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Abstract The biological swarm literature presents communication models that
attempt to capture the nature of interactions among the swarm’s individuals. The
reported research derived algorithms based on the metric, topological, and visual
biological swarm communication models. The evaluated hypothesis is that the choice
of a biologically inspired communication model can aﬀect the swarm’s performance
for a given task. The communication models were evaluated in the context of two
swarm robotics tasks: search for a goal and avoid an adversary. The general ﬁndings
demonstrate that the swarm agents had the best overall performance when using
the visual model for the search for a goal task and performed the best for the avoid
an adversary task when using the topological model. Further analysis of the performance metrics by the various experimental parameters provided insights into speciﬁc
situations in which the models will be the most or least beneﬁcial. The importance
of the reported research is that the task performance of a swarm can be ampliﬁed
through the deliberate selection of a communications model.
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1 Introduction
Animals that live in groups gain reproductive advantages, beneﬁt from reduced predation risks, and forage eﬃciently through group hunting and the distribution of
information amongst group members [20]. The collective behavior of these biological systems, for instance, trail-forming ants, schooling ﬁsh, and ﬂocking birds, display tight coordination that appears to emerge from local interactions, rather than
through access to global information or a central controller [8]. Numerical simulations based solely on local interaction rules can recreate coordinated movements of
biological systems living in groups [2, 12, 17, 19, 27, 32].
Proposed communication models for group behavior in animals include the metric [11], the topological [1, 3], and the visual models [31]. The metric model is
directly based on spatial proximity: two individuals interact if they are within a certain distance of one another [11]. Ballerini et al.’s [3] topological model requires
each individual to interact with a ﬁnite number of nearest group members. The visual
model, which is based on the sensory capabilities of animals, permits an individual
to interact with other agents in its visual ﬁeld [31]. The communication model is
an important element in collective behavior, because it reveals how information is
transferred in the group [31].
The development of communication networks is described as “one of the main
challenges” in swarm robotics [18]. Bio-inspired artiﬁcial swarms inherit desirable
properties from their counterparts in nature, such as decentralized control laws, scalability, and robustness [6]. Robustness in the context of this paper implies that the
failure of one agent does not lead to the failure of the entire swarm. Despite the beneﬁcial properties, a poorly designed communication network to an artiﬁcial swarm
can lead to undesirable consequences, such as the swarm fragmenting into multiple
components [18].
The evaluated hypothesis is that the three communication models—metric, topological, or visual—when used by a tasked artiﬁcial swarm will aﬀect the swarm’s performance. The evaluation analyzes how the communication models impact swarm
performance for two swarm robotics tasks: searching for a goal and avoiding an
adversary. The ﬁndings demonstrate that there is a signiﬁcant impact of the communication model on task performance, which implies that the task performance
of a deployed artiﬁcial swarm is ampliﬁed through performance-based selection of
communication models.
Section 2 provides related work. Section 3 describes the coordination algorithms
derived from the biological models. Experiments are presented in Sects. 4 and 5.
Practical applications are discussed in Sect. 6, and an overall discussion with concluding remarks is provided in Sect. 7.
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2 Related Work
Comparative evaluations of swarm communication models can be grouped into three
ﬁelds: biology [3, 31], physics [4, 29], and computer science [16].
Prior research compared the communication models to identify which model best
explains the propagation of information within biological species. Stranburg-Peshkin
et al. [31] reported that for golden shiners, Notemigonus crysoleucas, the visual
model best predicts information transfer within the school. The Metric and topological models were compared for ﬂocks of European starlings, Sturnus vulgaris [3], and
the topological model most accurately described the starlings’ information network.
The experiment compared the cohesion of simulated swarms using the topological
and metric models, and the topological model generated more cohesive swarms [3].
Physics-based approaches compared the metric and topological models and presented the resulting system properties. Speciﬁcally, Shang and Bouﬀanais [29] presented results on the probability of reaching a consensus. Barberis and Albano [4]
analyzed the diﬀerence in group orders (alignment and moment) that arise when
using the metric and topological models.
Computer science results include evaluating the metric and topological models
in the context of human-swarm interaction [16]. The human steered the swarm by
manipulating a leader agent that directly inﬂuenced other swarm members. It was
determined that a human can more easily manage a swarm using the topological
model.
The presented evaluation appears to be the ﬁrst to compare the metric, topological,
and visual models for tasks on artiﬁcial agents.

3 Coordination Algorithms
The agents are modeled as 2D self-propelled particles. A self-propelled particle is
controlled through updates to its velocity heading, which in turn aﬀects the particle’s
position [12, 15, 32].
The artiﬁcial agents are indexed 1 through N, where N is the number of agents
in the swarm. If there is a communication link from agent i ∈ {1, … , N} to agent
j ∈ {1, … , N}, where i ≠ j, agent j is a neighbor of agent i. The neighbor set of
agent i, denoted by i (t) is the collection of all the neighbors of agent i at time t.
The coordination of the swarm agents is designed through a multi-level coordination algorithm. At the higher level of abstraction, an agent’s neighbors are determined by the communication model. Thus, for agent i, the communication model
constructs the set i (t) at each time t. At the lower abstraction level, agents only
interact with their neighbors and the nature of this interaction is governed by three
rules: repulsion, orientation, and attraction. The rules are based on Reynolds’s rules
for boids (see [27]), which are similar to the biological swarm literature (e.g., [2]).
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Each agent’s zones of repulsion, orientation, and attraction are centered at the
agent’s position and are parameterized through the radii rrep , rori , and ratt , respectively, where rrep < rori < ratt . The zones are represented as circles in the 2D case.
The heading of each agent i ∈ {1, … , N} is updated as follows: (1) Veer away
from all agents in i (t) within a distance rrep , (2) Align velocity with all agents in
i (t) that are between a distance of rrep and rori , and (3) Remain close to all agents
j ∈ i (t) that are between a distance of rori and ratt [21, 27].

3.1 Communication Models
The metric model uses a single parameter dmet that represents a distance measure.
All agents within a distance dmet from agent i are i’s neighbors, as shown in Fig. 1a.
Due to the symmetric nature of the model, if j ∈ i (t), then i ∈ j (t). A stochastic version of this model was developed to analyze starling data [5]. The analyzed
models assign neighbors in a deterministic manner.
The topological model is characterized by ntop , measured in units of agents. i (t)
is the set containing the ntop nearest agents from agent i ∈ {1, … , N}. Zebraﬁsh,
Danio rerio, have 3–5 topological neighbors [1], and starlings coordinate, on average, with the nearest 6–7 birds [3]. Figure 1b depicts the neighbors of agent i, with
ntop set to 5.

Fig. 1 Agents (triangles)
are shown in relation to the
focus agent (ﬁlled triangle),
labeled i. The
communication links from
agent i to its neighbors are
represented with lines.
a Metric: Agent k is at a
distance greater than dmet
(dashed circle) from agent i;
b Topological: ntop is set to
5; c Visual: The visual range
of agent i is shown (dashed
sector), where agent j is in
agent i’s blindspot and agent
k is occluded from agent i by
another agent

(a) Metric

(b) Topological

(c) Visual
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A sensing range, a blindspot, and occlusion are used to describe the visual model
[31]. Agent j is a neighbor of agent i, if three conditions are met: (1) The distance
between the two agents is less than dvis , (2) Agent j is not in agent i’s blindspot,
and (3) The line-of-sight between the agents is not occluded by another agent or
object in the environment. A blindspot emerges because the agent’s sensing range is
characterized by an angle ±𝜙 from its heading [12, 15]. Figure 1c depicts agent i’s
sensing range, with 𝜙 set to 2𝜋∕3 radians.
The particular choices made for the values of dmet , ntop , dvis , and 𝜙 can be characterized as inheriting from the “descriptive agenda” of multi-agent learning [22, 30].
The goal in the descriptive agenda is to model the underlying phenomenon from the
social sciences (biological swarm communication models). The biological swarm literature provides parameter values that are used to compare the diﬀerent communication models on tasked artiﬁcial swarms. dmet was set to ratt for metric model experiments (e.g., [2, 11]). The visual model experiments set an agent’s dvis to half the
size of the diagonal of the world with 𝜙 = 2𝜋∕3 radians [12, 31]. ntop ∈ {5, 6, 7, 8}
for the topological experiments, allowing some variability, while remaining close to
what was observed in nature [3].
The novelty is the comparative evaluations of the diﬀerent communication models that are solely based on the biological swarm literature; hence, strictly inheriting from a descriptive agenda. Traditional artiﬁcial swarm communication models do not typically mimic the three communication models (e.g., [9]). Although,
perception-based models that rely on line-of-sight communication, such as a swarm
of foot-bots responding to light sensors, is a variant of the visual model [14]. As
such, one potential application is to serve as a guide for hardware selection.

4 The Search for a Goal Experiment
4.1 Experimental Design
All experiments were conducted using the Processing open-source programming
language on a 8 GB, 2.6 GHz Intel Core i5 Macbook Pro. The body length, BL, of
each agent was set to 2 pixels. The size of the world was 600 × 600 pixels.
The communication model is the primary independent variable: metric, topological, and visual. Additional independent variables were: the number of agents, the
number of obstacles, the radius of repulsion, the radius of orientation, and the radius
of attraction. The experiment combined each of the primary independent variables
with each of the additional independent variables. The resulting pair-wise combinations oﬀers a more comprehensive analysis of the eﬀect of the communication
models.
The number of agents, N, was 50, 100, and 200. The tuple (rrep , rori , ratt ) describes
an agent’s repulsion, orientation, and attraction zones. The radius of repulsion, rrep ,
was set to either 5 × BL or 10 × BL. The radius of orientation, rori , was assigned to
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Fig. 2 The eight possible interaction zone conﬁgurations. The inner-most, middle, and outer-most
circles represent the zones of repulsion, orientation, and attraction, respectively
Fig. 3 An artiﬁcial swarm
performing the search for a
goal task using the
topological model. The
center of the goal area is
represented by a star, circles
represent obstacles, agents
are ﬁlled triangles, and the
lines denote communication
links. The trial parameters
were: N = 50, Nobs = 0.20N,
rrep = 20, rori = 40,
ratt = 60, and ntop = 6

either 1.50 × rrep or 2.00 × rrep , and the radius of attraction, ratt , was given a value of
either 1.50 × rori or 2.00 × rori . Designing the interaction zones in this manner results
in 23 possible tuples with varying (relative) zone sizes, as illustrated in Fig. 2.
The search for a goal task included environmental obstacles. The number of obstacles, Nobs , was 0%, 10%, or 20% of N.
The objective of the artiﬁcial swarm during the search for a goal is to locate
a single goal location,1 the star in Fig. 3. The goal area’s size is scaled to ensure
the swarm is able to ﬁt within the goal area. The world is bounded by a wall that
exerts a repulsive force. An agent can sense the goal if it is within ratt of the goal
area’s location. Once an agent locates the goal, it can communicate the location to
its neighbors. Agents aware of the goal’s location update their headings by equally
weighing the desire to travel to the goal and the desire to follow the interaction rules,
which was employed by Couzin et al. [11] and Goodrich et al. [16]. The simulation
runs for 1,000 iterations.
The percent reached, denoted by R, determines the number of agents that reached
the goal area, expressed as a percentage of the swarm’s size, N, at the end of the task.

1

Videos of example trials can be found at http://www.eecs.vanderbilt.edu/research/hmtl/wp/index.
php/research-projects/human-swarm-interaction/emulating-swarm-communications/.
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The latency, L, measures the rate of information transfer in the swarm during
the task. Speciﬁcally, latency represents the number of iterations required for the
swarm to transition from a state where at least one agent knows the goal’s location
to all agents being aware of the goal’s location. Degenerate cases are processed by
setting the latency to the maximum possible duration, 1,000 iterations, Based on this
deﬁnition, the simulator did not inﬂuence this metric.
The clustering coeﬃcient is the fraction of pairs of a swarm agent’s neighbors
that are neighbors with each other [13]. The coeﬃcient ranges from 0, where none
of the swarm agent’s neighbors are neighbors with each other, to 1, where all pairs
of a swarm agent’s neighbors are neighbors with each other. The swarm clustering coeﬃcient, denoted by SCC, averages the clustering coeﬃcients of all swarm
agents. A high swarm clustering coeﬃcient implies a dense communication network and redundant information passing between the agents. While calculating the
swarm clustering coeﬃcient, the asymmetric nature of the communication links that
resulted from the topological and visual models were ignored. Strandburg-Peshkin
et al. [31] performed the same treatment on directed links when comparing this metric across diﬀerent communication models for ﬁsh data. This metric permits comparison to prior ﬁndings.
The three hypotheses for this task are:
1. Hsg1 : RV > RT > RM ,
2. Hsg2 : LV < LT < LM , and,
3. Hsg3 : SCCV < SCCT < SCCM .
The subscripts associated with the performance metrics indicate the metric (M), the
topological (T) and the visual (V) models.
Hypothesis Hsg1 assumes that a greater percentage of agents will reach a goal
using the visual model and that the metric model will have the lowest percentage
reached. The hypothesis is based on the potentially long-range sensing capabilities
associated with the visual model. Agents favorably oriented and not occluded by
obstacles or other agents have a higher chance of communicating with an agent that
has located the goal. Moreover, fewer stragglers may arise with the visual and topological models, thus increasing the percent reached. Hsg1 further assumes that the
limit on ntop , compared to the range of dvis , allows a greater percentage of agents to
arrive at a goal using the visual model, compared to the topological model.
Establishing long-range communication between two agents in the visual model
depends on the orientation of the agents and occluding factors. The range dvis may
not be a limiting factor in identifying neighbors when positioned in the interior of the
swarm. However, any occurrence, regardless of how infrequent, of a long-range link
in the network can act as a short-cut for transferring information. As such, Hsg2 states
that information diﬀuses faster in swarms using the visual and topological models,
than with the metric model.
Hypothesis Hsg3 states that the swarm clustering coeﬃcient will be the highest
in the metric model and the lowest in the visual model. Communication links in the
metric and topological models are not aﬀected by occlusions, a factor that is expected
to yield sparser networks for the visual model.
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A trial is deﬁned as a single simulation run for a given selection of parameters,
(N, Nobs , rrep , rori , ratt ). Twenty-ﬁve trials for each parameter selection were completed. The total number of trials for the search for a goal task was 10,800: 1,800
trials for each of the metric and visual models, and 7,200 trials for the topological
model (1,800 trials for each of the four values of ntop ).

4.2 Results
The Anderson-Darling test for normality indicated that all performance metrics: percent reached (A = 431.01, p < 0.001), latency (A = 621.88, p < 0.001), and swarm
clustering coeﬃcient (A = 162.72, p < 0.001) were distributed normally. An analysis of variance (ANOVA) by ntop did not ﬁnd a signiﬁcant diﬀerence for the topological model’s performance. Without loss of generality, the topological trials with
ntop = 7 are used in the reported ANOVAs.
The topological and visual models had virtually identical mean percent reached,
as reported in Table 1. The ANOVA found that model type had a signiﬁcant impact
on the percent reached (F(2, 5398) = 83.91, p < 0.001). A Fisher’s LSD test investigated the pair-wise diﬀerences. There was no signiﬁcant diﬀerence between the
visual and topological models, and the metric model had a signiﬁcantly lower percent reached compared to the other models.
All data was further analyzed by the number of agents, number of obstacles, and
the radii of repulsion, orientation, and attraction. ANOVAs showed signiﬁcant interactions between the communication models and the number of agents (F(2, 5398) =
11.26, p < 0.001), the number of obstacles (F(2, 5398) = 8.85, p < 0.001), and the
radius of attraction (F(2, 5398) = 2.52, p = 0.043). No signiﬁcant interactions were
found for the radii of orientation and repulsion.

Table 1 The search for a goal task descriptive statistics by models. The best means are in bold.
(The percent reached, latency, and swarm clustering coeﬃcient are represented by R, L, and SCC,
respectively)
Model
Statistic
R
L
SCC
Metric

Topological

Visual

Mean
Median
Std. Dev.
Mean
Median
Std. Dev.
Mean
Median
Std. Dev.

27.68
0.00
41.60
39.08
34.00
31.75
41.10
22.00
42.56

637.79
1000.00
471.73
864.99
1000.00
290.20
438.73
31.00
487.99

0.95
0.95
0.03
0.62
0.62
0.06
0.31
0.33
0.07
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(a) Percent reached.

(c) Latency
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(b) Percent reached.

(d) Swarm clustering coeﬃcient.

Fig. 4 The search for a goal task performance metrics. Each box plot denotes the ﬁrst and third
quartile of data. The horizontal lines indicate the medians, the crosses represent the means, and the
circles show the outlying data. The legend for the plots b–d can be found in a, where M, T7, and V
denote the metric, topological (with ntop = 7), and visual models, respectively

Fisher’s LSD test showed that for N = 50, there was no signiﬁcant diﬀerence
between the visual and topological models. The mean percent reached was the highest when N = 100 using the topological model. The visual model had the highest
mean percent reached for N = 200. The percent reached for the metric model was
signiﬁcantly diﬀerent compared to the other models across all values of N.
The mean percent reached for all the models decreased as additional obstacles
were included, as shown in Fig. 4a.
At ratt = 22.50 there was no signiﬁcant diﬀerence in percent reached for the metric and visual models, see Fig. 4b. The metric model’s mean percent reached was
signiﬁcantly higher at ratt = 22.50 compared to ratt = 80.
The means are susceptible to the inﬂuence of outliers, thus the median values are
also reported as a central tendency measure to better assess the performance of the
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communication models. Further, the interquartile ranges provide additional insights
beyond the means.
The median for the metric model’s percent reached was 0 for the overall results
(see Table 1), which was much lower than the mean. The metric model’s median
was 0 for most of the parameters and their associated values. The exception being
the largest value of N, the obstacle-free trials, the smallest values for the radii of
repulsion and orientation, and the two smallest values for the radius of attraction. The
median was typically below 10 for those cases, and less than 40 for the obstacle-free
trials.
The visual model’s third quartiles were at least 95 and mostly 100, except for
when N = 100, Nobs = 0.2, and for the smallest values of the radii of orientation
and attraction. The high third quartiles indicates that the fourth quartile, or the top
25% of the visual model trials, and at least one of the third quartile trials, had all
agents reaching the goal area. The metric model’s interquartile ranges had much
larger variability than the topological model. Across the various parameters, there
was at least one parameter value for which the metric model’s third quartile was
100%.
Overall, the visual model’s mean latency was the lowest, whereas the topological
model had the highest mean latency, as presented in Table 1. ANOVA showed that
a signiﬁcant diﬀerence existed by communication model (F(2, 5398) = 449.26, p <
0.001). Moreover, pair-wise testing with Fisher’s LSD test found that latency for all
three models were signiﬁcantly diﬀerent from each other.
ANOVA found signiﬁcant interactions by model and the number of agents
(F(2, 5398) = 45.70, p < 0.001), number of obstacles (F(2, 5398) = 40.60, p <
0.001), radii of repulsion (F(2, 5398) = 66.96, p < 0.001), orientation (F(2, 5398) =
28.59, p < 0.001), and attraction (F(2, 5398) = 11.15, p < 0.001).
Fisher’s LSD test showed that the visual model latency at ratt = 22.50 was signiﬁcantly lower than the metric and topological models. At ratt = 80, the analysis
found a signiﬁcant diﬀerence across each of the models, with the metric model’s
mean latency being lowest (see Fig. 4c). An identical trend occurs for the lowest and
highest radius of orientation.
The metric model’s median latency was 1000, for most cases across the number
of agents, number of obstacles, and the radii of repulsion, orientation, and attraction. The exceptions occurred for the largest value of the radius of repulsion, the two
largest values of the radius of orientation, and the two largest values of the radius of
attraction, as shown in Fig. 4c. The median latency was typically 0 for those exceptional cases. Similarly, the topological model’s median latency was 1000 across the
variables. Additionally, the ﬁrst quartile of the topological model’s latency was 1000
in most cases, and in certain cases, it was at least greater than 400 (see Fig. 4c). The
visual models’ median latency was lower than the mean, and was 0 for the largest
value of the number of agents, the largest value of the radius of repulsion, and the
two largest values of the radii of orientation and attraction (see Fig. 4c).
The mean swarm clustering coeﬃcient was lowest in the visual model and
highest in the metric model. An ANOVA showed a signiﬁcant diﬀerence by model
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(F(2, 5398) = 1810, p < 0.001). Fisher’s LSD test found that all the models had signiﬁcantly diﬀerent means.
Results from ANOVA showed that for the swarm clustering coeﬃcient, there were
signiﬁcant interactions by model and the number of agents (F(2, 5398) = 631.50,
p < 0.001), the number of obstacles (F(2, 5398) = 2132.00, p < 0.001), the radii of
repulsion (F(2, 5398) = 320.90, p < 0.001), orientation (F(2, 5398) = 144.40, p =
0.03), and attraction (F(2, 5398) = 166.40, p < 0.001). The results of Fisher’s LSD
test found a signiﬁcant pair-wise diﬀerence between the models across all variables
and associated values.
The median swarm clustering coeﬃcients for all communication models were
generally close to the means across all parameters and associated values. The
interquartile ranges were typically tight, with only a few cases where the maximum
value of one model overlapped with the minimum value of another. Those cases were
the smallest number of agents (see Fig. 4d), the smallest radii of repulsion, orientation, and attraction.

4.3 Discussion
Hsg1 was partially supported. The topological and visual models outperformed the
metric model in reaching the goal area, yet there was no clear diﬀerence between the
visual and topological models.
The visual model latency was substantially lower than the topological and metric
models; however, the metric model outperformed the topological model in terms
of the transfer of information. As such, Hsg2 was also only partially supported. The
metric model’s bidirectional communication links possibly allowed information to
spread faster through the network, compared to the topological model.
Similar to Strandburg-Peshkin et al.’s [31] results for ﬁsh, the swarm clustering
coeﬃcient was lowest with the visual model. The clustering coeﬃcient for ﬁsh with
the topological model was higher than the metric model, contrary to the ﬁndings
presented in Table 1. One possible reason for this diﬀerence can be attributed to
the diﬀerence in using collective motion experimental data as opposed to modeling
through self-propelled particles.
Based on the general ﬁndings, the visual communication model is the best for
artiﬁcial swarms completing a search for a goal task when fewer redundant connections are desired, because it resulted in virtually the best percent reached, the
lowest latency, and the lowest swarm clustering coeﬃcient. A low swarm clustering
coeﬃcient can be disadvantageous in noisy environments, which can beneﬁt from
redundant communication links. The metric and topological models are preferred
for such environments, because of their high swarm clustering coeﬃcients. Furthermore, given a noisy environment and a requirement for only a few agents to reach
the goal, then the metric model is preferred. Given the same noisy environment, but
a high percentage of agents needed to reach the goal, then the topological model can
be used. The tradeoﬀ is the model’s high latency.
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The analysis by the radius of attraction, which was the value of dmet , revealed
that the metric and visual models are fundamentally diﬀerent from one another and
the diﬀerence does not stem from the visual model’s larger communication range.
Overall, the visual-based swarms performed better than the metric-based swarms.
However, at the lowest value of the radius of attraction (dmet = 22.50), the metric and
visual models had comparable mean percent reached. Furthermore, for the highest
value of the radius of attraction, or dmet = 80, the latency of the metric model was
shown to be signiﬁcantly lower than the visual, which used a range of dvis = 425.

5 The Avoid an Adversary Experiment
5.1 Experimental Design
This experiment was performed using the same machine and the experimental parameters, other than Nobs , were identical. No obstacles were included in this experiment.
The swarm is required to avoid a predator-like agent2 during the avoid an adversary task, which is modeled through a repulsive force exerted by the adversary on
the swarm agents [3]. The swarm (dark mass in Fig. 5a) is initially aligned facing the
predator (triangle in Fig. 5a). The predator is the same size as the swarm agents and
can occlude the visual communication between agents. For illustrative purposes, the
rendering of the predator has been increased. The predator (moving in a predeﬁned
path) and swarm travel toward each other and when the swarm agents are within ratt
of the adversary, the predator’s repulsive forces aﬀect the swarm agents’ heading.
Agent positions are initially distributed in an area that is proportional to the swarm’s
size, N. The predator’s starting position is horizontally oﬀset, such that the predator and swarm travel the same distance to meet, regardless of the swarm’s size. The
eﬀects of the adversary on the swarm are isolated by removing the environmental
obstacles and negating the wall’s repulsive forces. Each trial runs for 200 iterations.
Dispersion, denoted by D, is measured as the percentage increase of the average
agent to agent distance from the start to the end of the trial. The average agent to agent
distance has signiﬁcance in the biological literature and is one of eleven parameters
considered when characterizing the emergent properties of ﬁsh [26].
A connected component is deﬁned as the largest collection of agents in which any
two agents are either connected directly by a communication link or indirectly via
neighbors [13]. The number of connected components, CCO, is calculated at the end
of a trial, and is 1 at the start of a trial.
The percent isolated components, represented by I, is the percentage of swarm
agents that have no neighbors.
2

Videos of example trials can be found at http://eecs.vanderbilt.edu/research/hmtl/wp/index.php/
research-projects/human-swarm-interaction/emulating-swarm-communications/.
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(a) Initial conﬁguration

(b) Metric at t = 181

(c) Topological at t = 187

(d) Visual at t = 183
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Fig. 5 An artiﬁcial swarm performing the avoid an adversary task under all three communication models. The adversary is denoted by a triangle and swarm’s agents are represented by ﬁlled
triangles. The lines between agents denote communication links. The trial parameters were: b–d
N = 50, rrep = 10, rori = 15, ratt = 30; b dmet = 30; c ntop = 6; d dvis = 425

The three hypotheses for this task are:
1. Haa1 : DV < DT < DM .
2. Haa2 : CCOV < CCOT < CCOM .
3. Haa3 : IT < IV < IM .
The subscripts indicate the communication models.
Hypothesis Haa1 assumes that the metric model will generate swarms with the
highest dispersion due to fragmentation. Additionally, the topological and visual
models are expected to attract outlying agents back into the main swarm after the
adversary’s attack, reducing the swarm’s dispersion.
Hypothesis Haa2 states that swarms using the visual model will fragment into
fewer connected components compared to the topological swarms, which will
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fragment less than the metric-based swarms. The hypothesis is based on the metric model’s limited sensing range.
By deﬁnition, the topological model does not produce any isolated agents for any
ntop ≥ 1. Haa3 in relation to the visual and metric models follows the same reasoning underlying Haa2 : the metric model’s limited sensing range will lead to a higher
percentage of isolated agents than the visual model.
The avoid an adversary task experiments were speciﬁed similarly to the search
for a goal task. The total number of trials for the avoid adversary task was 3,600:
600 trials for the metric and the visual models, and 2,400 trials for the topological
model (600 trials for each of the four values of ntop ).

5.2 Results
Dispersion (A = 70.16, p < 0.001), number of connected components (A = 179.90,
p < 0.001), and percent isolated components (A = 296.44, p < 0.001) were distributed normally according to the Anderson-Darling test. Similar to the prior experiment, ntop was set to 7, as the ANOVA found no signiﬁcant interactions across the
metrics by the topological number. Unlike the previous experiment, a detail account
of the medians and quartile ranges are not reported as the medians were generally
quite close to the means. Furthermore, the interquartile ranges were tight (see Fig. 6).
Overall, dispersion was the highest with the topological model and the lowest
with the visual model (see Table 2). An ANOVA showed that model type had a signiﬁcant impact on dispersion (F(2, 5398) = 562.49, p < 0.001). Fisher’s LSD test
found the mean dispersions to be signiﬁcantly diﬀerent across the three models.
ANOVAs revealed that the communication models had signiﬁcant interactions
for the number of agents (F(2, 5398) = 118.32, p < 0.001), the radius of repulsion
(F(2, 5398) = 363.27, p < 0.001), the radius of orientation (F(2, 5398) = 26.15, p <
0.001), and the radius of attraction (F(2, 5398) = 9.98, p < 0.001).
Dispersion using the topological model was signiﬁcantly higher compared to the
metric and the visual models for all values of N. Fisher’s LSD tests showed that
the visual model dispersion was signiﬁcantly lower compared to the metric model
at N = 50. However, no signiﬁcant diﬀerence between the metric and visual model
dispersions was found for the other values of N (see Fig. 6a).
Fisher’s LSD test found that the mean dispersion for the visual model was signiﬁcantly lower than the metric model at rrep = 10, but signiﬁcantly higher than the
metric model at rrep = 20, as shown in Fig. 6b. Similarly, as the values of the radii
of orientation and attraction increased, the metric model’s dispersion decreased to a
value signiﬁcantly lower than the visual model.
ANOVA determined that model type had a signiﬁcant impact on the number of
connected components (F(2, 5398) = 1776.23, p < 0.001). This metric was significantly diﬀerent between each of the communication models, as indicated by the
Fisher’s LSD test. The visual model had the lowest number of connected components, while metric had the highest, as shown in Table 2.
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(a) Dispersion.

(c) Number of connected
components.
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(b) Dispersion.

(d) Percent isolated
components.

Fig. 6 The avoid an adversary task performance metrics. The legend for the plots b–d can be
found in a, where M, T7, and V denote the metric, topological (with ntop = 7), and visual models,
respectively

The ANOVAs found signiﬁcant interactions by the number of agents
(F(2, 5398) = 5.25, p < 0.01), and the radii of repulsion (F(2, 5398) = 772.53, p <
0.001), orientation (F(2, 5398) = 133.89, p < 0.001), and attraction (F(2, 5398) =
53.72, p < 0.001).
Fisher’s LSD test showed that the number of connected components was significantly diﬀerent between all three models across the number of agents. Visual had
the lowest number of connected components, whereas metric had the highest, for all
values of N.
The metric model generated fewer connected components as the radius of attraction increased (see Fig. 6c). At ratt = 80, there was no signiﬁcant diﬀerence between
the metric and visual models in the number of connected components.
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Table 2 The avoid an adversary task descriptive statistics by models. Dispersion, the number
of connected components, and the percent isolated components are denoted by D, CCO, and I,
respectively
Model
Statistic
D
CCO
I
Metric

Topological

Visual

Mean
Median
Std. Dev.
Mean
Median
Std. Dev.
Mean
Median
Std. Dev.

275.61
144.71
334.85
493.92
421.50
356.32
232.03
168.68
196.64

4.46
4.00
2.78
1.75
2.00
0.79
1.35
1.00
0.58

1.19
1.00
1.38
0.00
0.00
0.00
0.33
0.00
0.54

The visual model produced values for the percent isolated components that
were typically lower than the metric model (Table 2). ANOVA found a signiﬁcant
diﬀerence across the communication models (F(2, 5398) = 489.78, p < 0.001), and
Fisher’s LSD test found that the models had signiﬁcantly diﬀerent means from each
other.
ANOVAs indicated that communication models had signiﬁcant interactions with
the number of agents (F(2, 5398) = 8.14, p < 0.001), the radius of repulsion
(F(2, 5398) = 232.23, p < 0.001), the radius of orientation (F(2, 5398) = 32.24,
p < 0.001), and the radius of attraction (F(2, 5398) = 29.28, p < 0.001).
Similar to the connected components evaluations, the metric model’s percent isolated components decreased as the size of the radii of repulsion, orientation, and
attraction (see Fig. 6d) increased. At, ratt = 80, the metric model’s percent isolated
components was signiﬁcantly lower than the visual model.

5.3 Discussion
The topological model produced the highest dispersion compared to the other models. Haa1 was only partially supported due to the topological’s higher dispersion compared to the metric model.
Haa2 was fully supported, as the visual model produced the smallest number of
connected components, whereas the metric model generated the highest number of
connected components. The visual model’s percent isolated components was lower
than the metric model, which fully supports Haa3 .
A high dispersion in some biological species may serve to confuse a predator from
singling out a particular swarm agent [3]. Thus, if a higher dispersion is preferred,
the general ﬁndings indicate that the topological communication model is the best
for the avoid an adversary task, because it oﬀers the highest dispersion, paired with
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low connected components, and no isolated components. A high dispersion can be
disadvantageous if environmental features physically constrain the swarm’s movement. The metric and the visual models are preferred for such environments, as they
provide a lower dispersion. However, if a task requires a low percentage of isolated
components, then the visual model is preferred, otherwise, the metric communication model will suﬃce.
The results across independent variables did not ﬁnd the visual model’s relatively
larger communication range to provide an unfair advantage over the metric model.
At the highest radius of attraction, or dmet = 80, there was no signiﬁcant diﬀerence
in number of connected components between the metric and visual models, despite
dvis being 425.

6 Practical Applications
This research is intended to serve as the foundation of a more complete examination
of what factors impact swarm performance. To date, this research has focused on the
set of behavior, environment, task, and hardware (BETH) as factors likely to impact
swarm performance. The behavioral components in this research were the communication model used and the values set for the radii of repulsion, orientation, and
attraction. The environmental variables in this research were the number of obstacles and the number of adversaries, but future research will explore other variables
such as size of the area of deployment, environmental hazards, and characteristics
of adversaries. This research only considered two tasks, search for a goal and avoid
adversary, but these simple tasks form the basis of many more complex tasks with
both military and civilian applications [7, 10]. The number of agents deployed to
a task was the primary hardware limitation in this research, but as discussed in the
previous section, the radii of repulsion, orientation, and attraction can be limited by
hardware capabilities; other physical factors such as agent size and speed are outside
the scope of this research, but future research needs to explore the impact these factors have singularly and in concert with the other components of BETH. Identifying
the BETH variables that impact swarm performance and quantifying the eﬀects of
their interactions enables the development of a decision support software to optimize
the likelihood of successful task completion for any given combination of known and
unknown values of the components of BETH.
The body of research that explores decision support software (DSS) extends as
far back as the 1970s and encompasses many diﬀerent algorithms for processing
the available information [25]. The goal of such software for operators of remotely
deployed mobile robots is to provide decision support by simplifying the information presented to the operator [33]. A full examination of DSS and the design of
interfaces for robot operators would far exceed the available space, and the design,
implementation, and validation of such an interface requires its own lengthy research
process. A simpliﬁed example of design and use of such an interface is given below
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Fig. 7 An example interface using the BETH DSS model is shown. This simple wireframe illustrates how gathered data can reduce the decisions an operator needs to make in order to optimize
the performance of a remotely deployed artiﬁcial swarm

to illustrate how knowledge of the factors that impact swarm performance can be
used to support the operator of a robotic swarm.
Figure 7 shows an example interface that uses the BETH model to organize and
simplify information for the operator deploying a swarm of robots. The available
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performance factors are presented grouped by Behavior, Environment, and Task.
Hardware factors that impact swarm performance are made implicit by limiting the
behavior, environment, and task factors to values permitted by the available hardware, freeing the operator from tracking hardware capabilities.
To use the interface, the operator must select a Task Type. The operator can then
assign values for as many of the remaining performance factors as desired. For example, the operator in Fig. 7 is creating a Search for a Goal task. The operator has speciﬁed the topological communication model, but has left the padlock button toggled
to “unlocked.” Thus, the system the system is allowed to change the communication
model during the optimization process, if a diﬀerent model has a higher likelihood
of success. The three radii of repulsion, orientation, and attraction are shown greyed
out; the interface makes the information available but clearly indicates that the values of the radii cannot be changed by the operator (presumably the values are limited
by the hardware capabilities of the swarm).
The operator has the option to supply information about the Environment where
the swarm will be deployed; in this example the operator has provided a value for
Known Hazards and is selecting a value for Obstacle Density. The operator has
locked the Known Hazards ﬁeld and left the Obstacle Density ﬁeld unlocked, indicating that the system can adjust the Obstacle Density value if provided with new
information, but that the information the operator has provided about he Known
Hazards is to be assumed true even if the system cannot detect those hazards.
The Number of Agents can be set by the operator. The operator in the example
the operator can choose between 50 and 100 agents although the value 200 is greyed
out, indicating that some of the operators robots are otherwise engaged, lost, or damaged. The operator can press the Optimize button, and the system will validate the
deployment variables. If the system determines that changing the values of any of
the unlocked Behavior or Task variables will improve the likelihood of success, or
if the system has updated information for any unlocked environmental variables, the
system will update the variables with the new values, highlighting the ﬁelds that have
changed so the operator understands the changes. When the operator is satisﬁed with
the deployment conﬁguration, pressing the “Commit” button sends the command to
the swarm.

7 Discussion and Conclusion
The presented research focuses on a general hypothesis that the selection of communication model impacts the swarm’s task performance. The general ﬁndings demonstrated that there was a signiﬁcant impact of model type on task performance. Further, the results show that the visual model resulted in the best overall task performance for the search for a goal task, while the best overall performance was achieved
with the topological model for the avoid an adversary task. The relevance of this outcome is that the intelligence of a remotely deployed swarm is ampliﬁed through the
deliberate selection of a communication model. Additional analysis of typical arti-
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ﬁcial swarm tasks is necessary to fully support the general hypothesis; however, the
presented results provide preliminary evidence that artiﬁcial swarm design needs to
consider the communication model and task pairing in order to optimize the overall
swarm performance.
Based on the presented search for a goal and avoid an adversary task results, connections can be made to the biological swarm literature. Couzin et al. [12] showed
that the size of the radius of repulsion did not have an eﬀect on the transitions between
diﬀerent swarm movement patterns. Rather, the relative sizes of the radius of orientation to the radius of repulsion and the radius of attraction to the radius of orientation
produces the transitions. For instance, simulated swarms rotate in a torus when the
ratio of the radius of orientation to the radius of repulsion is relatively low and the
ratio of the radius of attraction to the radius of orientation is relatively high. Presented results for the search for a goal task conform to Couzin et al.’s [12] results in
relation to the radius of repulsion. The duration of this task (1000 iterations) resulted
in trials that demonstrated swarm movement patterns, as found by Couzin et al. Similar results were expected for the avoid an adversary task; however, were not found
due to the task’s short duration (200 iterations).
The scope of the reported research does not follow the so-called prescriptive
agenda where the values of the model parameters are free design choices [22, 30];
thus, dvis is not varied. This line of inquiry will become necessary when prescribing the communication models to speciﬁc platforms, such as the s-bots, which are
equipped with proximity and vision sensors [24]. Analyzing the eﬀects of varying
model parameters, such as dmet and dvis will also be necessary due to diﬀerences in
the communication ranges across the platforms that will attempt to adopt the models. For instance, the metric model can be realized with omni-directional antennas,
as well as infrared LED sensors. The LED range is considerably smaller (10 cm in
Kilobots [28]). Similarly, exploring the eﬀects of diﬀerent values of ntop will be useful. The topological model can be implemented using band-limited communication
channels [16], and for infrared-based, band-limited platforms, such as the r-one, ntop
will be inversely related to the maximum communication range [23].
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