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Neural Network Detection of Shockwaves

Carl Berdahl¤

U.S. Air Force Research Laboratory, Wright–Patterson Air Force Base, Ohio 45433

Contemporary neural networks simulate the operation of brain subsystems with substantially higher � delity
than was possible a few years ago. These improvements offer new opportunities to use the cognitive competence
of neural networks in � uid mechanics. One such opportunity is developed by taking concepts from their origin in
neuroscience through a neural network to the � uid mechanics. The discussion focuses on one brain subsystem (the
“What” pathway of the visual system), adaptsan existing neural network model of the visual system (the boundary
contour system/feature contour system), and shows how a � ow� eld scalar can excite a pattern of simulated neural
activity. The neural network uses three types of shunting neurons found in the retina, lateral geniculate nucleus,
and cortical area V1. When shown the density � eld of a supersonic channel � ow, certain neurons in the neural
network become active when a shock passes nearby. These active neurons provide a pattern of neural activity
that could feed into higher-level What pathway neural networks to make more sophisticated inferences about
structures present in a � ow. The challenges posed by embedding the current neural network in these higher-level
brain structures suggest a promising research agenda.

Introduction

I N recent decades there has been a rapid expansionof our knowl-
edge of the mammalian visual system.1 It is now known that the

brain visually identi� es objects through the “What” pathway.2 This
pathway begins at the retina, � ows to the back of the brain, and then
� ows downward and forward toward the tip of the temporal lobe
(Fig. 1).

Neurons in the What pathway represent more complex features
as the visual information � ows back through the pathway. A neuron
in the retina will � re when a small spot of light falls very close
to it.3 A type of neuron at the back of the brain (cortical area V1)
will � re when a small line segment appears in the visual � eld at
a certain location and orientation.4;5 Near the end of the pathway
[inferotemporal cortex (IT)], some neurons � re when the visual
system views a face.6¡8

The What pathwayachievesthis featureextractionthrougha kind
of mapping from one two-dimensionalspace to the next,where each
two-dimensional space is a sheet of neural tissue. For example, the
retina forms the � rst two-dimensional space in the system.

If one were to unfold the What pathway’s U shape, the result-
ing structure would look, to a � rst approximation, something like
a patchwork quilt with a series of squares of tissue laid end to end
(Fig. 2). The lateral geniculate nucleus (LGN), a subcortical struc-
ture, is also shown. This mapping resembles a point-to-point map-
ping, but the mapping from one sheet to the next actuallyhas a small
lateral spread due to the axonal arbor at the end of a neuron’s axon.
Consequently, in V1 (an early stage of the visual system), there ex-
ists a tight spatial correspondencebetween an image on the retina
and the neural activity across V1. If an animal viewed a circle on
a computer monitor, a special camera looking at the neural activity
across cortical area V1 would see approximately the same circle.
However, if the same camera looked at cortical area IT (a later stage
of the visual system), the camera would see many isolated islands
of activity.One could think of each island as one axis in an N space
such that the position in this N space codes for the object’s iden-
tity. This process is sometimes called sparse coding or population
coding.9;10
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The preceding account of the feedforward � ow of information
through the What pathway provides a rough description of the sys-
tem; additionalwiring exists. As Fig. 2 indicates, some information
� ows backward through the system (feedback pathway). This feed-
back pathway appears to play an important role in disambiguating
incomplete or noisy neural activity in lower level cortex to build
a coherent percept.11;12 Some information also � ows laterally be-
tween the What pathway and other pathways in the brain. For the
current model’s needs, though, the feedforward pathway provides
suf� cient detection power to see shocks.

Computational vision models have duplicated many important
aspects of the What pathway. One such model, the boundary con-
tour system/feature contour system (BCS/FCS)13 contains a neural
network model of retinal ganglion cells that respond to spots of
light. Other neural network modules within BCS/FCS respond to
more complicated shapes such as line segments and T intersections
of lines.

Although at � rst glance it seems unlikely that the feature detec-
tion capabilities of a computationalvision model would connect in
any meaningful way with � uid mechanics, it turns out that one can
connect the disciplines by means of the following analogy. The il-
lumination jump across an edge in a scene is like the density jump
acrossa shock in a supersonic� ow. Both are step discontinuitiesof a
scalar.The discussionthat followsexploresthis analogyby studying
a computational vision model’s response when shown the density
� eld of a supersonicchannel� ow. The currentmodel emulates some
of the behaviorseen in neuronsof the retina, LGN, and cortical area
V1. Much of the computational vision model developed in this pa-
per is adapted from the BCS/FCS model.13 Many concepts used
in the BCS/FCS model also appear in the laminar Adaptive Reso-
nance Theory (ART) model,14 a successor model that implements
additional wiring found in cortical areas V1 and V2.

On-Center, Off-Surround Neurons
Construction of the computational vision model begins by de-

scribing the behavior of a real on-center, off-surroundneuron. This
neuron, found primarily in the retina and the LGN, is a kind of
workhorseneuron that � res a volley of action potentials in response
to a spot of light that falls in the center of its circular receptive
� eld3 (middle line of Fig. 3). A vertical hashmark denotes an action
potential � red by the neuron.

The neuron receives both excitatory input and inhibitory input.
Both inputs drive the neuron in a push–pull fashion. Another way
of thinking of this is to imagine the acceleratorpedal and the brake
pedal on a car. Excitatory input presses down on the accelerator
pedal, making the neuron � re faster. Inhibitory input presses the
brake pedal, slowing the neuron’s � ring rate. If one pushes down
simultaneously on the accelerator pedal and the brake pedal, the
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Fig. 1 What pathway.

Fig. 2 What pathway mapping.

neuron may settle down at some intermediate � ring rate or perhaps
not � re at all.

The bottom line of Fig. 3 shows this excitatory– inhibitory bal-
ance. In this case, the spot of light has expanded to � ll the entire
receptive � eld. Light shining on the off-surround annulus inhibits
the neuron such that the inhibitioncancels out the excitation,and so
the neuron does not � re.

A biological neural network appears to use this excitatory–

inhibitorybalance as a way to rescale its input so that it will remain
responsive even though the overall intensity of illumination may
vary over several orders of magnitude. Said another way, this bal-
ance gives a neurona way to see ratiosof illuminationrather than the
overall illuminationper se. For example, one edge with 2 lux on the
bright side and 1 lux on the dim side would elicit a similar response
from a neuron as would an edge with 20 lux on the bright side and
10 lux on the dim side.This similar responseoccurseven though the
differencesof illuminationacross the two edges varies from 1 lux to
10 lux.

Fig. 3 On-center, off-surround neuron’s behavior.

Construction of an On-Center,
Off-Surround Neuron Model

Figure 4 shows a schematic of an on-center,off-surroundneuron.
The neuron receives light (illumination) through photoreceptors.
The function I describes the illumination pro� le. The photorecep-
tors have a higher packing density when the neuron views the light
straight on. Only a few photoreceptors report light coming in from
the far left and right. The tall, slenderGaussian C in Fig. 5 indicates
the packing density.

A Gaussian function [Eq. (1)] expresses the packing density of
the C curve (Fig. 5) (also known as a light sensitivity function
or an excitatory kernel). The parameters ® and ¹ are constants.
The variable r denotes a radius or distance from the center of the
Gaussian:

C D ®e¡¹r2
(1)

A convolutionintegraldescribeshow theneurongathers light falling
on the photoreceptors:
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Z C1

¡1
C.r/I .r/ dr (2)

Relation (2) describes the total excitatory input that the neuron
receives.However,as discussedearlier,realneuronsreceivenotonly
excitation but also inhibition. The inhibition typically comes from
a neuron’s neighbors (Fig. 6). The inhibitory in� uence that these
neurons have on the current neuron also looks like a Gaussian.This
inhibitoryGaussianor kernel (the short, broad E curve in Fig. 5) has
a broader lateral spread than the excitatory kernel. The following
relation shows how the illumination convolves with the inhibitory
kernel E to sum the entire inhibitory input to the neuron:

Z C1

¡1
E.r/I .r / dr (3)

The excitatoryconvolutionintegraland the inhibitoryconvolution
integral exert their in� uence on the neuron through a Grossbergian
shunting equation15:

Fig. 4 Neuron schematic.

Fig. 5 Overlaid excitatory and inhibitory kernels.

Fig. 6 Inhibitory interactions.

dxi

dt
D ¡Axi C .B ¡ xi /

Z

A

C.A/I .A/ dA

¡ .xi C D/

Z

A

E .A/I .A/ dA (4)

The variable xi is the i th neuron’s � ring rate. The right-hand
side of Eq. (4) contains three terms that control the rate of change
of neuronal � ring. These terms describe passive decay, excitatory
input, and inhibitory input, respectively.

The � rst term, ¡Axi , describes a passive decay. If the other two
termsare zero, then theneuron’s activitywill decayat an exponential
rate to zero.

The second term in Eq. (4),

.B ¡ xi /

Z

A

C .A/I .A/ dA

describes the excitatory input to the neuron. The convolution inte-
gral multiplies the expression .B ¡ xi /. This expression says that
excitatory input can push the neuron aggressively when the � ring
rate xi is small. However, when xi becomes large, perhaps almost
as large as B, then input can not excite the neuron much further
because .B ¡ xi / is small. This forces the neuron’s � ring rate to
stay below the shunting limit B, just as a real neuron has an upper
bound on how fast it can � re.

The third term in Eq. (4),

¡.xi C D/

Z

A

E.A/I .A/ dA

describes the inhibitory input to the neuron. The parameter D is a
hyperpolarization limit that serves a function similar to that of B
except that D forms a lower bound on the neuron’s � ring rate.

To gain some senseof relativeheightand breadthof the excitatory
and inhibitorykernels,Fig. 5 overlaysthekernels.Note thebroadlat-
eralspreadof theinhibitorykernelcomparedto theexcitatorykernel.

Simulated Behavior of an On-Center,
Off-Surround Neuron

It is useful to study how a computer-simulated on-center, off-
surround neuron responds to two simple illumination � elds. Under-
standinghow they respondin these situationswill aid in interpreting
the neural responses seen later when a � eld of such neurons views
the density � eld of a supersonic channel � ow.

A uniform illumination � eld offers a convenientplace to start. In
this case, I is constant.For a steady-statecondition,Eq. (4) reduces
to xi D const. This constant may be negative or positive depending
on the values chosen for B, D, and the other parameters.A neuron’s
response in this situation is something like looking at an all-white
television screen. Because illumination is everywhere the same, all
of the neurons respond at the same rate or, with a suitable choice
of parameters, do not respond at all. There are no features on the
screen to be seen.

When a step discontinuity in illumination appears, however, the
neurons begin to respond in a more sophisticated way. Figure 7

Fig. 7 Neural response to illumination step.
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shows the illumination� eld and one neuron’s response.The excita-
tory and inhibitory kernels appear near the neural response to give
a better indication as to why the neuron responds as it does.

As the neuron approachesthe illuminationstep from the left, both
the excitatory and inhibitory kernels see only a constant illumina-
tion. However, as the neuron moves farther to the right, the right
� ank of the inhibitory kernel begins to sense the illumination step.
Because the excitatory kernel is smaller and does not yet feel the
step, inhibitionbecomes somewhat strongerwhile the excitatory in-
put to the neuron does not change. The net effect is to inhibit the
neuron so that the neuron’s activity xi decreases.

With furthermovement to the right,however, theexcitatorykernel
beginsto feel the step.Excitationincreases,and the neuron’s activity
xi increases. This trend continues such that the neuron becomes
stronglyexcited.Eventually, the left portion of the inhibitorykernel
also feels the step, and neural activity decreases back to its baseline
level.

One other interesting property of this simulated neuron is that it
responds primarily to ratios of illumination rather than differences
of illumination.11 As alreadymentioned,real neuronshave a similar
property. In a � uid mechanics setting, this property would lead to
a similar response from a neuron that viewed the density � eld of a
� ow or the same density � eld normalizedby the freestreamdensity.

How a Neuron Sees the Fluid Density
in a Computational Fluid Dynamics Grid

Although the preceding discussionexplains how to build a com-
putational neuron, showing a neuron the density across a � ow� eld
requires solution of another problem. The density at discrete points
in the � ow� eld must map to the neuron’s excitatory and inhibitory
kernels. Figure 8 shows the geometry involved for a small section
of a computational � uid dynamics (CFD) grid.

The current work solves this mapping problem by curve � tting
the 10-term polynomial equation (5) to the local density � eld. The
variables x1 and x2 are independentvariables that describe a spatial
position. The variable x3 is the dependent variable, which here is
the � uid density ½ . The ci are constants. During the curve-� tting
procedure, the algorithm searches for all triangle centroids that fall
within the bounds of the kernel (de� ned here as the radial distance
where the Gaussian decreases to 1% of its peak height). The � uid
density values at these centroids provide the raw data for the curve
� tting:

x3 D c1 C c2x1 C c3x2
1 C c4x3

1 C c5x2 C c6x2
2 C c7x3

2 C c8x1x2

C c9x1x2
2 C c10x2

1 x2 (5)

Once the polynomial equation curve � ts the local density � eld, a
discrete version of the kernel provides a way to compute the con-
volution integral. The kernel has 32 sections. Radial distances of 0,
20, 50, 80, and 100% of the kernel’s boundary delimit the kernel’s
sections.

Fig. 8 Two-dimensional kernel superimposed on CFD grid.

The convolution integral in discrete form is relation (6). The
height of the kernel and the magnitude of the illumination are both
sampled at an area-weighted radius in each sector by inserting the
coordinates in Eqs. (1) and (5), respectively,

X

j

C j I j A j (6)

On-Center, Off-Surround Neural Response
to Supersonic Flow

With the preceding computational model of an on-center, off-
surroundneuron in hand, the next step was to show an array of these
neurons the density � eld of a supersonicchannel � ow (Fig. 9). Flow
entered the left side of the channel at Mach 1.9. An Euler CFD � ow
solver16 computed the � ow on an unstructured grid consisting of
4096 triangular cells.

Figure 9 has severalmajor � ow features.One obliqueshock prop-
agates upward and downstream from the bottom of the channel at
the beginningof the ramp. This oblique shock joins a normal shock
emanating from the top of the channel and a second oblique shock
that propagatesdownward and to the right. The expansion fan prop-
agates upward and downstream from the top of the ramp. The slip-
line originates at the shock–shock intersection. Density increases
discontinuously as the � ow decelerates through a shock. Density
decreases smoothly as the � ow accelerates through an expansion
fan. Density jumps discontinuouslyacross a slip line but is smeared
somewhat here due to numerical diffusion of the CFD � ow solver.

An array of on-center, off-surround neurons viewed the density
� eld of this � ow. This array compriseda kind of retina.The resulting
steady-state neural activity appears in Fig. 10. In Fig. 10, each of
the 3346 dots represents a neuron. Larger dots denote more active
neurons(large xi /. Neuronswith negative xi are thresholdedto zero.
The neurons see the shocks fairly well, but a close inspection of
Fig. 10 shows that the active neurons fall slightly downstream of
the shocks. This slight offset makes sense in light of the behavior
of the inhibitory and excitatory kernels relative to an illumination
step. Recall Fig. 7 and the neural activity peak set slightly to the
high side of the illumination step.

Fig. 9 Density � eld.

Fig. 10 On-center, off-surround neural activity � eld.
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Fig. 11 Off-center, on-surround neural activity � eld.

Another curious feature in Fig. 10 is the neural activity gap in
the most upstream shock, where it joins the other two shocks. This
gap may stem from the fact that the density jumps a large amount
acrossa normalshockbut substantiallyless acrossan obliqueshock.
Consequently,the relatively high density on the downstreamside of
the normal shock exerts a strong inhibitory effect on other neurons
in the area. This inhibitory effect may have shut down neurons in
the gap, where the small excitatorykernels could not bridge the gap.

Aside from detecting shocks, also note that a few neurons have
detected the base of the expansion fan. The density varies across
an expansion fan without the step discontinuity characteristic of a
shock. Nevertheless, the neurons detect the strong density gradient
at the base of the fan. The active neurons fall on the upstream side
of the expansion fan.

For coding convenience, no neurons appear around the perime-
ter of the � ow� eld. Placing neurons in this area requires special
handling with something like ghost cells outside the boundary of
the � ow� eld due to the necessity of searching for density values
throughout the entire area covered by the excitatory and inhibitory
kernels.

Off-Center, On-Surround Neural Response
to Supersonic Flow

As seen in the preceding section, on-center, off-surround neu-
rons become most active on the downstream side of a shock and
the upstream side of an expansion fan. Off-center, on-surroundneu-
rons behave in the opposite way. They become most active on the
upstream side of a shock and the downstream side of an expansion
fan. Figure 11 shows the activityof a � eld of off-center,on-surround
neurons that viewed the density � eld in the channel.As with the on-
center neurons, off-center neurons with negative xi are thresholded
to zero.

The following equation shows the shunting equation for the off-
center, on-surroundneuron:

dxi

dt
D ¡Axi C .B ¡ xi /

Z

A

E.A/I .A/ dA

¡ .xi C D/

Z

A

C.A/I .A/ dA (7)

The excitatory and inhibitory convolution integrals have simply
switched places from where they were in Eq. (4).

The new broad lateral spread of the excitatory kernel has closed
the gap at the shock intersection.This closure demonstrates how a
neuron’s receptive � eld size affects what a neuron sees.

On/Off-Neural Response to Supersonic Flow
The precedingsectionsshowed that on-centerand off-centerneu-

rons can detect shocks in a supersonic � ow. However, the active
neurons fall on either side of the shocks. To precisely locate the
shocks, a third � eld of neurons is required. These neurons (on/off
neurons) would ideally become active only if they sense both active
on-center neurons and active off-center neurons. These on/off neu-
rons somewhat resemble complex cells, a type of neuron found in

Fig. 12 On/off-neural activity � eld.

primary visual cortex (V1), in that this cortical area combines dif-
ferent typesof neural input in such a way that neuronsthere respond
to somewhat more complex shapes than simple spots of light.1

Construction of the on/off shunting equation (8) follows a form
similar to Eqs. (4) and (7). However, the input comes now not from
the density but from the on and off cell activity in a given neighbor-
hood:

dxi

dt
D ¡Axi C .B ¡ xi /

Z

A

CxON dA

Z

A

CxOFF dA

¡ .xi C D/

Z

A

E xON dA

Z

A

ExOFF dA (8)

Figure 12 shows a � eld of on/off neurons as they respond to the
neural activity in the on-centerand off-center � elds. On/off neurons
with negative xi are thresholded to zero. The on/off neurons center
the shocks. They also see the base of the expansion fan because of
the high-densitygradient there.They do not see the slip line because
numerical diffusion of the CFD � ow solver smears out the density
variation across the slip line.

The Appendix provides additional information on the computer
simulations.

CFD Grid Adaptation
Figure 12 suggestsan intriguingpossibility.Neural activitycould

� ag which CFD grid cells need further decomposition so as to re-
solve the shocks more precisely. Figure 8 indicates how this might
be done. The neuron in Fig. 8 appears as a black dot in the middle
of the kernel. If this neuron were an on/off neuron and were active,
an algorithm could simply search for the CFD grid cell (triangle)
whose centroid lay closest to this active neuron. Once identi� ed, a
variety of algorithms could decompose (chop up) the grid cell in a
suitable way for a CFD � ow solver. With smaller grid cells here,
the � ow solver could more precisely locate the shock after running
a few hundred more iterations on the new grid.

Neural activity could also guide a reduction in CFD grid density.
Inactive neurons over certain portions of the � ow� eld where the
density did not change signi� cantly could � ag these grid cells as
unnecessarilysmall. An algorithmcould combineseveral small grid
cells into one larger grid cell. The resulting reduction in number of
grid cells would free up computational resources for use elsewhere,
that is, resolving shocks.

Althoughother adaptivegrid algorithmsexist, the author believes
that the current work describes the � rst use of a computational vi-
sion neural network model that could guide grid adaptationto a � ow
feature. The ability of the current neural network to see the shocks
represents a low-level form of intelligence (simple feature detec-
tion) inspired by biological neural networks. The incorporation of
this form of intelligence sets the current approach apart from other
adaptive grid algorithms. Note that the intelligence in the current
neural network stems from its imitation of real biological neural
networks and differs fundamentally from the arti� cial intelligence
(AI) approaches that seek to reduce intelligence to a set of if– then
(rule-based) decisions.
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Future Work
A network of on-center, off-center, and on/off neurons forms a

convenient foundation for follow-on work that engages higher lev-
els of the visual system. As mentioned in the Introduction,neurons
in higher-level visual cortex respond to more complex shapes such
as faces and hands. Much as in the real visual system, a more so-
phisticated model could use the current network’s activity as input
to the higher levels. These higher levels could then, in turn, make
inferencesaboutwhat � ow featuresappearedin a scene. In this case,
instead of becomingactivewhen presentedwith a face, a population
of neurons would become active when presented with a vortex or
separation bubble, for example. Once recognized, the grid cells in
these areas could be re� ned to resolve the � ow more precisely.

Although the current work shows how neural network detection
of a � ow feature could aid CFD grid adaptation, it is plausible that a
neural network could � nd operational applications,as well. In prin-
ciple, if one had good real-time information about some scalar in a
supersonic channel � ow, a neural network could detect the presence
of certain � ow features, for example, shocks, and manipulate a con-
trol device such as a ramp, boundary-layer bleed, � uid injection,
and so forth to force the � ow into some desirable state. A motor
control neural network such as the vector associativemap (VAM)17

could perhaps use input from a sensory neural network to learn
autonomously how to manipulate a control device.

Extension of the network to handle a three-dimensional� ow pro-
vides a more near-term research goal. This would require a three-
dimensional retina, something that has no parallel in biology.How-
ever, no obvious impediment exists to extending the neural network
in this way. The kernels would simply sense density in three dimen-
sions instead of two dimensions.

Finally, the approach presented could conceivably � nd applica-
tion in other disciplines. For example, the � nite element decompo-
sition of a structure might use a neural network to identify stress
concentrations in the structure and, thereby, modify the decompo-
sition to better capture these stresses.

Conclusions
Advances in neural network modeling of brain subsystems offer

new opportunities to use brain modeling concepts in � uid mechan-
ics. This paper presents one example of how to develop such an op-
portunity by brie� y describing the brain’s What pathway, adapting
an existingneuralnetworkmodel of the early stagesof this pathway,
and showing this neural network the density � eld of a supersonic
channel � ow. Active neurons mark the location of shocks and even
detect a small portion of an expansion fan. Embedding the current
neural network in higher-levelportionsof the What pathway should
permit detectionof more complex � ow structures.Challengesposed
by engaging these higher-levelbrain structures suggest a promising
research agenda.

Appendix: Neural Network Parameters
The following provides additional information on the computer

simulations.
Equation (4) Parameters (on-cells):

A D 0:1; B D 1:265; D D 0:2

The Gaussian [relation (1)] for the excitatory convolution integral
[relation (2)] used the following parameters:

® D 2:0; ¯ D 50:0

The Gaussian [relation (1)] for the inhibitory convolution integral
[relation (3)] used the following parameters:

® D 12:649; ¯ D 5:0

Equation (7) parameters (off-cells):

A D 0:1; B D 0:03162; D D 0:2

The Gaussian [relation (1)] for the excitatory convolution integral
used the following parameters:

® D 12:649; ¯ D 5:0

The Gaussian [relation (1)] for the inhibitory convolution integral
used the following parameters:

® D 2:0; ¯ D 50:0

Equation (8) parameters (on/off cells):

A D 0:1; B D 1:5; D D 0:2

The Gaussian [relation (1)] for both excitatoryconvolutionintegrals
used the following parameters:

® D 50:0; ¯ D 10:0

The Gaussian [relation (1)] for both inhibitoryconvolutionintegrals
used the following parameters:

® D 50:0; ¯ D 5:0

For coding convenience, the computation of excitatory input to
the on/off cell activity did not use a discrete circular neighborhood,
but instead sampled a 5 £ 5 array of on-cell and off-cell activity
centered over a given on/off cell. The inhibitory input to a given
on/off cell sampled a 7 £ 7 array of on-cell and off-cell activity.
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