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Collision-avoidance: nature’s many
solutions
Gilles Laurent and Fabrizio Gabbiani
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How does the brain sense looming danger? A new study shows that specialized visual
neurons in pigeons carry out several different computations in parallel to analyze signals
from approaching objects such as predators.
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Fig. 2. To classify neurons into different groups, Sun and Frost1 compared the instantaneous firing rate (PSTHs) of their recorded neurons with different functions of time such as θ(t), ρ(t), and η(t) (in a1,
b1 and c1, respectively) for different values of d/v (d1/v1 = 0.02 s,
d2/v2 = 0.1 s, d3/v3 = 0.2 s in a-c). Each function also predicts specific
relations between the stimulus and the PSTH. (a) If the relationship
follows θ(t), the time at which a given angular threshold is crossed
(a1) should be linearly related to d/v (a2). (b) If the relationship follows ρ(t), the time at which a given angular velocity threshold is
crossed (b1) should be linearly related to (d/v)1/2 (b2). (c) If the relationship follows η(t), the time of the peak in the PSTH (c1) should
be linearly related to d/v (c2). Sun and Frost’ s results1 indicate the
presence of two classes corresponding to (b) and (c) but none to (a).
In addition, a third class has a constant firing threshold, consistent
with a τ computation.

and slows down the increase in firing
rate. Another advantage is that, at a critical time preceding collision, η(t) reaches a peak. This peak occurs when (and
thus signals that) the object subtends a
particular angle, given by 2tg -1 (2/α),
constant for a given neuron. There are
two problems associated with η, however. First, to know that this angle has
been reached, downstream circuits need
to detect a peak firing rate. This is not
trivial, and because peak detection
requires comparing successive values,
this operation requires time, when time
is in short supply. Second, the peak signals an angle, not an actual size; it thus
confounds a large object that is farther
away with a small object that is near.
Less time would therefore be available
for escape from a small and rapidly
approaching object than from a large,
slow moving one.
Here also, there is a potential solution. It consists of calculating yet another variable, the time-to-contact τ(t) or
its inverse (Fig. 1c). Tau is relatively easy
to compute when θ(t) is small and when
the approach velocity is constant:
τ ≈ θ(t)/θ’(t). This measure, introduced
by Gibson3 and studied behaviorally in
diving birds by Lee and Reddish 4, has
the advantage that it is independent of
the object size or approach velocity. Tau
or 1/τ(t) gives a running value of the
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time before collision. By setting an
appropriate threshold, it becomes possible to trigger a motor reaction at a
constant delay prior to the anticipated
collision. The downsides of the τ computation are that it provides no information about object size or velocity and
that the mathematical approximation
τ ≈ θ/θ’ is not valid when θ is large.
Remarkably, each of these three potnetial solutions is reflected in the properties of neurons in nucleus rotundus of
pigeons 1 , an area homologous to the
mammalian inferior caudal pulvinar5—
a thalamic nucleus with visual inputs
from the superior colliculus and which
projects to occipital, parietal and temporal cortices. Sun and Frost1 identified
three groups of neurons that respond to
approaching objects on a collision
course by comparing the dynamics of
their firing rates with kinematic functions such as θ(t), ρ(t) or η(t) for different object sizes and approach
velocities. (See Fig. 2 for a summary of
their methods.) One group of neurons
shows firing profiles that are best
described by a ρ computation. A second
group shows peaked firing profiles, best
fitted by a η computation. This is particularly interesting to us because the η
algorithm was first derived2 to describe
the responses of DCMD, a looming-sensitive neuron in locusts6–8. To find such
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a remarkably similar solution in such
distant species (which interestingly have
similar predators) supports the idea that
similar problems engender similar computational solutions. Finally, Sun and
Frost describe a third group of neurons
whose onset of activity during approach
is independent of object size or velocity, suggesting a τ-style computation.
The existence of this last class of neurons was previously reported by Frost’s
group9. The properties of these neurons
were confirmed in this report and analyzed further, allowing their clear distinction from the other two neuronal
and computational clusters.
Why are these results important?
First, they focus on the dynamics of neuronal responses—rather than mean
responses—as relevant neuronal signals.
An early attempt at this was made by
Rind and Simmons 8 in their study of
locust DCMD responses. Second, the
results indicate that the brain reconstructs object approach using several parallel (and possibly serial) computations.
Each one provides a different piece of
information about the state of the environment, and the animal thus presumably makes an informed decision on the
basis of these different inputs. But how?
It will be interesting to study how downstream circuits interpret these parallel
messages, so as to make the best motor
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decision (for example, “duck, but not too
early, so as to prevent course correction
by predator”). Does one signal dominate
the others (see ref. 9)? If so, under what
circumstances? Or does some combination of these signals guide behavioral
responses? It will also be fascinating to
study the cellular mechanisms by which
these different computations are carried
out. Do the ρ neurons for example, provide inputs to the τ and η neurons,
allowing size and velocity signals to be
combined? If so, how are these opera-

tions implemented biophysically? If the
τ neurons really fire when the variable τ
crosses a given threshold, how is this
threshold set and held constant? These
are some of the many interesting questions that remain to be answered, but
Barrie Frost and colleagues are getting us
closer to this target.
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Neurogenic control of the
cerebral microcirculation: is
dopamine minding the store?

rons cannot account in full for the rapidity and spatial definition of the increases in cerebral blood flow produced by
neural activity. It was therefore proposed
that selected neurons project to cerebral
blood vessels and regulate cerebral blood
flow by influencing vascular diameter
directly. Although it is well known that
cerebral blood vessels are closely associated with neural processes, there has
been a long-standing controversy as to
whether this proposal is correct because
clear morphological and functional evidence linking central neural processes to
contractile elements of the cerebral vessel wall was lacking2.
Now Krimer and colleagues provide
new evidence supporting a direct role of
central vascular terminals in the dynamic regulation of the cerebral microcirculation. Using immunocytochemical
techniques to visualize dopaminergic terminals both at the light and electron
microscopic level, they demonstrate that
processes from central dopaminergic neurons terminate in close contact with penetrating arterioles and cerebral capillaries
in the cerebral cortex. The density of the
dopaminergic vascular innervation varies
regionally, being greatest in dopaminerich regions of the frontal, sensorimotor
and entorhinal cortices. The dopaminergic processes terminate either directly on
the vascular basal lamina or on perivascular astrocytic end-feet. In arterioles, the
terminals are located on penetrating arterioles, which are important in the distribution of cerebral blood flow. At the
capillary level, the terminals are almost
invariably located in close proximity to
pericytes, which are contractile cells
embedded in the microvascular basal lamina. Krimer and colleagues also show that
microapplication of dopamine in the
vicinity of cerebral microvessels by iontophoresis, produces vasoconstriction in
approximately 50% of the microvessels

Costantino Iadecola
Cerebral blood flow is highly regulated by neural activity.
New anatomical and functional evidence suggests that
dopamine neurons may play a key role in this process.
It has long been known that cerebral
blood vessels receive abundant projections from central and peripheral neurons, but the functional significance of
this innervation has remained elusive.
A new study by Krimer and colleagues
on pages 286–289 of this issue of Nature
Neuroscience provides evidence that central dopaminergic neurons are uniquely
positioned to control the cerebral
microcirculation and that they may participate in the regulation of cerebral
blood flow by neural activity.
The ability to map changes in cerebral blood flow produced by neural
activity using functional imaging has
proven to be one of the most powerful
tools for localization of function in the
behaving human brain1. Yet the fundamental mechanisms linking neural
activity to cerebral blood flow are not
fully understood. The brain, perhaps
more than any other organ of the body,
has the intrinsic ability to regulate its
own blood flow with a high degree of
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Department of Neurology, University of
Minnesota, Box 295 UMHC, 420 Delaware
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spatial and temporal precision 2 . The
amount of flow that each brain region
receives is directly related to the functional activity of that region. Thus, if the
neural activity increases, for example in
specific areas of the cerebral cortex during somatosensory or visual stimuli,
cerebral blood flow to the activated
regions also increases. Cerebral arteries
travel on the surface of the brain (pial
arteries) and then enter the brain
parenchyma (penetrating arterioles),
giving rise to smaller arterioles and capillaries, which supply the tissue with
nutrients and remove waste. Cerebral
blood vessels have the ability to contract
and relax in response to a wide variety
of stimuli, thereby decreasing or
increasing flow to the different areas of
the brain.
The mechanisms of this activitydependent regulation of blood flow have
been investigated for many decades. A
widely accepted hypothesis, articulated
by Roy and Sherrington in 1890, is that
working neurons release vasoactive
agents in the extracellular space, which
reach blood vessels by diffusion and produce relaxation of vascular smooth muscles3. However, diffusion of vasoactive
metabolites, such as nitric oxide, K+ and
H+ ions and adenosine from active neu-
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