Speed(t+1) = ( ( Speed(t) 

energy(t+1) =  ( (  energy(t)

enddo

do j = 1 Size of Spermatheca 


Select a sperm from the spermatheca


Generate a brood by crossover the queen's genotype with the selected sperm


Select, randomly, a worker


Use the selected worker to improve the brood's fitness


if the brood's fitness is better than the queen's fitness 



Replace the queen with the brood


else 



Add the brood to the population of drones


endif

enddo
 enddo 
 return The Queen (Best Solution Found)
Results

The whole algorithmic approach was implemented in Fortran 90 and was compiled using the Lahey f95 compiler on a Centrino Mobile Intel Pentium M 750 at 1.86 GHz, running Suse Linux 9.1. The parameters of the proposed algorithm are selected after thorough testing. A number of different alternative values were tested and the ones selected are those that gave the best computational results concerning both the quality of the solution and the computational time needed to achieve this solution. Thus, the selected parameters are: number of queens equal to 1, number of drones equal to 200, number of mating flights (M) equal to 1000, size of queen's spermatheca equal to 50, number of broods equal to 50, (  equal to 0.9, number of workers (w) equal to 20 for the Vehicle Routing Problem, (w1 = 7, w2 = 13) and equal to 7 (w1 = 3, w2 = 4)  for the Travelling Salesman Problem, size of RCL equal to 50. The algorithms were tested on a set of benchmark problems, the 14 classic benchmark problems for the Vehicle Routing Problem [11] (each instance of the set contains between 51 and 200 nodes including the depot) and on a set of 74 Euclidean sample problems with sizes ranging from 51 to 85900 nodes for the Travelling Salesman Problem. For the benchmark instances of the Vehicle Routing Problem the location of the nodes is defined by their Cartesian co-ordinates and the travel cost from node i to j is assumed to be the respective Euclidean distance.  Each problem includes capacity constraints while the problems 6-10, 13 and 14 have, also, maximum route length restrictions and non zero service times. For the first ten problems, nodes are randomly located over a square, while for the remaining ones, nodes are distributed in clusters and the depot is not centred. The quality of the produced solutions is given in terms of the relative deviation from the optimum, that is
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, where cHBMO denotes the cost of the optimum found by HBMO, and copt is the cost of the optimal solution. In the following Tables the results of the algorithm for the two problems are presented.
Table I:. Results of HBMO for the VRP 
	Nodes
	Capacity
	Max. tour length
	Service  time
	Solution
	Best known Solution
	Quality
 (%)
	CPU time (min)

	51
	160
	(
	0
	524.61
	524.61
	0.00
	0.04

	76
	140
	(
	0
	835.26
	835.26
	0.00
	0.23

	101
	200
	(
	0
	826.14
	826.14
	0.00
	0.29

	151
	200
	(
	0
	1028.42
	1028.42
	0.00
	1.08

	200
	200
	(
	0
	1292.57
	1291.45
	0.10
	2.07

	51
	160
	200
	10
	555.43
	555.43
	0.00
	0.06

	76
	140
	160
	10
	909.68
	909.68
	0.00
	0.35

	101
	200
	230
	10
	867.31
	865.94
	0.16
	0.95

	151
	200
	200
	10
	1163.52
	1162.55
	0.08
	1.47

	200
	200
	200
	10
	1395.85
	1395.85
	0.00
	2.98

	121
	200
	(
	0
	1042.11
	1042.11
	0.00
	0.52

	101
	200
	(
	0
	819.56
	819.56
	0.00
	0.37

	121
	200
	720
	50
	1542.21
	1541.14
	0.07
	0.40

	101
	200
	1040
	90
	866.37
	866.37
	0.00
	0.36


Table II:. Results of HBMO for the TSP
	Instance
	HBMO

TSP
	Optimum
	Qual. (%)
	CPU Time (min)
	Instance
	HBMOTSP
	Optimum
	Qual. (%)
	CPU Time (min)

	Eil51
	426
	426
	0
	0.17
	Rat575
	6773
	6773
	0
	57.18

	Berlin52
	7542
	7542
	0
	0.19
	P654
	34643
	34643
	0
	61.23

	Eil76
	538
	538
	0
	0.53
	D657
	48912
	48912
	0
	63.27

	Pr76
	108159
	108159
	0
	0.53
	Rat783
	8806
	8806
	0
	71.12

	Rat99
	1211
	1211
	0
	0.58
	dsj1000
	18660556
	18659688
	0.0046
	80.29

	KroA100
	21282
	21282
	0
	0.62
	Pr1002
	259045
	259045
	0
	80.57

	KroB100
	22141
	22141
	0
	0.65
	u1060
	224094
	224094
	0
	80.68

	KroC100
	20749
	20749
	0
	0.63
	vm1084
	239297
	239297
	0
	85.21

	KroD100
	21294
	21294
	0
	0.64
	Pcb1173
	56892
	56892
	0
	89.28

	KroE100
	22068
	22068
	0
	0.61
	D1291
	50801
	50801
	0
	91.14

	Rd100
	7910
	7910
	0
	0.71
	Rl1304
	252948
	252948
	0
	103.29

	Eil101
	629
	629
	0
	0.87
	Rl1323
	270199
	270199
	0
	113.43 

	Lin105
	14379
	14379
	0
	0.98
	nrw1379
	56638
	56638
	0
	121.89 

	Pr107
	44303
	44303
	0
	1.01
	Fl1400
	20127
	20127
	0
	198.67

	Pr124
	59030
	59030
	0
	1.08
	u1432
	152270
	152270
	0
	200.01

	Bier127
	118282
	118282
	0
	1.11
	Fl1577
	22249
	22249
	0
	227.28

	Ch130
	6110
	6110
	0
	1.28
	d1655
	62149
	62128
	0.0338
	241.67

	Pr136
	96772
	96772
	0
	1.35
	vm1748
	336712
	336556
	0.0463
	257.81

	Pr144
	58537
	58537
	0
	1.68
	u1817
	57201
	57201
	0
	289.12

	Ch150
	6528
	6528
	0
	2.01
	Rl1889
	316536
	316536
	0
	291.57

	KroA150
	26524
	26524
	0
	2.12
	D2103
	80450
	80450
	0
	350.78

	Pr152
	73682
	73682
	0
	2.21
	u2152
	64267
	64253
	0.0217
	357.23 

	Rat195
	2323
	2323
	0
	3.45
	u2319
	234256
	234256
	0
	391.08 

	D198
	15780
	15780
	0
	4.27
	Pr2392
	378032
	378032
	0
	401.28 

	KroA200
	29368
	29368
	0
	5.01
	pcb3038
	137694
	137694
	0
	457.29

	KroB200
	29437
	29437
	0
	4.99
	fl3795
	28783
	28772
	0.0382
	461.81

	Ts225
	126643
	126643
	0
	5.38
	fnl4461
	182612
	182566
	0.0251
	498.01

	Pr226
	80369
	80369
	0
	5.41
	rl5915
	565530
	565530
	0
	557.87

	Gil262
	2378
	2378
	0
	6.58
	rl5934
	556080
	556045
	0.0062
	561.21

	Pr264
	49135
	49135
	0
	8.21
	pla7397
	23261400
	23260728
	0.0028
	780.31

	A280
	2579
	2579
	0
	8.5
	rl11849
	923288
	923288
	0
	890.05

	Pr299
	48191
	48191
	0
	8.67
	usa13509
	19982859
	19982859
	0
	897.09 

	Rd400
	15281
	15281
	0
	19.57
	brd14051
	469388
	469388
	0
	902.35

	Fl417
	11861
	11861
	0
	24.67
	d15112
	1573084
	1573084
	0
	928.34

	Pr439
	107217
	107217
	0
	36.21
	d18512
	645501
	645244
	0.039
	995.17

	Pcb442
	50778
	50778
	0
	37.12
	pla33810
	66079424
	66050535
	0.0437
	1095.45

	D493
	35002
	35002
	0
	45.21
	pla85900
	142495128
	142383704
	0.0782
	1198.21


conclusions

In this paper, a nature inspired approach was introduced for the effective handling of the Travelling Salesman Problem and of the Vehicle Routing Problem (VRP). More specifically, a hybrid algorithmic nature inspired methodology was proposed, namely the Honey Bees Mating Optimization algorithm that gave remarkable results both to quality and computational efficiency. The algorithm was applied in two set of benchmark instances and gave very satisfactory results. In the Travelling Salesman Problem, the proposed algorithm is tested on a set of 74 benchmark instances from the TSPLIB and in all but eleven instances the best known solution is found. For the rest instances the quality of the produced solution is less than 0.1% from the optimum. In the Vehicle Routing Problem, the algorithm is tested in the 14 classic instances proposed by Christofides and in all instances the quality is less than 0.20% from the optimum and the average quality is 0.029% from the optimum. The algorithm is ranked in the 2th place among the most known and effective algorithms in the literature for both problems and in the first place among all Nature Inspired methods that have ever been used for the Vehicle Routing Problem.
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