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Summary. In previous work, we developed a foraging algorithm inspired by the behavior
of biological bees. In relatively unobstructed environments, this algorithm has been shown to
outperform an ant-inspired algorithm in terms of efficiency and scalability. However, due to its
low adaptability outside of the hive, our bee-inspired algorithm displays weaker performance
in more obstructed environments due to its nature to always use a straight, direct path to
its destination without taking obstacles into account. In this paper, we present Bee System
with inhibition Pheromones, a new, hybrid algorithm based on the recruitment and navigation
strategies of bees and extended with inhibition pheromones to enhance adaptability. Moreover,
wall following has been implemented to improve obstacle avoidance. We show that the hybrid
algorithm truly combines the ‘best of both worlds’ and manages to outperform both our ant-
inspired algorithm as our bee-inspired algorithm in a variety of experimental settings.

1.1 Introduction

In this paper we introduce a hybrid swarm intelligence algorithm named Bee Sys-
tem with inhibition Pheromones (BSP), combining the efficiency and scalability of
our previously introduced bee-inspired algorithm [1, 2, 3] with the learning capabil-
ities of ant-inspired algorithms. More precisely, we extend our bee algorithm with
inhibition pheromones to enhance its adaptability. Moreover, we improve obstacle
avoidance by adding wall following behavior to the algorithm. The algorithm is ap-
plied to the foraging domain and is evaluated on different dynamic environments
with various obstructions.

Foraging is a difficult optimization problem in the domain of multi-agent sys-
tems. The problem entails that a group of agents has to gather objects (food) in a
complex, potentially dynamic environment [4]. Traditionally, foraging algorithms
were based on multi-agent planning; however, multi-agent planning does not scale
well with a growing number of agents or a growing environment [5]. More recently
therefore, researchers have been applying swarm intelligence techniques, most no-
tably ant systems, inspired by the biological behavior of ants [6]. The ants’ behavior
essentially consists of two parts: a recruitment strategy and a navigation strategy.
A recruitment strategy is used by the ants to distribute knowledge on the locations
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of food sources to other members of the colony. A navigation strategy is used to
efficiently navigate to and from food sources. As is commonly known, ants use
pheromone trails for both recruitment and navigation.

In previous work, we investigated the possibilities of developing a swarm in-
telligence algorithm based on the behavior of honeybees [1, 2]. More precisely, we
developed an algorithm that combined both the recruitment and the navigation strate-
gies observed in biological honeybees; existing work focussed only on one of these
strategies. We compared the efficiency of our bee-inspired algorithm with an ant-
inspired algorithm (with features of ACS and MMAS [6]). Our comparison showed
that our bee-inspired algorithm clearly outperforms the ant-inspired algorithm in a
number of different, relatively unobstructed, foraging environments. Unlike the ant-
inspired algorithm however, our bee-inspired algorithm is unable to learn from any
mistakes (i.e., bumping into obstacles) when outside of the hive. This is due to its
nature to always use a straight, direct path to its destination without taking obsta-
cles into account. Thus the bee-inspired algorithm is clearly less adaptive than the
ant-inspired algorithm.1

Both our bee-inspired algorithm and the ant-inspired algorithm thus show some
specific shortcomings; in the ant-inspired algorithm, optimal paths may take consid-
erable time to emerge and in our bee-inspired algorithm, agents tend to get stuck
behind obstacles (for instance in the Deneubourg Bridge scenario [7, 3]).

In our current work, we present a hybrid approach to the task of foraging, com-
bining the best properties of both the ant-inspired algorithm and our bee-inspired
algorithm. In this improved algorithm, the agents still perform the same recruitment
and navigation strategies as in the original algorithm. However, we introduce two
additional features: (1) agents exhibit the wall-following behavior observed in var-
ious insects [8] and (2) agents can place inhibition pheromones in cells that can be
considered undesirable, for instance cells that lead to a dead end. In other words,
this improved algorithm integrates some features of ant-inspired algorithms into a
bee-inspired algorithm. In a set of experiments, we show that BSP outperforms both
our bee-inspired algorithm and the ant-inspired algorithm in relatively unobstructed
environments as well as more constrained environments. At the same time, the algo-
rithm requires only slightly more computation time than our bee-inspired algorithm.
Thus, BSP constitutes a good alternative to existing techniques in the domain of
foraging.

The remainder of this paper is structured as follows. First, we briefly discuss
biological bee behavior. Then, we give an overview of related work in the area of
swarm intelligence and bee-inspired algorithms. We continue with a brief look at the
characteristics of foraging problems. Next, we present our new algorithm, BSP, and
a set of experiments. Finally, we conclude and look at future research.
1 We have to indicate that our experiments take place in a 2D environment. As a consequence,

the artificial bees are unable to fly over encountered obstacles. Although this would mean
that we take the bee behaviour out of its context, we have to indicate that ground-bound
desert ants (i.e., Cataglyphis Fortis) also employ bee navigation behaviour.
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Fig. 1.1. Distance and direction by waggling dance. Waggling straight up on the vertical comb
indicates a food source which is located at an azimuthal angle of 0◦ while waggling straight
down indicates a food source located at an azimuthal angle of 180◦. Figure is taken from [13].

1.2 Biological Bee Behavior

Honeybee foraging behavior consists of two types of behavior, i.e., recruitment and
navigation behavior. In order to recruit other colony members for food sources, hon-
eybees inform their nest mates of the distance and direction of these food sources
by means of a waggling dance performed on the vertical combs in the hive [9]. This
dance (i.e., the bee language) consists of a series of alternating left-hand and right-
hand loops, interspersed by a segment in which the bee waggles her abdomen from
side to side. The duration of the waggle phase is a measure of the distance to the
food, and the angle between the sun and the axis of this waggle segment on the
vertical comb represents the azimuthal angle between the sun and the direction in
which the recruit should fly to find the target [9, 10, 11] (see Figure 1.1). The ‘ad-
vertisement’ for a food source can be adopted by other members of the colony. The
decision mechanism for adopting an ‘advertised’ food-source location by a potential
recruit, is not completely known. It is considered that the recruitment amongst bees
is a function of the quality of the food source [12].

Different species of social insects, such as honeybees and desert ants, make use
of non-pheromone-based navigation. Non-pheromone-based navigation mainly con-
sists of Path Integration (PI), which is the continuous update of a vector by inte-
grating all angles steered and all distances covered [14]. A PI vector represents the
insect’s knowledge of direction and distance towards its destination. To construct
a PI vector, the insect does not use a mathematical vector summation as a human
does, but employs a computationally simple approximation [15]. Using this approx-
imation, the insect is able to return to its destination directly. More precisely, when
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the path is unobstructed, the insect solves the problem optimally. However, when
the path is obstructed, the insect has to fall back on other strategies such as explo-
ration or landmark navigation [16, 17] to solve the problem. Obviously, bees are able
to fly and when they encounter an obstacle they can mostly choose to fly over it.
However, even if the path is unobstructed, bees tend to navigate over the entire path
using landmarks. Such navigation behavior decreases navigation errors and ensures
robustness.

1.3 Related Work

Although ant and bee foraging strategies differ considerably, both species solve the
foraging problem efficiently. In the field of Artificial Intelligence, researchers have
become inspired by the behavior of social insects, since the problems these insects
cope with are similar to optimization problems that humans wish to solve efficiently,
such as the Shortest Path Problem.

Most work in the field of swarm intelligence has concentrated on pheromone-
based algorithms, which are inspired by the behavior of ants. For an overview, we
refer to [6]. In summary, ants deposit pheromone on the path they take during travel.
Using this trail, they are able to navigate towards their nest or food. Ants employ
an indirect recruitment strategy by accumulating pheromone trails. When a trail is
strong enough, other ants are attracted to it and will follow this trail towards a des-
tination. More precisely, the more ants follow a trail, the more that trail becomes
attractive for being followed. This is known as an autocatalitic process. Since long
paths take more time to traverse, it will require more ants to sustain a strong path.
As a consequence, short paths will eventually be preferred. Pheromone-based algo-
rithms are already used to address various problems, such as the Traveling Salesman
Problem, successfully [6].

Non-pheromone-based algorithms are inspired by the behavior of (mainly) bees
and do not use pheromones to navigate through unfamiliar worlds. Instead, for nav-
igation, they use Path Integration. Artificial bees are able to compute their present
location from their past trajectory continuously and, as a consequence, can return
to their starting point by choosing the direct route rather than retracing their out-
bound trajectory [14, 15]. For recruitment, artificial bees employ a direct strategy by
‘dancing’ in the nest. Their dance communicates distance and direction towards a
destination [9]. Non-pheromone-based algorithms are less extensively studied than
pheromone-based algorithms. For instance, [18, 19, 20, 21, 22] all present bee-
inspired algorithms which pose solutions to different types of problems by employ-
ing bee recruitment behavior. In [14], the navigation behavior of bees is investigated
and applied in a robot. However, these algorithms all use only one aspect of bee
behavior, i.e., the recruitment behavior or navigation behavior respectively.

In [1, 2, 3], we introduced an algorithm combining both bee recruitment and
navigation behavior. We compared this algorithm with an ant-inspired algorithm,
focussing on the efficiency, scalability and adaptability of the algorithms. We found
that our bee-inspired algorithm was approximately three times more efficient than the
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ant-inspired algorithm in relatively unobstructed environments, i.e., our bee-inspired
algorithm managed to gather all the food present in the environment in three times
less time steps than the ant-inspired algorithm. Partially because of this, our bee-
inspired algorithm was also more scalable than the ant-inspired algorithm, i.e., with
the ant-inspired algorithm, the whole solution took a longer time to compute than
with our bee-inspired algorithm. Unfortunately, our bee-inspired algorithm turned
out to be less adaptive than the ant-inspired algorithm; if an environment contains
many obstacles, the ant-inspired algorithm is able to learn from following erroneous
paths, but our bee-inspired algorithm is not. As a result, in such an environment,
the solution obtained by our bee-inspired algorithm is inferior to that found by the
ant-inspired algorithm.

1.4 Characteristics of Foraging Environments

In this section, we briefly summarize the characteristics of foraging environments.
Usually, foraging takes place in a large environment. In our case, this environment is
divided in a square grid with a four-neighbour topology, varying in size from 10x10
to 40x40 cells. Per time step, agents can make one move from a certain cell to an-
other. Depending on the problem at hand, this environment can have various other
properties, e.g.:

• Number of constraints. Some environments have few or no obstacles and thus
allow for unconstrained movement. In other environments, movement is con-
strained, with the most extreme case being a labyrinth.

• Food source dynamics. An environment is said to be static with respect to the
food sources if the locations of these sources do not change in time; note that
food source locations may run out of food on the long run. On the other hand,
the environment is dynamic if food sources can suddenly appear or be moved to
a new location.

• Obstacle dynamics. An environment is said to be static with respect to obstacles
if obstacles cannot suddenly appear or disappear. Otherwise, the environment is
dynamic in this respect.

As has been mentioned earlier, especially a growing number of constraints turned out
to be a problem for the bee-inspired algorithm we developed [3]. For instance, in the
Deneubourg Bridge experiment [7], adding a single constraint makes the problem at
hand unsolvable for our bee-inspired algorithm [3].

1.5 The BSP algorithm

In this section, we will describe the algorithm developed. First, for the sake of clarity,
we give an overview of the original bee-inspired algorithm. Then, for convenience,
we again indicate two weak points of this algorithm. Finally, we propose a set of ex-
tensions to the original bee-inspired algorithm, leading to the hybrid BSP algorithm.
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1.5.1 Original bee-inspired algorithm

The bee algorithm implements both recruitment and navigation behavior. Recruit-
ment behavior is implemented in analogy with biological bees’ dance behavior.
Agents (artificial bees) share information on previous search experience (i.e., the
direction and distance toward a certain food source) only when they are in the hive.
Agents in the hive can then decide whether to exploit previous search experience ob-
tained by other agents in the hive, or to exploit their own search experience, if avail-
able. Biological bees use a (still) unknown decision mechanism to decide whether to
exploit another bee’s experience. In our bee-inspired algorithm, the decision is based
on distance assessment; an agent will exploit another agent’s experience if this expe-
rience indicates food sources at a shorter distance from the hive than the food source
currently known by the agent. The navigation behavior used in our bee-inspired al-
gorithm either exploits previous search experience (of the agent itself or of another
agent in the hive) or lets the agents explore the world using an exploration strategy
similar to a Lévy flight [23]. Exploiting previous search experience is guided by a PI
vector that agents either have constructed themselves or have adopted from another
agent in the hive.

The general structure of our bee-inspired algorithm is quite similar to that of
algorithms in ACO [6].It implements both recruitment and navigation behavior and
consists of three functions.

First, ManageBeesActivity() handles agents’ activity based on their internal
state. Each agent is in one of six internal states. In each state a specific behavior
is performed. Agent state ‘AtHome’ indicates that the agent is located at the hive.
While in this state, the agent determines to which new state it will go. Agent state
‘StayAtHome’ also indicates that the agent is located at the hive. However, while in
this state it will remain there unless there is previous search experience available to
exploit. In the latter case, the agent will leave the hive to exploit the previous search
experience. Agent state ‘Exploitation’ indicates that the agent is exploiting previous
search experience. Previous search experience is represented by a PI vector indicat-
ing a food source. The agent determines which cell to move to in order to match
the PI vector indicating the food source. Agent state ‘Exploration’ indicates that the
agent is exploring its environment in search for food. Agent state ‘HeadHome’ indi-
cates that the agent is heading home without carrying any food. The agent reaches
home by following its Homing Vector (HV). The HV is a PI vector indicating the
hive. From the moment an agent starts its foraging trip, this HV is continuously cal-
culated for each agent. Agent state ‘CarryingFood’ indicates that the agent has found
food and that it is carrying the food back towards the hive. The agent’s return path
depends on the same HV as with agent state ‘HeadHome’. For more technical details
on how state changes occur we refer to [1, 2].

Second, CalculateV ectors() is used to compute the PI vectors for each agent,
i.e., the HV and possibly the PI vector indicating the food source. A PI vector essen-
tially consists of two values, one indicating the direction and the other indicating the
distance. A PI vector is always calculated with respect to the previous one. In order
to calculate the new homing distance, we use the cosine rule and rewrite it to:
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b =
√
a2 + c2 − 2ac× cosβ (1.1)

In Equation 1.1, a represents the distance travelled since the last turn was made,
c the old homing distance, and b the new homing distance. β is the angle turned with
respect to the old homing angle. Using Equation 1.1 we can now calculate α (the
angle used for adjusting the old homing angle), once again by using the cosine rule.

α = arccos
(
a2 − b2 − c2

−2bc

)
(1.2)

Values obtained by Equation 1.1 and Equation 1.2 are used to construct the new PI
vector.

Third, DaemonActions() can be used to implement centralized actions which
cannot be performed by single agents, such as collection of global information which
can be used to decide whether it is useful to let an agent dance. In our bee-inspired
algorithm, DaemonActions() is not used.

1.5.2 Weak points of the original bee-inspired algorithm

As has been mentioned earlier, our bee-inspired algorithm works very well in rel-
atively unobstructed environments; foraging tasks are typically completed in about
three times less time steps than with the ant-inspired algortihm [1]. However, as en-
vironments become more obstructed, the performance of the algorithm drops [2, 3].
With certain environments, no artificial bee is able to reach the hive anymore. This
is not surprising; after all, the algorithm is based on the behavior of flying insects,
which are typically not really bothered by obstacles. If such insects do fly into an
obstacle, they either fly higher or explore for a while and then continue following
their path. Since our simulation environment is two-dimensional, obviously our arti-
ficial bees can only perform the exploration procedure whenever they bump into an
obstacle while following their PI vector. However, if the exploration phase does not
take long enough or the obstacle is large, the agent will once again bump into the
same obstacle. More sophisticated methods for obstacle avoidance can help to solve
this problem.

A second weak point of our bee-inspired algorithm is that the agents do not learn
from mistakes; if one agent has bumped into a wall when following its PI vector back
to the hive, other agents traveling the same path will make exactly the same error.
In fact, even the agent that made the error will happily do so again. This problem
can be dealt with by introducing the capacity to learn into the agents and/or the
environment. The latter possibility would add extra information inside the world that
could be exploited, in analogy to ants which drop pheromone in the world which
represents the ants’ memory.

Obviously, both in the case of more advanced obstacle avoidance and imple-
menting learning techniques, special care must be taken to ensure that the resulting
algorithm still displays the benefits of the original bee-inspired algorithm.
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Fig. 1.2. Illustration of wall-following behavior. The open arrows are movements caused by
following the wall. The solid arrows are movements caused by agent A’s PI-vector, either
moving towards the hive H or a food source F.

1.5.3 Bee System with inhibition Pheromones

In order to improve our bee-inspired algorithm, we propose two extensions to this
algorithm, both of which are inspired by ants. Obviously, special care must be taken
to ensure that the resulting algorithm still displays the benefits of the original bee-
inspired algorithm. We call the resulting algorithm BSP, for Bee System with inhibi-
tion Pheromones.

The first extension improves the obstacle avoidance capabilities of the agents in a
relatively simple way. Whenever an agent bounces into an obstacle while following
a PI vector, it randomly selects a direction (left or right) and then starts following
the contours of the obstacle in that direction, until following the PI vector becomes
possible again. This behavior is illustrated in Figure 1.2.

The second extension introduces learning into the algorithm. More precisely,
agents can deposit a certain quantity of inhibition pheromone at a certain location. In
a static environment, this pheromone can be permanent; in a dynamic environment,
the pheromone can slowly evaporate, ensuring that the agents adapt to changes in
the environment, such as obstacles being removed. Moreover, in highly dynamical
worlds, all the pheromone can be instantly forgotten with a certain, low probability.
The pheromone deposited at a specific location is a sign to all exploiting agents (i.e.,
agents following a PI vector) not to move to this location. Depending on whether
the environment is static or dynamic, exploring agents can be instructed to stay out
of marked locations as well, or to completely ignore the pheromone marks, respec-
tively; in a static environment, locations that were marked once are certainly good
to stay out of, whereas in a dynamic environment, an item of food may appear in an
area that was previously marked. In this case, the agent finding the food ‘eats’ the
pheromone that is still present on its way from the food source to the hive. In our
experiments, exploring agents are allowed to explore marked locations, i.e., we do
not assume an environment to be static.
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(a) Dead end location (b) Corner (not a corridor) location

Fig. 1.3. Situations in which pheromone is deposited.

We defined two situations in which agents actually deposit pheromones. The
two situations are illustrated in Figure 3(a) and 3(b). First, whenever an agent is sur-
rounded by three walls (where walls include locations where pheromone was already
deposited), and there is no food or hive present there, this location clearly is a dead
end (see Figure 3(a)). As a consequence, it should no longer be visited and there-
fore receives inhibition pheromone. Second, the same applies whenever an agent is
standing in a corner, but not in a corridor, and there is no food or hive present in this
corner (see Figure 3(b)).

Both extensions can be expected to increase the performance of the BSP al-
gorithm while keeping its scalability acceptable; following walls and depositing
pheromones definitely increases the ability of the algorithm to navigate back home
(or towards food), without requiring too much additional computation. In the most
extreme case, for instance in a world with a large number of obstacles, there is
pheromone almost everywhere in the environment, leading to performance and com-
putational demands similar to the ant-inspired algorithm; however, pheromones are
much less often deposited and updated in BSP.

1.6 Experiments and Results

In this section, we discuss our experimental set-up, i.e., the environments experi-
mented on, their characteristics, and the settings used for each algorithm under study
(i.e., the ant-inspired algorithm, the bee-inspired algorithm, and BSP, respectively).
Next, we provide the results of our experiments. All experiments have been con-
ducted in the BeeHave tool, which was developed previously to conduct compara-
tive experiments between the ant-inspired algorithm and the bee-inspired algorithm
[1, 2, 3]. The tool is now extended with the hybrid algorithm BSP. A screenshot of
BeeHave is displayed in Figure 1.4.2

1.6.1 Experimental Set-up

In order to compare the three algorithms under study under various circumstances,
we developed a set of three experiments. We will discuss these experiments here,
including an overview of the characteristics of the environments used and the settings
2 This tool is available for download from:

http://como.vub.ac.be/newsite/doku.php?id=members:nyree_lemmens
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Fig. 1.4. The BeeHave tool.

used for the algorithms. For clarity, we again indicate that the experiments are done
in a two-dimensional simulation. This does not take the bee-inspired algorithms out
of context as the same behaviour can be found in ground-bound insects, such as the
desert ant.

In every experiment, we simulate using 50 and 100 agents. Initially, 50% of the
agents are exploring. Every food source contains 200 items of food; every agent can
carry one such item at a time. The experiments are terminated after all the food has
been gathered, or after 2000 time steps (whichever comes first) to save on simula-
tion time and to prevent deadlocks (e.g., a deadlock can occur when using the bee-
inspired algorithm. Due to the algorithm’s nature all agents could get stuck behind an
obstacle.) Every experiment is repeated 30 times to compensate for the inherent ran-
domness in the algorithms. The environments are selected as follows and illustrated
in Figure 1.5.

E1.1: Unobstructed environment. As a basic experiment, we run the algorithms in
a static environment with no constraints. The environment consists of 10x10 cells, of
which the outer edge consists of walls. There is a hive in the bottom left corner and
a single food source in the top right. Since our earlier work [1, 2, 3] has already led
to the conclusion that our bee-inspired algorithm is much faster than the ant-inspired
algorithm, we do not include the ant-inspired algorithm in this comparison.

E1.2: Unobstructed environment. An identical set-up is used with 40x40 cells.
The task is likely to be too complicated to finish within 2000 time steps by any of
the algorithms. Using this experiment however, we can determine the scalability of
the algorithms with respect to a growing environment size.
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Fig. 1.5. The environments developed for the experiments. The hive is indicated with an H,
the food source(s) with an F.

E2.1: Deneubourg Bridge environment. Our second experiment is the Deneubourg
Bridge [7], a highly constrained environment with obstacle dynamics. The size of
the environment is set to 20x20 cells, with a short (18 cells) and a long (42 cells)
path between the hive and the food source. The experiment consists of three phases.
Each phase has a maximum duration of 2000 time steps. The first phase presents
the Deneubourgh Bridge with both paths open. After the first phase is terminated, an
obstacle is placed in the short path and the food source is refilled to create the second
phase. Once again after the phase is terminated, the obstacle is removed and the
food source is refilled to create the third phase. Finally, we wait until the experiment
terminates. We then measure the average number of time steps needed over the three
phases.

E2.2: Hard Deneubourg Bridge environment. An identical set-up to E2.1 is used
in a modified, less constrained environment where the long path has a problematic
‘trap’ area.

E3: Alligator environment. This environment once again consists of 20x20 cells
and includes food source dynamics and a complicated constraint. The experiment
consists of two phases. Each phase has a maximum duration of 2000 time steps. In
the first phase, the initial food source is located directly next to the hive, but the two
locations are separated by a large, irregular obstacle. After the first phase is termi-
nated, a new food source appears in the upper right corner to create the second phase.
Depending on whether the original food source has been emptied or not, there are
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Efficiency
Algorithm Experiment 1.1 Experiment 1.2 Experiment 2.1 Experiment 2.2 Experiment 3

Mean Var Mean Var Mean Var Mean Var Mean Var

Using 50 agents
Ant - - - - 252.0 13.9 628.9 189.4 2000.0 0.0
Bee 602.6 97.6 2000.0 0.0 175.9 3.6 707.6 106.5 2000.0 0.0
BSP 418.8 129.6 2000.0 0.0 170.5 7.1 470.9 189.2 1884.4 188.4

Using 100 agents
Ant - - - - 144.5 6.6 394.2 129.4 1977.6 100.2
Bee 264.2 29.7 1953.8 206.6 95.6 3.4 719.4 148.8 2000.0 0.0
BSP 191.4 39.7 1953.8 206.6 99.9 4.7 213.6 20.9 1387.5 283.6

Table 1.1. The efficiency of the three algorithms under study, i.e., the number of time steps
used to complete the experiments at hand; both average and variance are displayed. In every
experiment, the maximum possible number is 2000.

now either one or two different food sources. Once again, we wait until the experi-
ment is terminated. We then measure the average number of time steps needed over
the two phases.

In each experiment, the following settings are selected for the algorithms. For the
ant-inspired algorithm, we select an evaporation of 1% per time step, 2 units of
pheromone deposited per time step when carrying food, maximal trail strength of 10,
minimal trail strength for a trail to be followed of 5. The two latter parameters are set
empirically and increase the fairness of the comparison. For our bee-inspired algo-
rithm, no additional settings were needed. For BSP, 1 unit of pheromone is deposited
per time step in case of inhibition situations. The maximal pheromone amount in a
cell is set to 1. Only exploiting agents can deposit inhibition pheromones (except in
E1.1 and E1.2, where exploring agents can also deposit pheromones; BSP becomes
exactly the same algorithm as our bee-inspired algorithm without this feature in com-
pletely unobstructed worlds). Exploring agents may enter inhibition cells, and if they
find food in an area filled with pheromones, they can ‘eat’ the pheromone on their
way back. In E3, we obtain the best performance by ‘forgetting’ all the pheromones
with a probability of 0.004 per time step.

1.6.2 Results

We compare the performance of the algorithms under study with respect to their
efficiency, scalability and adaptability. Efficiency can be measured by determining
the number of time steps the algorithms required to gather all the food present in
the environment. Scalability relates to the computation time required to perform this
task. Adaptability is not directly measurable in our settings; however, an algorithm
that is not able to learn from its mistakes will perform (a lot) worse than an algorithm
that can.
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Scalability
Algorithm Experiment 1.1 Experiment 1.2 Experiment 2.1 Experiment 2.2 Experiment 3

Mean Var Mean Var Mean Var Mean Var Mean Var

Using 50 agents
Ant - - - - 93.9 3.4 96.3 2.6 85.7 2.3
Bee 16.0 0.2 17.2 1.5 17.3 0.5 16.6 0.4 21.8 0.2
BSP 18.5 0.7 17.2 1.5 18.6 0.4 17.7 0.4 20.3 0.6

Using 100 agents
Ant - - - - 186.9 4.5 192.0 3.7 169.8 2.3
Bee 34.0 1.4 36.2 3.3 34.6 1.1 31.7 0.9 56.8 0.5
BSP 39.0 1.5 36.2 3.3 36.4 1.0 34.7 1.2 39.5 1.6

Table 1.2. The scalability of the three algorithms, i.e., the required computation time per time
step in milliseconds; average and variance are displayed.

Efficiency. We report our results on the efficiency of the three algorithms in Table
1.1. In E1.1, we see that BSP manages to improve on the results of our bee-inspired
algorithm. As has been mentioned earlier, our bee-inspired algorithm already consti-
tuted an improvement over the ant-inspired algorithm of approximately a factor three
with respect to overall efficiency. In E1.2, the algorithms usually fail to complete the
task at hand within 2000 time steps, as expected. In E2.1, our bee-inspired algorithm
and BSP perform comparably well, and definitely better than the ant-inspired algo-
rithm. The reason that our bee-inspired algorithm works here, and was reported not
to work in [3], is that we used a different problem representation in earlier work.
As a consequence, agents could make circular movements around the hive or the
food source when returning from the blocked passage. In the current problem repre-
sentation, this is no longer possible, and since agents usually prefer any move over
turning back, they are able to find the alternative, longer path. In contrast, in E2.2,
our bee-inspired algorithm fails to find a solution after the shortest path has been
blocked. The ant-inspired algorithm does slightly better, leading to a lower average
number of time steps for the whole task. BSP is by far the best-performing algo-
rithm once again; observing it during each of the three phases of the experiments,
we see that it quickly finds a good path between the hive and the food source. In E3,
our bee-inspired algorithm does not find any solution. The ant-inspired algorithm
manages to establish a path, but does so only just before the experiment runs out of
time. Meanwhile, BSP has usually already retrieved all the food, especially with 100
agents.

Scalability. We measured the total time required to run the algorithms in the five
different experiments and divided this through the number of time steps used. Re-
sults are summarized in Table 1.2. In every experiment, the ant-inspired algorithm is
much slower than the other two algorithms. BSP is only slightly slower than the bee-
inspired algorithm on the computation-time-per-time-step measure, even in E1.2. In
E3, it is actually faster than our bee-inspired algorithm, which is caused by the fact
that agents in our bee-inspired algorithm get stuck while trying to exploit their PI
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vector; by implementation, exploiting agents require more computation than explor-
ing agents. When we consider the number of time steps needed by our bee-inspired
algorithm and BSP it is clear that BSP usually finds a solution using less computa-
tion time than our bee-inspired algorithm.

Adaptability. As has been mentioned earlier, adaptability is not easily measurable.
However, by observing the behavior of the algorithms during the experiments and by
looking at their efficiency, we may conclude that the added, ant-inspired functionality
in BSP made the algorithm as adaptive as the ant-inspired algorithm; our bee-inspired
algorithm, in contrast, is only adaptive with respect to changing food sources by
‘advertisement’ in the hive. It lacks adaptiveness outside of the hive.

1.7 Conclusion & Future Work

Observing our results, we may conclude that our proposed algorithm BSP indeed
is a valuable addition to the currently existing collection of insect-inspired foraging
algorithms. In unobstructed environments, it performs even better than a pure bee
algorithm (our bee-inspired algorithm, which in turn significantly outperforms the
ant-inspired algorithm). In more obstructed environments and environments in which
obstacles or food can suddenly appear, the algorithm performs significantly better
than a pure ant algorithm (the ant-inspired algorithm, which in turn outperforms our
bee-inspired algorithm). The required computation time is only slightly higher than
that of or bee-inspired algorithm, and drastically lower than that of the ant-inspired
algorithm. In summary, the algorithm truly combines the ‘best of both worlds’.

The performance of the BSP algorithm is not yet optimal. In future work, we
plan to optimize the algorithm further by addressing various minor issues. We will
mention the two most important ones here. First, agents who are ‘eating’ inhibition
pheromone obviously cannot learn from their mistakes. Second, agents can acci-
dently create a pheromone field around other agents if these other agents just picked
up the last food from a food source. As a result, simulations sometimes do not ter-
minate before the 2000-time-step limit. Another line of research will be devoted to
implementing landmark navigation, as seen in biological bees. It will be interesting
to determine how the bee-inspired algorithm with added landmarks performs in com-
parison to BSP and whether BSP might also benefit from the addition of landmark
navigation.
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