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ABSTRACT 

 
A primary question in our research is to determine 

how much sensory processing is necessary to maintain a 
network’s resiliency to fission, or collapse, while 
minimizing the degree of disorder in communication. 
Biological components capable of governing these 
processes include perception, thresholds, and simple 
decision filters. We present a self-propelled particle 
model (s.p.p.) with simplified optical rules in which 
individual interactions are dictated by retinal 
representations of object bearing and motion.  Optical 
signals are weighted by individual perception and the 
degree of redundant neurological stimulation.  In turn, 
signals that exceed a threshold value serve to identify 
influential neighbors within the swarm’s global network.  
Individual connections (i.e., each influential neighbor) is 
normalized to the individual’s immediate surroundings, 
making the decision process adaptive to both physical and 
behavioral variability. 

 
 

1. INTRODUCTION 
 

Biology abounds with examples of complex sensory 
and motor control systems that continue to exceed the 
most advanced artificial systems (Higgins, 2001). This 
individual level of complexity is exceeded perhaps only 
by the degree of coordination demonstrated by collective 
animal behavior. Effective communication in animal 
groups has spurned research into artificially influencing 
collective decision-making in animals (Halloy et al. 
2007), solving engineering problems (Casanova and 
Deneubourg, 1999; Gaing, 2003), and assisting with 
crowd safety management (Helbing et al. 2000). Yet, 
despite these advances, we have only a rudimentary 
understanding of the sensory processes linking rapid 
individual decision making with collective behavior, even 
within such model systems as krill swarms or fish schools 
(Warburton, 1997; Couzin et al., 2006). 

 
 Flocks of birds and schools of fish display a 
mesmerizing degree of synchronization in their collective 
motion.  Such rapid decision-making by the individuals is 
based on neighbor movement patterns, which, although 

surely involving multiple sensory processes, has been 
repeatedly linked to vision (Warburton, 1997). One 
reason for this assumption is the speed with which visual 
information can be processed, ranging from 120 ms 
(humans, Kirchner and Thorpe, 2006) down to 40 ms 
(fish, Schlegel and Schuster 2008; flies, Wagner, 1986).  
 
 Neural architectures vary across taxa, which can 
profoundly impact visually mediated behaviors 
(Srinivasan and Zhang, 2004). Despite variability in the 
neural substrates, the computational principles responsible 
for encoding motion are similar from flies to humans 
(Borst and Egelhaaf, 1989). Recent efforts have 
demonstrated that both object identification and rapid 
decision-making based on motion information can be 
accomplished with only the neural processing available at 
the retinal level (Schlegel and Schuster 2008, Ölveczky et 
al. 2003). 
 
 In the present study, we define individual perception 
based on how neural information of motion is processed 
at the retinal level. We begin by presenting a standard 
model for collective behavior and then proceed to 
compare the model’s dynamics using its behavioral rules 
vs. our optical rules. 
 

 
2. MODEL 

 
2.1 Standard Model 
 
 Self-propelled particle models (s.p.p.) of collective 
behavior vary in complexity, yet most involve velocity 
matching among individuals, complemented with 
attraction and repulsion tendencies (Aoki, 1982; Vicsek et 
al. 1995; Gregoire et al. 2003).  In this framework, N 
individuals are represented as spheres on an infinite 
surface that update their positions (Ci) in discrete time 
steps (Δt).  Directional decisions represent the sum of an 
individual’s current motion (Vi) and the social influence 
of it neighbors (Si): 

 
  
Ci (t + Δt) = Ci (t) + Vi (t) + Si (t)   (1) 

where an individual’s social vector, Si, is a function of  

goodwin
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speed, 
  
ρ j (t) , and direction, θi (t). Socially influenced 

behavioral decisions are based on a subset of N influential 
neighbors, each conveying a signal relating either their 
relative position (bearing, unit vector,

   B


i, j ) and/or their 

heading (velocity, unit vector 
  V


j ). Given this 
information, an individual avoids collisions by turning 
away from the set of neighbors (NR) that intrude on some 
prescribed range of personal space: 

 ,,( ) ( ) ( )
r

i j

N

i j
j i

t t B t−

≠

 = − ⋅ ∑


θ ω  (2)         

While not avoiding collisions, individuals respond 
positively to detectable neighbors by turning towards 
them and/or matching their headings: 

   
θ i

+ (t) = λi, j (t) ⋅V


j (t)
j≠i

N λ

∑ + ω i, j (t) ⋅ B


i , j (t) +η ⋅ε


(t)
j≠i

Nω

∑  (3) 

where the relative strength of the geometrical signals, 

jV


and ,i jB


, are weighted (λi,j, ω i,j). The terms in 
brackets represent the desired heading of a subject (θi) 
based on the explicit knowledge of a neighbor’s range, 
bearing and heading. These geometrical signals are prone 
to sensory error due to environmental noise, represented 
as a random direction ε with strength η.  Here we assume 
that the signals involved in collision avoidance are devoid 
of sensory error due to their immediate proximity to the 
subject.  
 
 Changing the weight of either geometrical signal (λ, 
ω) alters a group’s physical structure (e.g., liquid, gas, 
crystal; Gregoire et al., 2003); an approach that yields 
general, system level understanding, but fails to elucidate 
how individuals come to demonstrate such behavior.  In 
order to reflect a self-organizing process it is also 
important to limit the degree of information sharing 
between the group members, otherwise the members 
simply follow one global rule (Gregoire et al., 2003).  
This standard model for collective behavior therefore 
highlights two important questions: how do individuals 
vary the influence of their neighbors (λ, ω), and how do 
they determine which of those neighbors have pertinent 
information (Nω, Nλ)? 
 
2.2  Optical model 

 
As an animal moves through its environment, its 

motion, and those of the objects around it, together 
generate a collage of shifting images on its retinal surface. 
These movement patterns within the optic flow in turn 
provide the information necessary for guidance navigation 
(Boeddeker et al., 2005). Movement information within 
the optic flow is not explicitly represented by the 
photoreceptors, but must be processed by the nervous 

system based on the spatio-temporal dynamics of the 
retinal images (Borst, 2007). Here, we incorporate spatial 
principles of visual motion detection within the 
geometrical framework of the s.p.p. model.  We first 
discuss image formation and then proceed to categorize 
visual information based upon the spatial dynamics of an 
image’s movements.  We hypothesize that the symmetry 
in an image’s motion reflects the quality of the 
information, which, in turn, reflects the behavior elicited 
by a given stimulus (i.e., repulsion, attraction, alignment).  
The quality of a motion signal is inversely related to the 
degree of redundancy in its spatial information. 

 
2.2.1 Image formation 
  

In our optical model individuals are treated as point 
sources of light, i.e., each emitting light equally in all 
directions.  Neighbors found within a subject’s field of 
view are projected onto its retina using the same bearing 
and velocity vector information as in the standard model 
(Eq. 3).  The retina is represented as a single dimension 
aligned with the subject’s heading. As a neighbor 
approaches a subject, that neighbor’s projected retinal 
image expands at a geometrical rate (Rind and Simmons 
1999), which we express: 

  ,j i jc dΩ =  (4) 

where Ωj is the looming angle measured in degrees of arc, 
c is a constant and di,j is the physical distance between the 
subject i and  neighbor j.   
 

Image formation requires that the retinal image cover 
a threshold number of cells (Lythgoe, 1979) and so we 
define neighbors as being visible once their projected 
image exceeds a minimum size: 

 
Ω j ≥ ΩMin . Visible 

images are then sorted from largest (i.e., nearest) to 
smallest (farthest).  For practicality, image occlusion 
begins once 

  
Ω j > ARC

j≠i
∑ , where ARC is the 

individual’s angular field of view extending to either side 
of a subject’s heading,   V



i . 
 
Repulsion supersedes attraction and alignment and is 

triggered when an image exceeds a maximum angular 
size, 

 
Ω j > ΩMax , at which point the subject is repelled by 

that image ( j ∈N R ; Eq. 2). Visible images below the 
repulsive threshold are then weighted according to their 
size and the symmetry of their retinal movement. 
 
2.2.2  Motion signals 
 

Motion within the optic flow has two components: 
symmetrical expanding/contracting motion (e.g., looming 
stimuli) and asymmetrical motion (e.g., translational flow; 
Collett, 2002). Symmetrical information is produced by 
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the component of motion along the bearing to an object. 
As a retinal image expands symmetrically it 
simultaneously stimulates an increasing number of light 
sensitive cells found within a ganglion’s receptive field. 
Yet, despite the increase in neural activity, the 
information across the image field is redundant, so that 
the amount of novel, or pertinent, information concerning 
an object’s bearing, ,i jB


, does not increase.   

 
To address this problem of signal redundancy, 

Tsukamoto et al. (1990) concluded that information 
within a ganglion’s receptive field is encoded by 
comparing the degree of spatial correlation within the 
center of a ganglion’s receptive field to that found in the 
surrounding area. Differences between the spatial 
correlations found within these region serves to amplify 
the novel components of the spatial information and 
reduce the influence of redundant information.  

 
Based on the above reasoning we hypothesize the 

following series of relationships.  A newly visible image 
(Ω j ) will stimulate only a restricted region within the 
center of a ganglion’s receptive field, at which point the 
degree of spatial correlation across the entire field will be 
closest to its lowest value.  As the image expands 
symmetrically across the field, the degree of spatial 
correlation within the field increases asymptotically until 
the image covers the entire receptive field and all spatial 
signals are equivalent.  The difference in the spatial 
correlations between the originally stimulated field center 
and the surround decays as the image spreads, in which 
case the quality of the symmetrical signal can be 
expressed as: 

 1
j

j

=
Ω

ω  (5) 

Substituting Eq (4) into Eq. (5) translates a symmetrical 
signal’s quality in terms of the object’s actual range from 
the subject: 

 ,j i jd=ω  (6) 

Asymmetrical movement of a retinal image causes a 
turnover in spatial information without any increase in 
redundant spatial information. The sensitivity of a 
ganglion to asymmetrical stimulation is based on the 
number of new cells stimulated per sampling period, 
which is a function of the speed of the retinal image’s 
edge. As an object’s perceived speed decays with 
distance, the quality of the information is a function of the 
object’s actual speed ρ and its range:  

 ,j j i jd=λ ρ  (7) 

 Although an object’s range scales its apparent 
motion, the relative strength of either motion signals also 
depends on the subject’s perspective (Collett, 2002). 

Perspective is the angular difference in the subject’s 
heading and the signal’s bearing: 

 
   
α i, j =  V



i , B


i, j( )  (8) 

Symmetrical stimuli peak in their relative influence with 
motion along the line of sight (

   
α i, j = 0 ) and decay as the 

cosine of 
  
α i, j .  In opposition to this, translational stimuli 

peaks in strength when 
   
α i, j = 90 and decay as the sine of 

the angle (Collett, 2002).  Thus, adjusting for the angular 
dependence of image perception, Eq. (6) and Eq. (7) 
become: 

 , ,cos( )j i j i jd=ω α  (9) 

 , ,sin( )j i j j i jd=λ α ρ  (10) 

The above process is repeated for all visible stimuli 
within each subject’s optic flow and dictates signal 
quality. 
 
2.2.3  Signal detection 

 
Weber's law states that an organism will respond to a 

just noticeable difference in signal intensity relative to a 
background level of stimulation (Rapoport, 1983). Here 
we adopt a modified version of this relationship by 
normalizing the magnitude of each signal, ωj and λj, by 
the instantaneous background level of stimulation defined 
as the mean value across all pooled retinal images. Those 
normalized signals that exceed detection thresholds (kλ, 
kω) ‘pop-out’ from the background to convey bearing 
and/or heading information, thereby identifying the set of 
influential neighbors (Nλ, Nω).  Otherwise, signals that fall 
below their designated threshold are ignored. 

 
To summarize, the geometrical properties of a 

neighbor’s behavior ( ,, i jjV B
 

) are expressed by the 
motion of it’s retinal projection; a perception that is 
scaled by the distance and angle of the object. The 
number of images that can be processed is first limited by 
occlusion and then by comparing their normalized values 
to a threshold. Signals that do not elicit a repulsive 
maneuver (Eq. 2) and exceed the background threshold, 
will influence a subject’s motion (Eq. 3).  The process is 
repeated across the population and all individual positions 
are updated synchronously using Eq. (1). 

 
2.3  Analysis 
   
 We first determined how varying the sensory 
thresholds impacted the degree of order, cohesion, and 
connectivity within the optical model. Order represents  
the degree of angular equivalence across all headings, 
cohesion was measured as the average nearest neighbor 
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distance (NND), and connectivity reflects the average 
number of influential neighbors within a randomly 
selected subject’s interaction network over time (Π). We 
then tested the ability of individuals to adapt to behavioral 
anomalies from members outside their immediate network 
of influential neighbors. Finally, we explored the effect of 
neighbor influence and the degree of connectivity on the 
group’s communication resilience in the face of 
increasing environmental noise (e.g., turbulence). 
 
 

3. RESULTS 
 
3.1  Model Dynamics 

 
Under behaviorally homogenous conditions (i.e., 

constant speed) the optical model retained several of the 
physical phases expressed by the standard model.  Groups 
displayed a sharp transition between states of fusion and 
fission (Fig. 1a) and cohesive groups varied between 
ordered/disordered formations (Fig. 1b). Cohesive, highly 
ordered motion generally relied on individual’s taking a 
mean field approach to translational stimuli, which 
entailed a large number of influential neighbors 
(  k

ω ≥ 1.5 ;  0.0 ≤ k λ ≤ 0.7 ; :1.3 2.8NND → ;φ: 0.8 1.0→ ; 
Π: 13.2→ 45.8 ). However, a narrow range did emerge 
along the base of the density tower (Fig. 1a) where 
increasing the asymmetrical motion threshold resulted in 
organized, cohesive motion based on smaller interaction 
networks (  k

ω ≥ 1.6 ;   1.1≤ k λ ≤ 1.4 ; NND:  1.7 → 5.2 ; φ: 
 0.7 → 1.0 ; Π:  4.6→ 11.6 ). 

 
The size of an individual’s interaction network (Π) 

was positively correlated with the group’s degree of 
sparseness (increasing NND; Spearman’s r = 0.82, P < 
0.001), which was primarily due to occlusion. Yet, 
although the number of occluded images was negatively 
correlated with group sparseness (increasing NND; 
Spearman’s r = −0.86, P < 0.001) the decision filter 
further reduced the size of the individual’s interaction 
network within this optically defined locality (Table 1). 

 
Table 1.  The effect of the threshold filter on group 

order (φ), cohesion (NND), and the number of influential 
neighbors (Π).  All differences were significant at P < 
0.001 using a wilcoxon rank–sum test. Simulation 
parameters: N = 50, kω =2.0, kλ =1.1, remaining parameter 
values are the same as in Fig 1. 

 
 Filter On Filter Off 
φ 0.89 ± 0.18 0.19 ± 0.02 
NND 1.6 ± 0.25 1.1 ± 0.0 
Π 8.0 ± 2.2 15.9 ± 1.3 

 
 

3.2  Network Adaptability 
 
In the case of an attack on the group, any sudden 

change in a potential signaler’s range to a subject would 
be predicated by a sudden shift in its behavior. Individuals 
using smaller interaction networks (Fig. 1) would have a 
lower probability of being directly ‘connected’ to that 
signaler. To address how well individuals could adapt to 
such sudden changes in their optic flow we used a fixed 
network test (Pimentel et al. 2008).  

 
Fixing individual positions isolates any responses to 

behavioral shifts (excludes range effects) and reduces the 
degrees of freedom in the communication channels, i.e., 
repulsive and attractive signals are omitted. A small group 
of 25 individuals were initialized with identical headings 
and a receiver with a small number of interactions 
( Π = 5− 6 ) was positioned in the upper right hand corner 
of the lattice (Fig. 2). Members of the group interacted 
with their set of influential neighbors and exchanged only 
heading information. After 10 iterations, a signaler was 
chosen at random from outside the receiver’s interaction 
network, yet within its detection range, and altered its 
behavior by turning 90° and increasing its speed. 
 

Our perception rules assume that each individual has 
a fixed gaze and is not continually scanning their 
surroundings using rapid eye, or head motions. The 
influence of such saccades would reduce the angular 
component of motion perception. We therefore 
investigated groups whose perception of their surrounding 
neighbors was based either on a fixed or flexible gaze.  
Fixed gaze weighs signal perception using Eq. (9 &10), 
while a flexible gaze weighs perception by Eq. (6 & 7). 

 
The probability of explicitly detecting a signal from 

outside a subject’s interaction network, yet still within 
detection range, increased asymptotically with signal 
strength and was limited by the influence of signal 
bearing (Fig 3). Small changes in speed showed a reduced 
probability of explicit detection of the signal.  Such a 
difference is favorable, as individual speeds are expected 
to vary slightly within a group and moderate shifts in 
movement behavior within the optic flow have a greater 
chance of being ignored. 

 
 Additionally, detection of the signaler occurred 

immediately after the jump in signaler speed and was 
quickly lost (Fig. 2). As the signaler’s immediate 
neighbors adapted to its change in behavior, their own 
responses subsequently served to mask the signal source, 
as the background signal level increased and the 
receiver’s interaction network fell back down to its 
nominal size. 
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(a) 

 
 
(b) 

 
Fig. 1. Group cohesion (a; NND) and order (b) based on 
changes in symmetrical (kω) and asymmetrical (kλ) 
threshold values. Order is the degree of dispersion in 
angular headings (V); varying from disorder (φ = 0) to 
order (φ = 1). Color represents the average size of an 
individual’s interaction network, which varied from 1 to 
45. Model parameters: N = 50; ΩMin = 0.2°, ΩMax = 45°; ρ 
= 2 L⋅s-1, ARC ±165°. Decisional error has a strength of η 
= 1, and δ is drawn randomly from a wrapped normal 
distribution with a standard error of 5°.  Simulations 
lasted 2,000 time steps and statistics were calculated 
using the last 500 time increments. Each node of the 
surface represents the mean of 10 replicates. 

 
 

 
 

Fig 2. Network adaptability to novel stimuli. The network 
of influential neighbors for a ‘receiver’ (green) are 
displayed in white and decay in strength with distance 
from the subject until they become ‘invisible’ (blue) and 
fade into the background. Individuals begin with an 
agreed upon direction (0°). At time step τ = 10 the 
signaler’s alters its behavior (red) causing it to ‘pop-out’ 
from the background.  Within a brief period of time, the 
once novel behavior has spread and becomes the new 
background level of stimulation, after which the 
receiver’s network returns to its original size. Parameters: 
kλ  = 1.2, kω = 1.4, Ω = 70°, ARC = ±180°, and angular 
perception is off. 
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Fig. 3. Probability of detecting novel stimuli within a 
subject’s optic flow as a function of signaler speed (L⋅s-1). 
All group members were visible to the receiver, but the 
receiver’s interactions were predominantly limited to the 
5-6 nearest neighbors (i.e., 75-80% of the group’s 
movements are generally ignored). A fixed gaze (green 
points) limited maximum probability of detecting a novel 
stimulus, as compared to a flexible one (red points). A 
fixed topology would never explicitly incorporate 
influential members into its interaction network based on 
changes in their behavior (grey circles).  Parameters for 
the optical model: kω = 2.1, kλ = 1.2, ΩMax = 45°. We 
conducted 50 replicates at each speed to estimate the 
probability that the receiver explicitly detected the 
signaler’s behavior. 
 
3.3  Resiliency 
 

Using the fixed network approach, we tested the 
resiliency of groups with small and large interaction 
networks (Π).  Resiliency tests how well communication 
within the group is maintained under increasing levels of 
environmentally induced error (e.g., turbulence). 
Specifically, we were interested in discovering if the 
weighting rules (i.e., 

  
ω j ≠ ω j+1 ≠ ω Nω ,  λ j ≠ λ j+1 ≠ λN λ ) 

reduced the resiliency of the group, as compared to a 
more strongly interconnected network where all signals 
were treated equally, which is the situation in the standard 
model (

  
ω j = ω j+1 = ω

Nω ,  λ j = λ j+1 = λ
N λ ). We used the 

standard model as our null model and set each 
individual’s interaction topology based on the number of 
connections recorded in the optical model using both 
large and small Π. 

 
Scaling neighbor influence according to our optical 

rules did not reduce the system’s resiliency to sensory 

error with respect to the null model’s performance. Both 
the weighted (optical) and equivalent (null) interaction 
rules displayed high resilience to moderate levels of 
sensory error (Fig. 4). Each combination (model x Π) 
demonstrated a continuous decline in resiliency as noise 
levels increased, with the exception of the highly 
connected null model.  Interestingly, the ‘small-world’ 
optical model displayed an improvement in group-level 
resilience over the larger interaction network; a pattern 
that was reversed in the null model. 

 

 
 
Fig 4. Collective resilience of arrayal information to 
increasing levels of sensory error within groups of small 
and large interaction networks. All points represent the 
mean of 10 replicates and their standard deviation; error 
bars are often smaller than symbol size. Parameters: Both 
optical models share: N = 100,   ρ = 2 L ⋅ s−1 , ARC ± 165 
with a flexible gaze. Optical models: Π = 65, kλ = 1.2, kω 
= 2.1; Π = 7, kλ = 0.2,  kω = 2.6; remaining parameters 
were the same as in Fig. 4; Null model: Nr = 1, No = 50. 
All interactions occurred on a fixed lattice and only 
headings changed over time.  Sensory error was added to 
each detected signal. 

 
 

CONCLUSIONS 
 

The focus of our research is to develop simple, 
biologically inspired algorithms to effectively incorporate 
neural processing concepts into the traffic rules governing 
collective animal motion. Groups of individuals must be 
able to interact efficiently and adapt to novel stimuli in 
their environment in order to respond collectively. 
Individuals using a dynamic interaction network can vary 
their interactions based on environmental conditions (e.g., 
group sparseness, turbulence) as well as neighbor 
behavior. Focusing on vision enables us to draw on both 
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biology and engineering to integrate the image patterns 
generated on a sensor (e.g., an electronic eye) with rapid 
signal processing and decision-making. Additionally, by 
maintaining simple geometrical assumptions (symmetrical 
vs. asymmetrical stimulation), it will be possible to 
perform tractable hypothesis testing of our assumptions in 
a laboratory environment using model organisms and 
droids. 
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