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The subject of � ow control, particularly reactive � ow control, is broadly introduced, leaving some of the details
to other papers in this special volume of the Journal of Aircraft. The ability to manipulate a � ow� eld actively
or passively to effect a desired change is of immense technological importance. In general, methods of control to
achieve transition delay, separation postponement, lift enhancement, drag reduction, turbulence augmentation,
and noise suppression are sought for both wall-bounded and free-shear � ows. An attempt is made to present a
uni� ed view of the means by which different methods of control achieve a variety of end results. The important
advances in the � eld of � ow control that took place during the past few years are discussed. Spurred by the recent
developments in chaos control, microfabrication and neural networks, reactive control of turbulent � ows is now
in the realm of the possible for future practical devices.

I. Introduction

T HE ability to manipulatea � ow� eld activelyor passively to ef-
fect a desired change is of immense technologicalimportance,

and this undoubtedlyaccounts for the subject being more hotly pur-
suedby scientistsandengineersthanany other topic in � uidmechan-
ics. The potentialbene� ts of realizingef� cient � ow-controlsystems
range from saving billions of dollars in annual fuel costs for land,
air, and sea vehicles to achievingeconomicallyand environmentally
more competitive industrial processes involving � uid � ows. Meth-
odsof controlto effect transitiondelay,separationpostponement,lift
enhancement, drag reduction, turbulence augmentation, and noise
suppression are considered. Prandtl1 pioneered the modern use of
� ow control in his epoch-makingpresentation to the Third Interna-
tional Congress of Mathematicians held at Heidelberg, Germany.
In just eight pages, Prandtl introduced the boundary-layer theory,
explained the mechanics of steady separation, opened the way for
understanding the motion of real � uids, and described several ex-
periments in which the boundary layer was controlled. He used
active control of the boundary layer to show the great in� uence
such control can exert on the � ow pattern. Speci� cally, Prandtl used
suction to delay boundary-layer separation from the surface of a
cylinder.

NotwithstandingPrandtl’s1 success,aircraftdesignersin the three
decades followinghis convincingdemonstrationwere accepting lift
anddrag of airfoilsas predestinedcharacteristicswith which no man
could or should tamper.2 This predicament changed mostly due to
the German research in boundary-layercontrol pursued vigorously
shortly before and during World War II. In the two decades follow-
ing the war, extensive research on laminar � ow control, where the
boundary layer formed along the external surfaces of an aircraft is
kept in the low-drag laminar state, was conductedin Europe and the
UnitedStates, culminatingin the successful� ight testprogramof the
X–21, where suctionwas used to delay transitionon a sweptwing up
to a chord Reynolds number of 4:7 £ 107 . The oil crisis of the early
1970s brought renewed interest in novel methods of � ow control to
reduce skin-friction drag even in turbulent boundary layers. In the
1990s, the need to reduce the emissions of greenhouse gases and to
constructsupermaneuverable� ghterplanes,faster/quieterunderwa-
ter vehicles, and hypersonictransport aircraft, for example, the U.S.
National Aerospace Plane, provides new challenges for researchers
in the � eld of � ow control.
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Flow control, particularly reactive � ow control, is broadly intro-
duced in this paper, leaving some of the details to other papers in
this volume, which will deal with specialized topics in � ow control.
Distributed � ow control can greatly bene� t from the availability of
inexpensive microsensors and microactuators, hence the relevance
of this topic to the present special issue of the Journal of Aircraft.
In reactive control of turbulent � ows, large arrays of minute sensors
and actuators form feedback or feedforward control loops whose
performance can be enhanced by employing optimized control al-
gorithms and soft computing tools, hence the inclusion of this topic
in the present paper.

Gad-el-Hak et al.3 and Gad-el-Hak4 provide an up-to-date over-
view of the subject of � ow control. In this paper, following a de-
scription of the unifying principles of � ow control, we focus on the
concept of targetedcontrol in which distributedarrays of microsen-
sors and microactuators,connected in open or closed control loops,
are used to target the coherent structures in turbulent � ows to effect
bene� cial � ow changes such as drag reduction, lift enhancement,
noise suppression,etc.

II. Unifying Principles
A particular control strategy is chosen based on the kind of � ow

and the control goal to be achieved. Flow control goals are strongly,
often adversely, interrelated,and there lies the challenge of making
the tough compromises. There are several different ways for classi-
fying control strategies to achieve a desired effect. Presence or lack
of walls, Reynolds and Mach numbers, and the characterof the � ow
instabilitiesare all importantconsiderationsfor the typeof controlto
be applied. All of these seemingly disparate issues are what places
the � eld of � ow control in a uni� ed framework. In the following
three subsections we will discuss the � rst three of those � ve issues.
The reader is referred to Ref. 4 for a discussion of the latter two.

A. Control Goals and Their Interrelation

What does the engineer want to achieve when attempting to ma-
nipulate a particular � ow� eld? Typically the aim is at reducing the
drag, at enhancing the lift, at augmenting the mixing of mass, mo-
mentum, or energy, at suppressing the � ow-induced noise, or at a
combination thereof. To achieve any of these useful end results, for
either free-shear or wall-bounded � ows, transition from laminar to
turbulent � ow may have to be either delayed or advanced, � ow sep-
aration may have to be either prevented or provoked, and � nally
turbulence levels may have to be either suppressed or enhanced.
All of those engineering goals and the corresponding� ow changes
intended to effect them are schematically shown in Fig. 1. None of
that is particularlydif� cult if taken in isolation, but the challenge is
in achieving a goal using a simple device, inexpensive to build as
well as to operate, and, most important, has minimum side effects.
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Fig. 1 Engineering goals and corresponding � ow changes.

Fig. 2 Interrelation between � ow control goals.

For this latter hurdle, the interrelation between control goals must
be elaborated, and this is what is attempted next.

Consider the technologicallyvery importantboundary layers. An
external wall-bounded � ow, such as that developing on the exterior
surfacesof an aircraftor a submarine,can be manipulatedto achieve
transitiondelay,separationpostponement,lift increase,skin-friction
and pressure drag reduction, turbulence augmentation, heat trans-
fer enhancement, or noise suppression. (Note that pressure drag
includes contributions from � ow separation, displacement effects,
induced drag, wave drag, and, for time-dependentmotion of a body
through a � uid, virtual mass.) These objectives are not necessarily
mutually exclusive. The schematic in Fig. 2 is a partial represen-
tation of the interrelation between one control goal and another.
To focus the discussion further, consider the � ow developing on a
lifting surface such as an aircraft wing. If the boundary layer be-
comes turbulent, its resistance to separation is enhanced and more
lift can be obtained at increased incidence. On the other hand, the
skin-friction drag for a laminar boundary layer can be as much as
an order of magnitude less than that for a turbulentone. If transition
is delayed, lower skin friction as well as lower � ow-induced noise
are achieved. However, the laminar boundary layer can only sup-

port very small adverse pressure gradient without separation and
subsequent loss of lift and increase in form drag occur. Once the
laminar boundary layer separates, a free-shear layer forms, and for
moderateReynoldsnumbers transitionto turbulencetakesplace. In-
creased entrainment of high-speed� uid due to the turbulent mixing
may result in reattachmentof the separated region and formation of
a laminar separationbubble. At higher incidence, the bubble breaks
down either separating completely or forming a longer bubble. In
either case, the form drag increases and the lift-curve’s slope de-
creases. The ultimate goal of all of this is to improve the airfoil’s
performance by increasing the lift-to-drag ratio. However, induced
drag is caused by the lift generated on a lifting surface with a � nite
span. Moreover,more lift is generatedat higher incidence,but form
drag also increases at these angles.

Potential con� icts arise as one tries to achieve a particular con-
trol goal only to affect adversely another goal. An ideal method of
control that is simple, inexpensive to build and operate, and does
not have any tradeoffsdoes not exist, and the skilled engineerhas to
make continuous compromises to achieve a particular design goal.

B. Classi� cation Schemes

There are different classi� cation schemes for � ow control meth-
ods. One is to consider whether the technique is applied at the wall
or away from it. Surface parameters that can in� uence the � ow in-
clude roughness, shape, curvature, rigid-wall motion, compliance,
temperature, and porosity. Heating and cooling of the surface can
in� uence the � ow via the resulting viscosity and density gradients.
Mass transfer can take place through a porous wall or a wall with
slots. Suction and injection of primary � uid can have signi� cant
effects on the � ow� eld, in� uencingparticularlythe shape of the ve-
locitypro� le near the wall and thus the boundarylayer susceptibility
to transition and separation. Different additives, such as polymers,
surfactants, microbubbles, droplets, particles, dust, or � bers, can
also be injected through the surface in water or air wall-bounded
� ows. Control devices located away from the surface can also be
bene� cial. Large-eddy breakup devices (LEBU; also called outer-
layer devices,OLD), acousticwaves bombardinga shear layer from
outside, additives introduced in the middle of a shear layer, ma-
nipulation of freestream turbulence levels and spectra, gust, and
magneto- and electrohydrodynamic body forces are examples of
� ow control strategies applied away from the wall.

A second scheme for classifying � ow control methods consid-
ers energy expenditure and the control loop involved. As shown
in Fig. 3, a control device can be passive, requiring no auxiliary

Fig. 3 Classi� cation of � ow control strategies.
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a) Predetermined, open-loop control

b) Reactive, feedforward, open-loop control

c) Reactive, feedback, closed-loop control

Fig. 4 Different control loops for active � ow control.

power and no control loop, or active, requiring energy expenditure.
As for the action of passive devices, some prefer to use the term
� ow management rather than � ow control,5 reserving the latter ter-
minology for dynamic processes. Active control requires a control
loop and is further divided into predeterminedor reactive.Predeter-
mined control includes the applicationof steady or unsteady energy
input without regard to the particular state of the � ow. The control
loop in this case is open, as shown in Fig. 4a, and no sensors are
required. Because no sensed information is being fed forward, this
open control loop is not a feedforward one. This subtle point is of-
ten confused in the literature, blurring predetermined control with
reactive, feedforward control. Reactive control is a special class of
activecontrolwhere thecontrolinput is continuouslyadjustedbased
on measurements of some kind. The control loop in this case can
either be an open, feedforward one (Fig. 4b) or a closed, feedback
loop (Fig. 4c). Classical control theory deals, for the most part, with
reactive control.

The distinctionbetween feedforwardand feedback is particularly
importantwhen dealing with the control of � ow structures that con-
vect over stationary sensors and actuators. In feedforward control,
the measured variable and the controlled variable differ. For exam-
ple, the pressure or velocity can be sensed at an upstream location,
and the resulting signal is used together with an appropriatecontrol
law to trigger an actuator, which in turn in� uences the velocity at
a downstream position. Feedback control, on the other hand, ne-
cessitates that the controlled variable be measured, fed back, and
compared with a reference input. Reactive feedback control is fur-
ther classi� ed into four categories: adaptive, physical model based,
dynamical-systemsbased, and optimal control.6

A yet anotherclassi� cationschemeis to considerwhether thecon-
trol techniquedirectlymodi� es the shape of the instantaneous/mean
velocity pro� le or selectivelyin� uence the small dissipativeeddies.
An inspectionof the Navier–Stokes equationswritten at the surface4

indicates that the spanwise and streamwise vorticity � uxes at the
wall can be changed,either instantaneouslyor in the mean, via wall
motion/compliance,suction/injection,streamwiseor spanwisepres-
sure gradient (respectively), normal viscosity gradient, or a suitable
streamwise or spanwise body force. These vorticity � uxes deter-

mine the fullness of the correspondingvelocity pro� les. For exam-
ple, suction (or downward wall motion), favorablepressuregradient
or lower wall viscosity results in vorticity � ux away from the wall,
making the surface a source of spanwise and streamwise vorticity.
The corresponding fuller velocity pro� les have negative curvature
at the wall and are more resistant to transition and to separation
but are associatedwith higher skin-frictiondrag. Conversely, an in-
� ectional velocity pro� le can be produced by injection (or upward
wall motion), adverse pressure gradient or higher wall viscosity.
Such a pro� le is more susceptible to transition and to separation
and is associated with lower, even negative, skin friction. Note that
many techniques are available to effect a wall viscosity gradient,
for example, surface heating/cooling, � lm boiling, cavitation,subli-
mation, chemical reaction, wall injection of lower/higher viscosity
� uid, and the presence of shear thinning/thickening additive.

Flow controldevicescan alternativelytarget certain scalesof mo-
tion rather than globally changing the velocity pro� le. Polymers,
riblets, and LEBUs, for example, appear to damp selectively only
the small dissipativeeddies in turbulent wall-bounded� ows. These
eddies are responsible for the (instantaneous) in� ectional pro� le
and the secondary instability in the buffer zone, and their suppres-
sion leads to increasedscales, a delay in the reductionof the (mean)
velocity-pro�le slope, and consequentthickeningof the wall region.
In the buffer zone, the scales of the dissipative and energy contain-
ing eddies are roughly the same, and hence, the energy containing
eddies will also be suppressed resulting in reduced Reynolds stress
production, momentum transport, and skin friction.

C. Free-Shear and Wall-Bounded Flows

Free-shear � ows, such as jets, wakes, and mixing layers, are
characterizedby in� ectional mean-velocity pro� les and are, there-
fore, susceptible to inviscid instabilities. Viscosity is only a damp-
ing in� uence in this case, and the prime instability mechanism is
vortical induction. Control goals for such � ows include transition
delay/advancement, mixing enhancement, and noise suppression.
External and internal wall-bounded � ows, such as boundary layers
and channel � ows, can, too, have in� ectional velocity pro� les, but,
in the absence of adverse pressure gradient and similar effects, are
characterized by nonin� ectional pro� les, and viscous instabilities
are then to be considered.These kinds of viscosity-dominatedwall-
bounded � ows are intrinsically stable and, therefore, are generally
more dif� cult to control. Free-shear � ows and separated boundary
layers, on the other hand, are intrinsically unstable and lend them-
selves more readily to manipulation.

Free-shear � ows originate from some kind of surface upstream,
be it a nozzle, a moving body, or a splitter plate. Flow control de-
vices can, therefore,be placed on the correspondingwalls, albeit far
from the fully developed regions. Examples of such control include
changing of the geometry of a jet exit from circular to elliptic,7

using periodic suction/injection in the lee side of a blunt body to
affect its wake,8 and vibrating the splitter plate of a mixing layer.9

These and other techniquesare extensively reviewed by Fiedler and
Fernholz,5 who offer a comprehensivelist of appropriatereferences,
and more recently by Gutmark et al.,10 Viswanath,11 and Gutmark
and Grinstein.12

III. Control of Turbulence
For the rest of this paper, we focus on reactive � ow control

speci� cally targeting the coherent structures in turbulent � ows. Nu-
merous methods of � ow control have already been successfully
implemented in practical engineering devices. Delaying laminar-
to-turbulence transition to reasonable Reynolds numbers and pre-
venting separation can readily be accomplished using a myriad of
passive and predetermined active control strategies. Such classi-
cal techniqueshave been reviewed by, among others, Bushnell,13;14

Wilkinson et al.,15 Bushnell and McGinley,16 Gad-el-Hak,4;17

Bushnell and Hefner,18 Fiedler and Fernholz,5 Gad-el-Hak and
Bushnell,19 Barnwell and Hussaini,20 Viswanath,11 and Joslin et
al.21 However, very few of the classical strategies are effective in
controllingfree-shearor wall-boundedturbulent � ows. Serious lim-
itations exist for some familiar control techniques when applied to
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certain turbulent � ow situations. For example, in attempting to re-
duce the skin-friction drag of a body having a turbulent boundary
layer using global suction, the penalty associated with the control
device often exceedsthe savingderivedfrom its use. What is needed
is a way to reduce this penalty to achieve a more ef� cient control.

Flow control is most effective when applied near the transi-
tion or separation points; in other words, near the critical � ow re-
gimeswhere � ow instabilitiesmagnifyquickly.Therefore,delaying/
advancing laminar-to-turbulencetransition and preventing/provok-
ing separation are relatively easier tasks to accomplish. To reduce
the skin-friction drag in a nonseparating turbulent boundary layer,
where the mean � ow is quite stable, is a more challenging prob-
lem. However, even a modest reduction in the � uid resistance to the
motion of, for example, the worldwide commercial airplane � eet is
translated into fuel savings estimated to be in the billionsof dollars.
Newer ideas for turbulent � ow control focus on the direct onslaught
on coherentstructuresvia reactivecontrolstrategiesthatutilize large
arrays of microsensors and microactuators.

In the remaining sections of this paper, we advance possible sce-
narios by which viable control strategiesof turbulent � ows could be
realized.As will be argued in the following sections, future systems
for control of turbulent � ows in general and turbulentboundary lay-
ers in particularcouldgreatlybene� t fromthe mergingof the science
of chaoscontrol, the technologyof microfabrication,and the newest
computational tools collectively termed soft computing. Control of
chaotic, nonlineardynamic systems has been demonstratedtheoret-
ically as well as experimentally, even for multi-degree-of-freedom
systems. Microfabrication is an emerging technology that has the
potential for producinginexpensive,programmablesensor/actuator
chips that have dimensions of the order of a few micrometers. Soft
computing tools include neural networks, fuzzy logic and genetic
algorithms,and are now more advancedas well as more widely used
as compared to just few years ago. These tools could be very useful
in constructing effective adaptive controllers.

Such futuristic systems are envisaged as consisting of a large
number of intelligent, interactive,microfabricatedwall sensors and
actuators arranged in a checkerboard pattern and targeted toward
speci� c organized structures that occur quasi-randomly within a
turbulent � ow. Sensors detect oncoming coherent structures, and
adaptive controllers process the sensors information and provide
control signals to the actuators, which in turn attempt to modulate
favorably the quasi-periodic events. Finite number of wall sensors
perceive only partial information about the entire � ow� eld. How-
ever,a low-dimensionaldynamicmodelof the near-wall regionused
in a Kalman � lter can make the most of the partial informationfrom
the sensors. Conceptuallyall of that is not too dif� cult, but in prac-
tice the complexity of such a control system is daunting and much
research and development work still remains.

The following discussion is organized into seven sections.A par-
ticular example of a classical control system, suction, is described
in the following section. This will serve as a prelude to introducing
the selective suction concept. The characteristic lengths and sen-
sor requirementsof turbulent � ows are then discussed in the subse-
quentsection.This followedbya descriptionof reactive� ow control
and the selective suction concept. The number, size, frequency and
energy consumption of the sensor/actuator units required to tame
the turbulence on a full-scale air or water vehicle are estimated
in therein. The emerging areas of chaos control and soft comput-
ing, particularlyas they relate to reactive control strategies,are then
brie� y discussed in the two subsequentsections.This is followedby
a discussion of the speci� c use of microelectromechanicalsystems
(MEMS) devices for reactive � ow control. Finally, brief concluding
remarks are given in the last section.

IV. Suction
To set the stage for introducingthe conceptof targetedor selective

control, in this section global control as applied to wall-bounded
� ows is discussed. A viscous � uid that is initially irrotational will
acquire vorticity when an obstacle is passed through the � uid. This
vorticity controls the nature and structure of the boundary-layer
� ow in the vicinity of the obstacle. For an incompressible, wall-

bounded � ow, the � ux of spanwise or streamwise vorticity at the
wall, and hence whether the surface is a sink or a source of vorticity,
is affectedby thewall motion, for example, in the case of a compliant
coating, transpiration(suctionor injection), streamwise or spanwise
pressure gradient, wall curvature, normal viscosity gradient near
the wall (caused by, for example, heating/cooling of the wall or
introduction of a shear-thinning/shear thickening additive into the
boundary layer), and body forces (such as electromagnetic ones
in a conducting � uid). These alterations separately or collectively
control the shape of the instantaneousas well as the mean velocity
pro� les, which in turn determine the skin friction at the wall, the
boundary-layer ability to resist transition and separation, and the
intensity of turbulence and its structure.

For illustrationpurposes, global wall suction as a generic control
tool is focused on. The arguments presented here and in subsequent
sections are equally valid for other global control techniques, such
as geometry modi� cation (body shaping), surface heating/cooling,
electromagnetic control, etc. Transpiration provides a good exam-
ple of a single control technique that is used to achieve a variety of
goals. Suction leads to a fuller velocity pro� le (vorticity � ux away
from the wall) and can, therefore, be employed to delay laminar-
to-turbulence transition, postpone separation, achieve an asymp-
totic turbulentboundary layer (i.e., one having constantmomentum
thickness), or relaminarizean alreadyturbulent� ow. Unfortunately,
globalsuctioncannotbeused to reducethe skin-frictiondrag in a tur-
bulentboundarylayer.The suctionrate requiredto inhibitboundary-
layer growth is too high to effect a net drag reduction.This is a good
illustrationof a situationwhere the penaltyassociatedwith a control
device might exceed the saving derived from its use.

Small amounts of � uid withdrawn from the near-wall region of a
boundarylayerchangethecurvatureof thevelocitypro� le at thewall
and can dramatically alter the stability characteristics of the � ow.
Concurrently, suction inhibits the growth of the boundary layer, so
that the critical Reynolds number based on thickness may never
be reached. Although laminar � ow can be maintained to extremely
high Reynolds numbers provided that enough � uid is sucked away,
the goal is to accomplish transitiondelay with the minimum suction
� ow rate. This will reduce not only the power necessary to drive
the suction pump, but also the momentum loss due to the additional
freestream � uid entrained into the boundary layer as a result of
withdrawing � uid from the wall. That momentum loss is, of course,
manifested as an increase in the skin-frictiondrag.

The case of uniform suction from a � at plate at zero incidence
is an exact solution of the Navier–Stokes equation. The asymp-
totic velocity pro� le in the viscous region is exponential and has
a negative curvature at the wall. The displacement thickness has
the constant value ±¤ D º=jvw j, where º is the kinematic viscosity
and jvw j is the absolute value of the normal velocity at the wall. In
this case, the familiar von Kármán integral equation is C f D 2Cq .
Bussmann and Münz22 computed the critical Reynolds number for
the asymptotic suctionpro� le to be Re±¤ ´ U1±¤=º D 70,000.From
the given value of ±¤, the � ow is stable to all small disturbances
if Cq ´ jvw j=U1 > 1:4 £ 10¡5. The ampli� cation rate of unstable
disturbances for the asymptotic pro� le is an order of magnitude
less than that for the Blasius boundary layer.23 This treatment ig-
nores the development distance from the leading edge needed to
reach the asymptotic state. When this is included into the computa-
tion, a higher Cq D 1:18 £ 10¡4 is required to ensure stability.24;25

In a turbulent wall-bounded � ow, the results of Eléna26;27 and
Antonia et al.28 indicate that suctioncausesan appreciablestabiliza-
tion of the low-speed streaks in the near-wall region. The maximum
turbulence level at yC ¼ 13 drops from 15% to 12% as Cq varies
from 0 to 0.003. More dramatically, the tangential Reynolds stress
near the wall drops by a factor of 2 for the same variation of Cq .
The dissipation length scale near the wall increases by 40% and the
integral length scale by 25% with the suction.

The suction rate necessary for establishing an asymptotic turbu-
lent boundary layer independent of streamwise coordinate, that is,
d±µ =dx D 0, is much lower than the rate required for relaminariza-
tion, Cq ¼ 0:01, but is still not low enough to yield net drag reduc-
tion. For Reynolds number based on distance from leading edge
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Rex D Ob106c, Favre et al.,29 Rotta,30 and Verollet et al.,31 among
others, report an asymptotic suction coef� cient of Cq ¼ 0:003. For
a zero-pressure-gradient boundary layer on a � at plate, the corre-
sponding skin-friction coef� cient is C f D 2Cq D 0:006, indicating
higher skin friction than if no suction was applied. To achieve a net
skin-frictionreduction with suction, the processmust be further op-
timized. One way to accomplish that is to target the suction toward
particular organized structureswithin the boundary layer and not to
use it globally as in classical control schemes.

V. Sensor Requirements
For boundary layers, the wall unit has been used to estimate the

smallestnecessarysizeof a sensorforaccuratelyresolvingthe small-
est eddies. For instance, Keith et al.32 state that 10 wall units or less
is a relevant sensor dimension for resolving small-scale pressure
� uctuations.Measurementsof � uctuatingvelocity gradients,essen-
tial for estimating the total dissipation rate in turbulent � ows, are
another challenging task. Gad-el-Hak and Bandyopadhyay33 argue
that turbulence measurements with probe lengths greater than the
viscoussublayerthickness(about � ve wall units) are unreliablepar-
ticularly near the surface.Many studies have been conductedon the
spacing between sensors necessary to optimize the formed velocity
gradients (see Aronson et al.34 and references therein). A general
conclusion from both experimentsand direct numerical simulations
is that a sensorspacingof 3–5 Kolmogorovlengths is recommended.
When designingarrays for correlationmeasurementsor for targeted
control, the spacing between the coherent structures will be the de-
terminingfactor.For example,when targeting the low-speed streaks
in a turbulentboundary layer, several sensorsmust be situatedalong
a lateral distance of 100 wall units, the average spanwise spacing
between streaks. All of this requires quite small sensors, and many
attempts have been made to meet these conditions with conven-
tional sensor designs. However, despite conventional sensors such
as hot wires being fabricated in the micrometer size range (for their
diameter but not their length), they are usually handmade, dif� cult
to handle,and too fragile,and here the MEMS technologyhas really
opened a door for new applications.

It is clear that the spatial and temporal resolutions for any probe
to be used to resolve high-Reynolds-numberturbulent � ows are ex-
tremely tight. For example, both the Kolmogorov scale and the vis-
cous length scale change from few micrometers at the typical � eld
Reynolds number, based on the momentum thickness, of 106 , to a
couple of hundred micrometers at the typical laboratory Reynolds
number of 103. MEMS sensors for pressure, velocity, temperature
and shear stress are at least one order of magnitude smaller than
conventional sensors.35¡38 Their small size improves both the spa-
tial and temporal resolutions of the measurements, typically few
micrometers and few microseconds, respectively. For example, a
micro hot wire (called hot point) has very small thermal inertia,
and the diaphragm of a micropressure-transducer has correspond-
ingly fast dynamic response. Moreover, the microsensors’ extreme
miniaturization and low energy consumption make them ideal for
monitoringthe � ow statewithoutappreciablyaffectingit. Last, liter-
ally hundredsof microsensorscan be fabricatedon the same silicon
chip at a reasonable cost, making them well suited for distributed
measurements and control.

VI. Reactive Flow Control
A. Introductory Remarks

Targeted control implies sensing and reacting to particularquasi-
periodic structures in a turbulent� ow. For a boundary layer, the wall
seems to be the logical place for such reactivecontrolbecauseof the
relativeease of placingsomethingin there, the sensitivityof the � ow
in general to surface perturbations,and the proximity and therefore
accessibility to the dynamically all important near-wall coherent
events. According to Wilkinson,39 there are very few actual experi-
ments that use embedded wall sensors to initiate a surface actuator
response.40¡43 This 10-year-old assessment is fast changing, how-
ever, with the introductionof microfabrication technology that has
the potential for producing small, inexpensive, programmable sen-
sor/actuatorchips.Witness themore recent reactivecontrolattempts

by Kwong and Dowling,44 Reynolds,45 Jacobset al.,46 Jacobsonand
Reynolds,47¡51 Fan et al.,52 James et al.,53 and Keefe.54 Fan et al.,52

and Jacobson and Reynolds,47¡51 even consider the use of self-
learning neural networks for increased computational speeds and
ef� ciency. Recent reviews of reactive � ow control include those by
Gad-el-Hak,55;56 Lumley,57 McMichael,58 Mehregany et al.,59 Ho
and Tai,35 and Bushnell.60

B. Targeted Flow Control

Successful techniques to reduce the skin friction in a turbulent
� ow, such as polymers, particles, or riblets, appear to act indirectly
through local interaction with discrete turbulent structures, partic-
ularly small-scale eddies, within the � ow. Common characteristics
of all of these passive methods are increased losses in the near-wall
region, thickening of the buffer layer, and lowered production of
Reynolds shear stress.61 Active control strategies that act directly
on the mean � ow, such as suctionor lowering of near-wall viscosity,
also lead to inhibition of Reynolds stress. However, skin friction is
increased when any of these velocity-pro�le modi� ers is applied
globally.

Could these seemingly inef� cient techniques,for example,global
suction, be used more sparinglyand be optimized to reduce their as-
sociated penalty? It appears that the more successful drag-reducing
methods, for example, polymers, act selectivelyon particular scales
of motion and are thought to be associated with stabilization of
the secondary instabilities. It is also clear that energy is wasted
when suction or heating/cooling is used to suppress the turbulence
throughout the boundary layer when the main interest is to affect a
near-wall phenomenon. One ponders, what would become of wall
turbulence if speci� c coherent structures are to be targeted, by the
operator through a reactive control scheme, for modi� cation? The
myriad of organized structures present in all shear � ows are instan-
taneously identi� able, quasi-periodicmotions.62;63 Bursting events
in wall-bounded � ows, for example, are both intermittent and ran-
dom in space as well as time. The random aspects of these events
reduce the effectivenessof a predetermined active control strategy.
If such structures are nonintrusivelydetected and altered, however,
net performance gain might be achieved. It seems clear, however,
that temporalphasingas well as spatial selectivitywould be required
to achieve proper control targeted toward random events.

A nonreactive version of the described idea is the selective suc-
tion technique, which combines suction to achieve an asymptotic
turbulent boundary layer and longitudinal riblets to � x the location
of low-speed streaks. Although far from indicating net drag reduc-
tion, the available results are encouraging,and further optimization
is needed.When implementedvia an arrayof reactivecontrol loops,
the selective suction method is potentially capable of skin-friction
reduction that approaches60%.

The genesis of the selective suction concept can be found in
the papers by Gad-el-Hak and Blackwelder64;65 and the patent by
Blackwelder and Gad-el-Hak.66 These researchers suggest that one
possiblemeans of optimizingthe suctionrate is to be able to identify
where a low-speed streak is presently located and to apply a small
amount of suction under it. When the production of turbulence ki-
netic energy is assumed to be due to the instability of an in� ectional
U .y/ velocity pro� le, one needs to remove only enough � uid so
that the in� ectional nature of the pro� le is alleviated.An alternative
technique that could conceivably reduce the Reynolds stress is to
inject � uid selectivelyunder the high-speedregions.The immediate
effect of normal injection would be to decrease the viscous shear at
the wall resulting in less drag. In addition, the velocity pro� les in
the spanwise direction, U .z/, would have a smaller shear, @U=@z,
because the suction/injection would create a more uniform � ow.
Inasmuch as Swearingen and Blackwelder67 and Blackwelder and
Swearingen68 have found that in� ectionalU .z/ pro� les occur as of-
ten as in� ection points are observed in U .y/ pro� les, suction under
the low-speed streaks and/or injectionunder the high-speed regions
would decrease this shear and, hence, the resulting instability.

The combination of selective suction and injection is shown in
Fig. 5. In Fig. 5a, the vortices are idealized by a periodic distribu-
tion in the spanwise direction. The instantaneous velocity pro� les
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without transpirationat constant y and z locations are shown by the
dashed lines in Figs. 5b and 5c, respectively. Clearly, the U .y0; z/
pro� le is in� ectional, having two in� ection points per wavelength.
At z1 and z3 , an in� ectional U .y/ pro� le is also evident. The same
pro� les with suction at z1 and z3 and injectionat z2 are shown by the
solid lines. In all cases, the shearassociatedwith the in� ectionpoints
would have been reduced. Because the in� ectional pro� les are all
inviscidly unstable with growth rates proportional to the shear, the
resulting instabilities would be weakened by the suction/injection
process.

The feasibilityof the selective suction as a drag-reducingconcept
has been demonstratedby Gad-el-Hak and Blackwelder65 and is in-
dicated in Fig. 6. Low-speed streaks were arti� cially generated in
a laminar boundary layer using three spanwise suction holes using
the method proposed by Gad-el-Hak and Hussain,69 and a hot-� lm
probe was used to record the near-wall signature of the streaks. An
open, feedforward control loop with a phase lag was used to ac-
tivate a predetermined suction from a longitudinal slot located in

a) Streamwise vortices in the y-z plane, suction/injection applied at z1,
z2 , and z3

b) Resulting spanwise velocity distribution at y = y0

c) Velocity pro� les normal to the surface

Fig. 5 Effects of suction/injection on velocity pro� les; broken lines,
reference pro� les, and solid lines, pro� les with transpiration applied.

a) Cq = 0

b) Cq = 0.0006

Fig. 6 Effects of suction from a streamwise slot on � ve arti� cially in-
duced burstlike events in a laminar boundary layer (from Gad-el-Hak
and Blackwelder65).

between the spanwise holes and the downstreamhot-� lm probe. An
equivalentsuction coef� cient of Cq D 0:0006 was suf� cient to elim-
inate the arti� cial events and prevent bursting.This rate is � ve times
smaller than the asymptotic suction coef� cient for a corresponding
turbulentboundary layer. If this result is sustained in a naturally de-
veloping turbulentboundary layer, a skin-frictionreductionof close
to 60% would be attained.

Gad-el-Hak and Blackwelder65 propose to combine suction with
nonplanarsurface modi� cations.Minute longitudinal roughnessel-
ements if properly spaced in the spanwise direction greatly reduce
the spatial randomness of the low-speed streaks.70 By withdrawing
the streaks forming near the peaks of the roughness elements, less
suction should be required to achievean asymptoticboundarylayer.
Experiments by Wilkinson and Lazos71 and Wilkinson72 combine
suction/blowing with thin-elementriblets. Although no net drag re-
duction is yet attained in these experiments, their results indicate
some advantage of combining suction with riblets as proposed by
Gad-el-Hak and Blackwelder.64;65

The recent numerical experiments of Choi et al.73 also validate
theconceptof targetingsuction/injectionto speci� c near-wallevents
in a turbulent channel � ow. Based on complete interior � ow infor-
mation and using the rather simple, heuristic control law proposed
earlier by Gad-el-Hak and Blackwelder,64 the Choi et al.73 direct
numerical simulations indicate a 20% net drag reduction accompa-
nied by signi� cant suppression of the near-wall structures and the
Reynoldsstress throughouttheentirewall-bounded� ow. Whenonly
wall information was used, a drag reduction of 6% was observed,
which is a rather disappointing result considering that sensing and
actuationtookplaceat everygridpointalongthecomputationalwall.
In a practical implementationof this technique,even fewer wall sen-
sors would perhaps be available, measuring only a small subset of
the accessible information and, thus, requiring even more sophis-
ticated control algorithms to achieve the same degree of success.
Low-dimensional models of the near-wall � ow and soft comput-
ing tools can help in constructingmore effectivecontrolalgorithms.
These two topicswill be revisitedin Secs.VII and VIII, respectively.

Time sequencesof thenumerical� ow� eldofChoi et al.73 indicate
the presenceof two distinct drag-reducingmechanismswhen selec-
tive suction/injection is used. First is deterring the sweep motion,
without modifying the primary streamwise vortices above the wall,
and consequentlymoving the high-shearregionsfrom the surface to
the interior of the channel, thus directly reducing the skin friction.
Second is changing the evolutionof the wall vorticitylayer by stabi-
lizingand preventingliftingof the near-wall spanwisevorticity, thus
suppressinga potentialsource of new streamwise vortices above the
surface and interrupting a very important regeneration mechanism
of turbulence.

Three modern developmentshave relevance to the issue at hand.
First, the recently demonstrated ability to revert a chaotic system
to a periodic one may provide optimal nonlinear control strategies
for further reduction in the amount of suction (or the energy ex-
penditure of any other active wall-modulation technique) needed
to attain a given degree of � ow stabilization. This is important be-
cause, as can be seen from the von Kármán integral momentum
equation, net drag reduction achieved in a turbulent boundary layer
increases as the suction coef� cient decreases. Second, to remove
selectively the randomly occurring low-speed streaks, for example,
wouldultimatelyrequire reactivecontrol.In that case,an event is tar-
geted, sensed and subsequently modulated. Microfabrication tech-
nology provides opportunities for practical implementation of the
required large array of inexpensive, programmable sensor/actuator
chips. Third, newly introduced soft computing tools include neural
networks, fuzzy logic and genetic algorithms, and are now more
advanced as well as more widely used as compared to just few
years ago. These tools could be very useful in constructingeffective
adaptive controllers.

C. Reactive Feedback Control

As was schematically shown in Fig. 3, a control device can be
passive, requiring no auxiliary power, or active, requiring energy
expenditure.Active control is further divided into predeterminedor
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reactive. Predetermined control includes the application of steady
or unsteady energy input without regard to the particular state of
the � ow. The control loop in this case is open, as was shown in
Fig. 4a, and no sensors are required.Because no sensed information
is being fed forward, this open control loop is not a feedforwardone.
Reactivecontrol is a specialclass of activecontrolwhere the control
input is continuouslyadjustedbasedon measurementsof some kind.
The control loop in this case can either be an open, feedforward one
(Fig. 4b) or a closed, feedback loop (Fig. 4c).

Moin and Bewley6 categorizereactivefeedbackcontrol strategies
by examining the extent to which they are based on the govern-
ing � ow equations. Four categories are discerned: adaptive, phys-
ical model-based, dynamical-systems based, and optimal control
(Fig. 3). Note that except for adaptive control, the other three cate-
gories of reactive feedback control can also be used in the feedfor-
ward mode or the combined feedforward-feedbackmode. Also, in
a convective environment such as that for a boundary layer, a con-
troller would perhaps combine feedforward and feedback informa-
tion and may include elements from each of the four classi� cations.
Each of the four categories will be brie� y described.

Adaptive schemes attempt to develop models and controllers via
some learning algorithm without regard to the details of the � ow
physics. System identi� cation is performed independently of the
� ow dynamics or the Navier–Stokes equations that govern this dy-
namics. An adaptive controller tries to optimize a speci� ed perfor-
mance index by providing a control signal to an actuator. To update
its parameters, the controller, thus, requires feedback information
relating to the effects of its control. The most recent innovation in
adaptive � ow control schemes involves the use of neural networks,
which relate the sensor outputs to the actuator inputs through func-
tions with variable coef� cients and nonlinear, sigmoid saturation
functions. The coef� cients are updated using the so-called back-
propagationalgorithm,andcomplexcontrollaws can be represented
with a suf� cient number of terms. Hand tuning is required, how-
ever, to achieve good convergence properties. The nonlinear adap-
tive techniquehasbeenusedwith differentdegreesof successbyFan
et al.52 and by Jacobsonand Reynolds48;50;51 to control, respectively,
the transition process in laminar boundary layers and the bursting
events in turbulent boundary layers.

Heuristic physical arguments can instead be used to establish ef-
fective control laws. That approach obviously will work only in
situations in which the dominant physics are well understood. An
example of this strategy is the active cancellation scheme, used by
Gad-el-HakandBlackwelder65 in a physicalexperimentandbyChoi
et al.73 in a numerical experiment, to reduce the drag by mitigating
the effect of near-wall vortices. As mentioned earlier, the idea is to
oppose the near-wall motion of the � uid, caused by the streamwise
vortices, with an opposing wall control, thus lifting the high-shear
region away from the surface and interrupting the turbulence regen-
eration mechanism.

Nonlinear dynamical systems theory allows turbulence to be de-
composed into a small number of representative modes whose dy-
namics are examinedto determinethe best control law. The task is to
stabilize the attractorsof a low-dimensionalapproximationof a tur-
bulent chaotic system. The best known strategy is the Ott–Grebogi–
Yorke (OGY)74;75 method which, when applied to simpler, small-
number of degrees-of-freedomsystems, achieves stabilizationwith
minute expenditure of energy. This and other chaos control strate-
gies, especiallyas applied to the more complex turbulent � ows, will
be discussed later.

Finally, optimal control theory applied directly to the Navier–
Stokes equationscan, in principle, be used to minimize a cost func-
tion in the space of the control. This strategy provides perhaps the
most rigorous theoretical framework for � ow control. As compared
to otherreactivecontrolstrategies,optimal controlapplied to the full
Navier–Stokes equations is also the most computer-time intensive.
In this method, feedback control laws are derived systematically
for the most ef� cient distribution of control effort to achieve a de-
sired goal. Abergel and Temam76 developed such optimal control
theory for suppressing turbulence in a numerically simulated, two-
dimensional Navier–Stokes � ow, but their method requires an im-

practical full � ow� eld information. Choi et al.77 developed a more
practical,wall-informationonly,sub-optimalcontrolstrategy,which
they applied to the one-dimensional stochastic Burgers equation.
Later application of the suboptimal control theory to a numerically
simulated turbulent channel � ow has been reported by Moin and
Bewley6 and Bewley et al.78;79 The recentbookeditedbySritharan80

provideseight articles that focus on the mathematical aspects of op-
timal control of viscous � ows.

D. Required Characteristics

The randomness of the bursting events necessitates temporal
phasing as well as spatial selectivity to effect selective control.
Practical applications of methods targeted at controlling a particu-
lar turbulent structure to achieve a prescribedgoal would, therefore,
require implementing a large number of surface sensors/actuators
together with appropriate control algorithms. That strategy for
controlling wall-bounded turbulent � ows has been advocated
by, among others, Gad-el-Hak and Blackwelder,64;65 Lumley,57;81

Choi et al.,82 Reynolds,45 Jacobson and Reynolds,47¡51 Gad-
el-Hak,4;55;56;83;84 Moin and Bewley,6 McMichael,58 Mehregany
et al.,59 Blackwelder,85 Delville et al.,86 and Perrier.87

It is instructive to estimate some representativecharacteristicsof
the required array of sensors/actuators.Consider a typical commer-
cial aircraft cruising at a speed of U1 D 300 m/s and at an alti-
tude of 10 km. The density and kinematic viscosity of air and the
unit Reynolds number in this case are, respectively,½ D 0:4 kg/m3,
º D 3 £ 10¡5 m2/s, and Re D 107/m. Assume further that the por-
tion of fuselage to be controlledhas turbulent boundary-layerchar-
acteristics that are identical to those for a zero-pressure-gradient
� at plate at a distance of 1 m from the leading edge. In this case,
the skin-friction coef� cient and the friction velocity are, respec-
tively, C f D 0:003 and u¿ D 11:62 m/s. (Note that the skin fric-
tion decreases as the distance from the leading increases. It is also
strongly affected by such things as the externally imposed pressure
gradient. Therefore, the estimates provided in here are for illus-
tration purposes only.) At this location, one viscous wall unit is
only º=u¿ D 2:6 ¹m. For the surface array of sensors/actuators to
be hydraulically smooth, it should not protrude beyond the viscous
sublayer, or 5º=u¿ D 13 ¹m.

Wall-speed streaks are the most visible, reliable, and detectable
indicatorsof the preburst turbulenceproductionprocess.The detec-
tion criterion is simply low velocity near the wall, and the actuator
response should be to accelerate (or to remove) the low-speed re-
gion before it breaks down. Local wall motion, tangential injection,
suction, heating, or electromagnetic body force, all triggered on
sensed wall-pressure or wall-shear stress, could be used to cause
local acceleration of near-wall � uid.

The numerical experiments of Berkooz et al.88 indicate that ef-
fective control of bursting pair of rolls may be achieved by using
the equivalent of two wall-mounted shear sensors. If the goal is to
stabilize or to eliminate all low-speed streaks in the boundary layer,
a reasonableestimate for the spanwise and streamwise distancesbe-
tween individual elements of a checkerboardarray is, respectively,
100 and 1000 wall units,3 or 260 ¹m and 2600 ¹m, for our partic-
ular example. Note that these are equal to, respectively, the average
spanwise wavelength between two adjacent streaks and the average
streamwiseextent for a typical low-speedregion.One can argue that
those estimatesare too conservative:Once a region is relaminarized,
it would perhaps stay as such for quite a while as the � ow convects
downstream. The next row of sensors/actuators may, therefore, be
relegated to a downstream location well beyond 1000 wall units.
Relatively simple physical or numerical experiments could settle
this issue. A reasonable size for each element is probably 1/10th of
the spanwise separation, or 26 ¹m. A (1 £ 1 m) portion of the sur-
face would have to be covered with about n D 1:5 £ 106 elements.
This is a colossal number, but the density of sensors/actuatorscould
be considerably reduced if we moderate our goal of targeting every
single bursting event (and also if less conservative assumptions are
made).

It is well known that not every low-speed streak leads to a burst.
On the average,a particularsensorwoulddetectan incipientbursting
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event every wall-unit interval of PC D Pu2
¿ =º D 250, or P D 56 ¹s.

The corresponding dimensionless and dimensional frequencies are
f C D 0:004 and f D 18 kHz, respectively. At different distances
from the leadingedgeand in the presenceof nonzero-pressuregradi-
ent, the sensors/actuatorsarray would have different characteristics,
but the corresponding numbers would still be in the same ballpark
as estimated in here.

As a second example, consider an underwater vehicle moving at
a speed of U1 D 10 m/s. Despite the relatively low speed, the unit
Reynoldsnumber is still the sameas estimatedearlierfor theair case,
Re D 107/m, due to the much lower kinematic viscosityof water. At
1 m from the leading edge of an imaginary � at plate towed in water
at the same speed, the frictionvelocity is only u¿ D 0:39 m/s, but the
wall unit is still the same as in the aircraft example, º=u¿ D 2:6 ¹m.
The density of required sensors/actuators array is the same as com-
puted for the aircraft example, n D 1:5 £ 106 elements/m2. The an-
ticipated average frequencyof sensing a bursting event is, however,
much lower at f D 600 Hz.

Similar calculations have been recently made by Gad-el-
Hak,4;55;83;84 Reynolds,45 and Wadsworth et al.89 Their results agree
closely with the estimates made here for typical � eld requirements.
In either the airplane or the submarine case, the actuator’s response
need not be too large. As will be shown later, wall displacement
on the order of 10 wall units (26 ¹m in both examples), suction
coef� cient of about 0.0006, or surface cooling/heating on the order
of 40±C/2±C (in the � rst/second example, respectively) should be
suf� cient to stabilize the turbulent � ow.

As computed in the preceding two examples, both the required
size for a sensor/actuator element and the average frequency at
which an element would be activated are within the presently
known capabilities of microfabrication technology. The number of
elements needed per unit area is, however, alarmingly large. The
unit cost of manufacturing a programmable sensor/actuator ele-
ment would have to come down dramatically, perhaps matching
the unit cost of a conventional transistor, before the idea advocated
in here would become practical. (The transistor was invented in
1947. In the mid-1960s, a single transistor sold for around $70. In
1997, Intel’s Pentium II processor (microchip) contained7:5 £ 106

transistors and cost around $500, which is less than $0.00007 per
transistor.)

An additionalconsiderationto the size, amplitude,and frequency
response is the energy consumed by each sensor/actuator element.
Total energy consumption by the entire control system obviously
has to be low enough to achieve net savings.Consider the following
calculations for the aircraft example. At 1 m from the leading edge,
the skin-friction drag to be reduced is approximately 54 N/m2 . En-
gine power needed to overcome this retarding force per unit area is
16 kW/m2, or 104 ¹W/sensor. If a 60% drag-reduction is achieved,
this energy consumptionis reduced to 4320 ¹W/sensor. (A not-too-
farfetched goal according to the selective suction results presented
earlier.) This number will increase by the amount of energy con-
sumption of a sensor/actuatorunit, but hopefully not back to the un-
controlledlevels.The voltageacrossa sensoris typicallyin the range
of V D 0:1 ¡ 1 V, and its resistance in the range of R D 0:1 ¡ 1 MÄ.
This means a power consumptionby a typical sensor in the range of
P D V 2=R D 0:1¡10 ¹W, well belowthe anticipatedpowersavings
due to reduced drag.

For a single actuator in the form of a spring-loaded di-
aphragm with a spring constant of k D 100 N/m and oscillating up
and down at the bursting frequency of f D 18 kHz with an ampli-
tude of y D 26 ¹m, the power consumption is P D .1=2/ky2 f D
600 ¹W/actuator. If suction is used instead, Cq D 0:0006, and as-
suming a pressure difference of 1p D 104 N/m2 across the suc-
tion holes/slots, the correspondingpower consumption for a single
actuator is P D CqU11p=n D 1200 ¹W/actuator. It is clear then
that when the power penalty for the sensor/actuator is added to
the lower-level drag, a net saving is still achievable. The corre-
sponding actuator power penalties for the submarine example are
even smaller (P D 20 ¹W/actuator for the wall motion actuator, and
P D 40¹W/actuatorfor the suctionactuator), and largersavingsare,
therefore, possible.

VII. Chaos Control
In the theory of dynamical systems, the so-called butter�y ef-

fect denotes sensitive dependence of nonlinear differential equa-
tions on initial conditions,with phase-spacesolutions initially very
close together separating exponentially. The solution of nonlinear
dynamical systems of three or more degrees of freedom may be in
the form of a strange attractor whose intrinsic structure contains a
well-de� ned mechanism to produce a chaotic behavior without re-
quiring random forcing. Chaotic behavior is complex, is aperiodic
and, though deterministic, appears to be random.

A question arises naturally: Just as small disturbances can radi-
cally growwithin a deterministicsystem to yield rich, unpredictable
behavior, can minute adjustments to a system parameter be used to
reverse the process and control, that is, regularize, the behavior of
a chaotic system? Recently, that question was answered in the af-
� rmative theoreticallyas well as experimentally,at least for system
orbits that reside on low-dimensional strange attractors (see the re-
view by Lindner and Ditto90 ). Before describing such strategies for
controlling chaotic systems, we � rst summarize the recent attempts
to construct a low-dimensional dynamical systems representation
of turbulent boundary layers. Such construction is a necessary � rst
step to be able to use chaos control strategies for turbulent � ows.
Additionally,as argued by Lumley,57 a low-dimensionaldynamical
model of the near-wall region used in a Kalman � lter91;92 can make
the most of the partial information assembled from a � nite number
of wall sensors.Such a � lter minimizes in a least squaresense the er-
rors causedby incompleteinformationand, thus, globallyoptimizes
the performance of the control system.

A. Nonlinear Dynamic Systems Theory

Boundary-layerturbulence is described by a set of nonlinearpar-
tial differentialequationsand is characterizedby an in� nite number
of degreesof freedom.This makes it ratherdif� cult to model the tur-
bulence using a dynamical systems approximation.The notion that
a complex, in� nite-dimensional � ow can be decomposed into sev-
eral low-dimensional subunits is, however, a natural consequence
of the realization that quasi-periodic coherent structures dominate
the dynamics of seemingly random turbulent shear � ows. This im-
plies that low-dimensional,localizeddynamicscan exist in formally
in� nite-dimensionalextendedsystems,suchas open turbulent� ows.
Reducing the � ow physics to � nite-dimensionaldynamical systems
enables a study of its behavior through an examination of the � xed
pointsand the topologyof their stableand unstablemanifolds.From
the dynamical systems theory viewpoint, the meandering of low-
speed streaks is interpreted as hovering of the � ow state near an
unstable � xed point in the low-dimensional state space. An inter-
mittent event that produces high wall stress, a burst, is interpreted
as a jump along a heteroclinic cycle to a different unstable � xed
point that occurs when the state has wandered too far from the � rst
unstable � xed point. Delaying this jump by holding the system near
the � rst � xed point should lead to lower momentum transport in the
wall region and, therefore,to lower skin-frictiondrag.Reactivecon-
trol means sensing the current local state and through appropriate
manipulationkeeping the state close to a given unstable � xed point,
thereby preventing further production of turbulence. Reducing the
bursting frequencyby, for example, 50%, may lead to a comparable
reduction in skin-frictiondrag. For a jet, relaminarizationmay lead
to a quiet � ow and very signi� cant noise reduction.

In one signi� cant attempt, the proper orthogonal, or Karhunen–

Loève, decomposition method has been used to extract a low-
dimensional dynamical system from experimental data of the wall
region (see Refs. 93 and 94). Aubry et al.93 expanded the instan-
taneous velocity � eld of a turbulent boundary layer using experi-
mentally determined eigenfunctions that are in the form of stream-
wise rolls. They expanded the Navier–Stokes equations using these
optimally chosen, divergence-free,orthogonal functions, applied a
Galerkinprojection,and then truncatedthe in� nite-dimensionalrep-
resentation to obtain a 10-dimensional set of ordinary differential
equations. These equations represent the dynamical behavior of
the rolls and are shown to exhibit a chaotic regime as well as an
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intermittency due to a burstlike phenomenon. However, the Aubry
et al. 10-mode dynamical system displays a regular intermittency,
in contrast both to that in actual turbulenceas well as to the chaotic
intermittency encountered by Pomeau and Manneville95 in which
event durationsare distributed stochastically.Nevertheless, the ma-
jor conclusion of the Aubry et al.93 study is that the bursts appear
to be produced autonomously by the wall region even without tur-
bulence, but are triggered by turbulent pressure signals from the
outer layer. More recently, Berkooz et al.96 generalized the class
of wall-layer models developed by Aubry et al.93 to permit uncou-
pled evolution of streamwise and cross-stream disturbances. The
Berkooz et al.96 results suggest that the intermittentevents observed
in the Aubry et al.93 representation do not arise solely because of
the effective closure assumption incorporated,but are rather rooted
deeper in the dynamical phenomena of the wall region. Holmes et
al.97 detail the Cornell University research group attempts at de-
scribing turbulence as a low-dimensional dynamical system.

In addition to the reductionistviewpoint exempli� ed by the work
ofAubryet al.93 andBerkoozet al.,96 attemptshavebeenmade to de-
termine directly the dimension of the attractors underlying speci� c
turbulent� ows. Again, the central issuehere is whetheror not turbu-
lent solutions to the in� nite-dimensional Navier–Stokes equations
can be asymptotically described by a � nite number of degrees of
freedom. Grappin and Léorat98 computed the Lyapunov exponents
and the attractordimensionsof two- and three-dimensionalperiodic
turbulent � ows without shear. They found that the number of de-
grees of freedom contained in the large scales establishes an upper
bound for the dimension of the attractor. Deane and Sirovich99;100

numerically determined the number of dimensions needed to spec-
ify chaotic Rayleigh–Bénard convection over a moderate range of
Rayleigh numbers Ra . They suggested that the intrinsic attractor
dimension is ObRa2=3c.

The corresponding dimension in wall-bounded � ows appears to
be dauntinglyhigh. Keefe et al.101 determined the dimension of the
attractor underlying turbulent Poiseuille � ows with spatially peri-
odicboundaryconditions.Usinga coarse-grainednumericalsimula-
tion, theycomputeda lowerboundon theLyapunovdimensionof the
attractor to be approximately 352 at a pressure-gradientReynolds
number of 3200. Keefe et al. argue that the attractor dimension in
fully resolved turbulence is unlikely to be much larger than 780.
This suggests that periodic turbulent shear � ows are determinis-
tic chaos and that a strange attractor does underlie solutions to the
Navier–Stokes equations.Temporalunpredictabilityin the turbulent
Poiseuille � ow is, thus, due to the exponential spreading property
of such attractors. Although � nite, the computed dimension invali-
dates the notion that the global turbulence can be attributed to the
interaction of a few degrees of freedom. Moreover, in a physical
channel or boundary layer, the � ow is not periodic and is open. The
attractor dimension in such case is not known but is believed to
be even higher than the estimate provided by Keefe et al. for the
periodic (quasi-closed) � ow.

In contrast to closed, absolutely unstable � ows, such as Taylor–
Couette systems, where the number of degrees of freedom can be
small, local measurements in open, convectively unstable � ows,
such as boundary layers, do not express the global dynamics, and
the attractordimension in that case may inevitablybe too large to be
determined experimentally.According to the estimate provided by
Keefe et al.,101 the colossaldata required (about10D , where D is the
attractor dimension) for measuring the dimension simply exceeds
current computer capabilities. Turbulence near transition or near a
wall is an exception to that bleak picture. In those special cases, a
relativelysmall number of modes are excited, and the resultingsim-
ple turbulence can, therefore, be described by a dynamical system
of a reasonable number of degrees of freedom.

B. Chaos Control

There is another question of greater relevance here. Given a dy-
namical system in the chaotic regime, is it possible to stabilize its
behavior through some kind of active control? Although other alter-
natives have been devised (e.g., Refs. 102–105), the recent method
proposed by workers at the University of Maryland74;75;106¡111

promises to be a signi� cant breakthrough.Comprehensive reviews

Fig. 7 OGY method for controlling chaos.

and bibliographies of the emerging � eld of chaos control can be
found in the work by Shinbrot et al.,112 Shinbrot,113¡115 and Lindner
and Ditto.90

Ott et al.74 demonstrated,throughnumericalexperimentswith the
Henon map, that it is possibleto stabilizea chaoticmotion about any
prechosen,unstable orbit through the use of relatively small pertur-
bations.The procedure consists of applyingminute time-dependent
perturbationsto one of the system parameters to control the chaotic
system around one of its many unstable periodic orbits. In this con-
text, targeting refers to the process whereby an arbitrary initial con-
dition on a chaotic attractor is steered toward a prescribed point
(target) on this attractor. The goal is to reach the target as quickly
as possible using a sequence of small perturbations.116

The success of the Ott–Grebogi–Yorke (OGY) strategy for con-
trolling chaos hinges on the fact that beneath the apparent unpre-
dictability of a chaotic system lies an intricate but highly ordered
structure. Left to its own recourse, such a system continually shifts
from one periodicpattern to another,creating the appearanceof ran-
domness. An appropriatelycontrolled system, on the other hand, is
locked into one particular type of repeating motion. With such re-
active control, the dynamical system becomes one with a stable
behavior.

The OGY method can be simply illustrated by the schematic in
Fig. 7. The state of the system is represented as the intersection of
a stable manifold and an unstable one. The control is applied inter-
mittently whenever the system departs from the stable manifold by
a prescribed tolerance,otherwise the control is shut off. The control
attempts to put the system back onto the stable manifold so that the
state converges toward the desired trajectory.Unmodeled dynamics
cause noise in the system and a tendency for the state to wander off
in the unstabledirection. The intermittentcontrol prevents that, and
the desired trajectory is achieved.This ef� cient control is not unlike
trying to balance a ball in the center of a horse saddle.6 There is one
stable direction (front/back) and one unstable direction (left/right).
The restless horse is the unmodeled dynamics, intermittently caus-
ing the ball to move in the wrong direction.The OGY control needs
only be applied, in the most direct manner possible, whenever the
ball wanders off in the left/right direction.

The OGY method has been successfully applied in a relatively
simple experiment in which reverse chaos was obtained in a para-
metricallydriven,gravitationallybuckled,amorphousmagnetoelas-
tic ribbon.117;118 Gar� nkel et al.119 applied the same control strat-
egy to stabilize drug-induced cardiac arrhythmias in sections of a
rabbit ventricle. Other extensions, improvements, and applications
of the OGY strategy include higher-dimensional targeting;120;121

controlling chaotic scattering in Hamiltonian, that is, nondissipa-
tive, area conservative, systems;122;123 synchronizationof identical
chaotic systems that govern communication, neural, or biological
processes;124 use of chaos to transmit information;125;126 control of
transient chaos;127 and taming spatio-temporalchaos using a sparse
array of controllers.128¡130

In a more complex system, such as a turbulent boundary layer,
there exist numerous interdependentmodes and many stable as well
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as unstable manifolds (directions). The � ow can then be modeled
as coherent structures plus a parameterized turbulent background.
The proper orthogonal decomposition (POD) is used to model the
coherentpart because POD guaranteesthe minimum number of de-
grees of freedom for a given model accuracy. Factors that make
turbulencecontrol a challenging task are the potentially quite large
perturbations caused by the unmodeled dynamics of the � ow, the
non stationary nature of the desired dynamics, and the complexity
of the saddle shape describing the dynamics of the different modes.
Nevertheless, the OGY control strategy has several advantages that
are of special interest in the control of turbulence: 1) The mathe-
matical model for the dynamic system need not be known. 2) Only
small changes in the control parameter are required. 3) Noise can
be tolerated (with appropriate penalty).

Recently, Keefe131;132 made a useful comparison between two
nonlinear control strategies as applied to � uid problems. The
OGY feedback method described earlier and the model-based con-
trol strategy originated by Hübler (for example, see Hübler and
Lüscher103 and Lüscher and Hübler133 ), the H-method. Both novel
control methods are essentially generalizationsof the classical per-
turbationcancellationtechnique:Apply a prescribedforcing to sub-
tract the undesireddynamics and impose the desired one. The OGY
strategy exploits the sensitivity of chaotic systems to stabilize ex-
isting periodic orbits and steady states. Some feedback is needed
to steer the trajectories toward the chosen � xed point, but the re-
quired control signal is minuscule. In contrast, Hübler’s scheme
(see Refs. 103 and 133) does not explicitly make use of the system
sensitivity. It produces general control response (periodic or ape-
riodic) and needs little or no feedback, but its control inputs are
generally large. The OGY strategy exploits the nonlinearity of a
dynamic system; indeed the presence of a strange attractor and the
extreme sensitivity of the dynamic system to initial conditions are
essential to the success of this method. In contrast, the H-method
works equally for both linear and nonlinear systems.

Keefe131 � rst examinednumericallythe two schemesas appliedto
fully-developedand transitional solutions of the Ginzburg–Landau
equation, an evolution equation that governs the initially weakly
nonlinear stages of transition in several � ows and that possesses
both transitionaland fully-chaoticsolutions.The Ginzburg–Landau
equation has solutions that display either absolute or convective
instabilities and is, thus, a reasonable model for both closed and
open � ows. Keefe’s131 main conclusion is that control of nonlinear
systems is best obtained by making maximum use possible of the
underlying natural dynamics. If the goal dynamics is an unstable
nonlinear solution of the equation and the � ow is nearby at the
instant control is applied, both methods perform reliably and at
low-energy cost in reaching and maintaining this goal. Predictably,
the performanceof both control strategiesdegradesdue to noise and
the spatially discrete nature of realistic forcing.

Subsequently,Keefe132 extended the numerical experiment in an
attempt to reduce the drag in a channel � ow with spatially periodic
boundary conditions.The OGY method reduces the skin friction to
60–80% of the uncontrolledvalue at a mass-� ux Reynolds number
of 4408. The H-method fails to achieve any drag reduction when
starting from a fully turbulent initial condition but shows poten-
tial for suppressing or retarding laminar-to-turbulence transition.
Keefe131 suggests that the H-strategymight be more appropriatefor
boundary layer control, whereas the OGY-method might best be
used for channel � ows.

It is also relevantto notehere the workofSingeret al.134 andWang
et al.135 at the University of Pennsylvania, who devised a feedback
controlto stabilize(relaminarize) the naturallyoccurringchaoticos-
cillations of a toroidal thermal convection loop heated from below
and cooled from above. Based on a simple mathematical model for
the thermosyphon,Singer et al.134 and Wang et al.135 constructed a
reactive control system that was used to alter signi� cantly the � ow
characteristicsinside the convectionloop. Their linear control strat-
egy, perhaps a special version of the OGY’s chaos control method,
consists simply of sensing the deviation of � uid temperatures from
desired values at a number of locations inside the thermosyphon
loop and then altering the wall heating either to suppress or to en-

hance such deviations. Wang et al. also suggested extending their
theoretical and experimental method to more complex situations
such as those involvingBénard convection (see Refs. 136 and 137).
Hu and Bau138 used a similar feedback control strategy to demon-
strate that the critical Reynolds number for the loss of stability of
planar Poiseuille � ow can be signi� cantly increased or decreased.

Other attempts to use low-dimensional dynamic systems repre-
sentationfor � ow controlincludethe workof Berkoozet al.,88 Corke
et al.,139 and Coller et al.140;141 Berkooz et al.88 applied techniques
of modern control theory to estimate the phase-space location of
dynamical models of the wall-layer coherent structures and used
these estimates to control the model dynamics. Because discrete
wall sensors provide incomplete knowledge of phase-space loca-
tion, Berkooz et al.139 maintain that a nonlinear observer, which
incorporates past information and the equations of motion into the
estimation procedure, is required. Using an extended Kalman � lter,
they achieved effective control of a bursting pair of rolls with the
equivalentof two wall-mountedshear sensors.Corke et al.139 used a
low-dimensionaldynamical system based on the proper orthogonal
decompositionto guidecontrolexperimentsfor an axisymmetricjet.
When the downstream velocity is sensed and an array of miniature
speakers located at the lip of the jet is actuated, their feedback con-
trol succeededin convertingthe near-� eld instabilitiesfrom spatial–
convective to temporal–global. Coller et al.140;141 developeda feed-
backcontrolstrategyforstronglynonlineardynamicalsystems,such
as turbulent � ows, subject to small random perturbations that kick
the systemintermittentlyfrom one saddlepoint to anotheralonghet-
eroclinic cycles. In essence, their approach is to use local, weakly
nonlinear feedback control to keep a solution near a saddle point as
long as possible,but then to let the natural, global nonlineardynam-
ics run its course when bursting (in a low-dimensionalmodel) does
occur. Though conceptually related to the OGY strategy, the Coller
et al.,5 method does not actually stabilize the state but merely holds
the systemnear the desiredpoint longer than it would otherwisestay.

Shinbrot and Ottino142;143 offer yet another strategy, presumably
most suited for controlling coherent structures in area-preserving
turbulent� ows.Theirgeometricmethodexploitsthepremisethat the
dynamicalmechanismsthat producethe organizedstructurescan be
remarkablysimple.By repeatedstretchingand foldingofhorseshoes
that are present in chaoticsystems,ShinbrotandOttino havedemon-
strated numerically as well as experimentally the ability to create,
destroy,and manipulatecoherentstructures in chaotic � uid systems.
The key idea to create such structures is to intentionallyplace folds
of horseshoes near low-order periodic points. In a dissipative dy-
namical system, volumes contract in state space and the collocation
of a fold with a periodic point leads to an isolated region that con-
tracts asymptotically to a point. Provided that the folding is done
properly, it counteracts stretching. Shinbrot and Ottino142 applied
the technique to three prototypical problems: a one-dimensional
chaotic map, a two-dimensional one, and a chaotically advected
� uid. Shinbrot114;115 and Shinbrot et al.110 provide recent reviews of
the stretching/folding as well as other chaos control strategies.

VIII. Soft Computing
The term soft computing was coined by Lot� Zadeh of the Uni-

versity of California,Berkeley, to describe several ingeniousmodes
of computations that exploit tolerance for imprecision and uncer-
tainty in complex systems to achieve tractability, robustness and
low cost.144¡147 The principle of complexity provides the impe-
tus for soft computing: As the complexity of a system increases,
the ability to predict its response diminishes until a threshold is
reached beyond which precision and relevance become almost mu-
tually exclusive.148 In other words, precision and certainty carry a
cost. By employingmodes of reasoning—probabilisticreasoning—
that are approximate rather than exact, soft computing can help in
searchingfor globallyoptimal design or achieving effectual control
while taking into account system uncertainties and risks.

Soft computing refers to a domain of computational intelligence
that loosely lies in between purely numerical (hard) computing and
purely symbolic computations. Alternatively, one can think about
symbolic computations as a form of arti� cial intelligence lying in
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Fig. 8 Tools for soft computing.

betweenbiologicalintelligenceandcomputationalintelligence(soft
computing). The schematic in Fig. 8 shows the general idea. Arti-
� cial intelligence relies on symbolic information processing tech-
niquesand uses logicas representationand inferencemechanisms.It
attempts to approach the high level of human cognition. In contrast,
soft computing is based on modeling low-level cognitive processes
andstronglyemphasizesmodelingof uncertaintyaswell as learning.
Computational intelligencemimics the ability of the human brain to
employ modes of reasoning that are approximate. Soft computing
provides a machinery for the numeric representation of the types
of constructs developed in the symbolic arti� cial intelligence.The
boundaries between these paradigms are of course fuzzy.

The principalconstituentsof soft computingareneurocomputing,
fuzzy logic, and genetic algorithms, as shown in Fig. 8. These ele-
ments, togetherwith probabilisticreasoning,can be combinedin hy-
bridarrangementsresultingin bettersystemsin termsof parallelism,
fault tolerance, adaptivity and uncertainty management. To the au-
thor’s knowledge,only neurocomputinghas beenemployedfor � uid
� ow control, but the other tools of soft computing may be just as
useful to constructpowerfulcontrollersand have in factbeenusedas
such in other � elds such as large-scalesubway controllersand video
cameras. A brief description of those three constituents follows.

Neurocomputing is inspired by the neurons of the human brain
and how they work. Neural networks are information processing
devices that can learn by adapting synaptic weights to changes in
the surrounding environment; can handle imprecise, fuzzy, noisy
and probabilisticinformation;and can generalizefrom known tasks
(examples) to unknown ones. Actual engineeringorientedhardware
are termed arti� cial neural networks (ANN), whereas algorithms
are called computational neural networks (CNN). The nonlinear,
highly parallel networks can perform any of the following tasks:
classi� cation, pattern matching, optimization, control, and noise
removal. As modeling and optimization tools, neural networks are
particularly useful when good analytic models are either unknown
or extremely complex.

An ANN consists of a large number of highly interconnected
processing elements, essentially equations known as transfer func-
tions, that are analogous to human neurons and are tied together
with weighted connections that are analogous to human synapses.
A processingunit takes weighted signals from other units, possibly
combines them, and gives a numeric result. The behavior of neural
networks—how they map input data—is in� uenced primarily by
the transfer functions of the processing elements, how the transfer
functions are interconnected,and the weights of those interconnec-

tions. Learning typically occurs by example—through exposure to
a set of input–output data—where the trainingalgorithmadjusts the
connection weights (synapses). These connectionweights store the
knowledge necessary to solve speci� c problems. As an example,
it is now possible to use neural networks to sense (smell) odors in
many different applications.149 The electronic noses (e-noses) are
on the verge of � nding commercial applications in medical diag-
nostics, environmental monitoring, and the processing and quality
control of foods. Neural networks as used in � uid � ow control will
be covered in the following subsection.

Fuzzy logic was introduced by Zadeh in 1965 as a mathematical
tool to deal with uncertainty and imprecision. The book edited by
Yager and Zadeh144 is an excellent primer to the � eld. For comput-
ing and reasoning, general concepts (such as size) are implemented
into a computer algorithm by using mostly words (such as small,
mediumor large). Fuzzy logic, therefore,providesa uniquemethod-
ology for computing with words. Its rationalism is based on three
mathematical concepts: fuzzy sets, membership function, and pos-
sibility. As dictated by a membership function, fuzzy sets allow a
gradual transition from belonging to not belonging to a set. The
concept of possibility provides a mechanism for interpreting fac-
tual statements involving fuzzy sets. Three processes are involved
in solvinga practicalproblem using fuzzy logic: fuzzi� cation, anal-
ysis, and defuzzi� cation. Given a complex, unsolvable problem in
real space, those three steps involve enlarging the space and search-
ing for a solution in the new superset, then specializingthis solution
to the original real constraints.

Genetic algorithms are search algorithms based loosely on the
mechanics of natural selection and natural genetics. They combine
survivalof the � ttest among string structureswith structuredyet ran-
domized information exchange and are used for search, optimiza-
tion and machine learning. For control, genetic algorithms aim at
achievingminimum cost functionand maximum performancemea-
surewhile satisfyingtheproblemconstraints.Goldberg,150 Davis,151

and Holland152 provide gentle introduction to the � eld.
In the Darwinian principle of natural selection, the � ttest mem-

bers of a species are favored to produce offspring. Even biologists
cannot help but being awed by the complexity of life observed to
evolve in the relatively short time suggested by the fossil records.
A living being is an amalgam of characteristics determined by the
(typically tens of thousands) genes in its chromosomes. Each gene
may have several forms or alternatives called alleles, which pro-
duce differences in the set of characteristics associated with that
gene. The chromosomes are, therefore, the organic devices through
which the structure of a creature is encoded, and this living being is
created partly through the process of decoding those chromosomes.
Genes transmits hereditary characters and form speci� c parts of a
self-perpetuated deoxyribonucleic acid in a cell nucleus. Natural
selection is the link between the chromosomesand the performance
of their decodedstructures.Simply put, the process of natural selec-
tion causes those chromosomes that encode successfulstructures to
reproduce more often than those that do not.

In an attempt to solve dif� cult problems, John H. Holland of the
University of Michigan introduced in the early 1970s the fabricated
version of the procedure of natural evolution. The candidate solu-
tions to a problem are ranked by the genetic algorithm according to
how well they satisfy a certain criterion,and the � ttest members are
the most favored to combine amongst themselves to form the next
generation of the members of the species. Fitter members presum-
ably produce even � tter offspring and, therefore, better solutions to
the problem at hand. Solutions are represented by binary strings;
each trial solution is coded as a vector called a chromosome. The
elements of a chromosome are described as genes, and its varying
values at speci� c positions are called alleles. Good solutions are
selected for reproduction based on a � tness function using genetic
recombination operators such as crossover and mutation. The main
advantageof genetic algorithms is their global parallelismin which
the search efforts to many regions of the search area are simultane-
ously allocated.

Genetic algorithms have been used for the control of different
dynamical systems, as, for example, the optimization of robot
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Fig. 9 Elements of a neural network.

trajectories. However, to the author’s knowledge and at the time
of writing this paper, reactive control of turbulent � ows is yet to
bene� t from this powerful soft computing tool. In particular, when
a � nite number of sensors are used to gather information about the
state of the � ow, a geneticalgorithmperhapscombinedwith a neural
network can adapt and learn to use current information to eliminate
the uncertainty created by insuf� cient a priori information.

Neural Networks for Flow Control

Biologicallyinspiredneuralnetworksare � nding increasedappli-
cations in many � elds of science and technology.Modelingof com-
plex dynamical systems, adaptivenoise canceling in telephonesand
modems, bomb sniffers,mortgage-riskevaluators,sonar classi� ers,
and word recognizersare but a few of existing usage of neural nets.
Nelson and Illingworth153 provide a lucid introduction to the � eld,
and Antsaklis154 focuses on the use of neural nets for the control of
complex dynamical systems. For � ow control applications, neural
networksoffer the possibilityof adaptivecontrollersthat are simpler
and potentiallyless sensitive to parameter variationsas comparedto
conventionalcontrollers.Moreover, if a colossal number of sensors
and actuators is to be used, the massively parallel computational
power of neural nets will surely be needed for real-time control.

The basic elements of a neural network are schematically shown
in Fig. 9. Several inputs are connected to the nodes (neurons or
processing elements) that form the input layer. There are one or
more hidden layers, followed by an output layer. Note that the num-
ber of connections is higher than the total number of nodes. Both
numbers are chosen based on the particular application and can
be arbitrarily large for complex tasks. Simply put, the multitask—
albeit simple—job of each processingelement is to evaluate each of
the input signals to that particular element, calculate the weighted
sum of the combined inputs, compare that total to some threshold
level, and � nally determine what the output should be. The various
weights are the adaptivecoef� cients,which vary dynamicallyas the
network learns to perform its assigned task; some inputs are more
important than others. The threshold, or transfer, function is gener-
ally nonlinear; the most common one being the continuoussigmoid,
or S-shaped, curve, which approaches a minimum and maximum
value at the asymptotes. If the sum of the weighted inputs is larger
than the threshold value, the neuron generates a signal; otherwise,
no signal is � red. Neural networks can operate in feedforward or
feedback mode. (Note that this terminology refers to the direction
of information through the network. When a neural net is used as a
controller, the overall control loop is, however, a feedback, closed
loop: The self-learningnetwork dynamicallyupdates its variouspa-
rameters by comparing its output to a desired output, thus requiring
feedback information relating to the effect of its control.) Complex
systems, for which dynamic equations may not be known or may
be too dif� cult to solve, can be modeled using neural nets.

For � ow control, neural networks provide convenient, fast, non-
linear adaptive algorithms to relate sensor outputs to actuator inputs
via variable-coef�cient functions and nonlinear, sigmoid saturation
functions. With no prior knowledge of the pertinent dynamics, a
self-learning neural network develops a model for that dynamics

through observations of the applied control and sensed measure-
ments. The network is by nature nonlinearand can, therefore,better
handle nonlinear dynamical systems, a dif� cult task when classical
(linear or weakly nonlinear) control strategies are attempted. The
feedforward type of neural network acts as a nonlinear � lter form-
ing an output from a set of input data. The output can then be com-
pared to some desired output, and the difference (error) is typically
used in a back-propagation algorithm, which updates the network
parameters.

The number of researchersusing neural networks to control � uid
� ows is growing rapidly. In here, we provide only a small sam-
ple. Using a pretrained neural network, Fan et al.52 conducted a
conceptual reactive � ow control experiment to delay laminar-to-
turbulence transition. Numerical simulations of their � ow control
systemdemonstratealmostcompletecancellationof singleand mul-
tiple arti� cial wave disturbances.Their controller also successfully
attenuateda natural disturbancesignal with developing wave pack-
ets from an actual wind-tunnel experiment.

Jacobson and Reynolds48;50;51 used neural networks to mini-
mize the boundary velocity gradient of three model � ows: the one-
dimensional stochastic Burgers equation, a two-dimensional com-
putational model of the near-wall region of a turbulent boundary
layer, and a real-time turbulent � ow with a spanwise array of wall
actuators together with upstream and downstreamwall sensors.For
all three problems, the neural network successfully learned about
the � ow and developed into pro� cient controllers. For the labora-
tory experiments,however, Jacobsonand Reynolds50 report that the
neural network training time was much longer and the performance
was no better than a simpler ad hoc controller that they developed.
Jacobsonand Reynoldsemphasizethat alternativeneuralnet con� g-
urationsand convergencealgorithmsmay, however,greatly improve
the network performance.

Using the angle of attack and angular velocity as inputs, Faller
et al.155 trained a neural network to model the measured unsteady
surface pressure over a pitching airfoil (also see Schreck et al.156 )
Following training and using the instantaneous angle of attack and
pitch rate as the only inputs, their155 network was able to predict ac-
curatelythe surfacepressuretopologyas well as the time-dependent
aerodynamic forces and moments. The model was then used to de-
velop a neural network controller for wing-motion actuator signals,
which in turn provided direct control of the lift-to-drag ratio across
a wide range of time-dependentmotion histories.

As a � nal example, Kawthar-Ali and Acharya157 developed a
neural network controller for use in suppressing the dynamic-stall
vortex that periodically develops in the leading edge of a pitching
airfoil. Based on the current state of the unsteady pressure � eld,
their control system speci� ed the optimum amount of leading-edge
suction to achieve complete vortex suppression.

IX. Use of MEMS for Reactive Control
Current usage for MEMS includesaccelerometersfor airbagsand

guidance systems, pressure sensors for engine air intake and blood
analysis, rate gyroscopes for antilock brakes, microrelays and mi-
croswitches for semiconductor automatic test equipment, and mi-
crogrippers for surgical procedures.35;36;158¡178 There is consider-
able work under way to include other applications, one example
being the micro-steam-engine described by Lipkin,179 Garcia and
Sniegowski,180;181 and Sniegowskiand Garcia.182 A secondexample
is the 3 £ 1:5 cm digital light processor that contains 0.5–2 £ 106

individually addressable micromirrors each typically measuring
16¹m on a side.Texas Instruments,Inc., is currentlyproducingsuch
device with a resolution of 2000£ 1000 pixel, for high-de� nition
televisions and other display equipments. The company maintains
that when mass produced, such device would cost on the order of
$100, that is, less than $0.0001 per actuator.

MEMS would be ideal for the reactive � ow controlconceptadvo-
cated in the present paper. Methods of � ow control targeted toward
speci� c coherent structures involve nonintrusivedetection and sub-
sequent modulation of events that occur randomly in space and
time. To achieve proper targeted control of these quasi-periodic
vortical events, temporal phasing as well as spatial selectivity are
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required. Practical implementation of such an idea necessitates the
use of a large number of intelligent, communicative wall sensors
and actuators arranged in a checkerboard pattern. In this paper, we
have provided estimates for the number, characteristicsand energy
consumption of such elements required to modulate the turbulent
boundary layer that develops along a typical commercial aircraft
or nuclear submarine. An upper-boundnumber to achieve total tur-
bulence suppression is about 1 £ 106 sensors/actuators per square
meter of the surface, although as argued earlier the actual number
needed to achieve effective control could perhaps be 1–2 orders of
magnitude below that.

The sensors would be expected to measure the amplitude, loca-
tion, and phase or frequencyof the signals impressed on the wall by
incipientbursting events. Instantaneouswall-pressureor wall-shear
stress can be sensed, for example. The normal or in-plane motion
of a minute membrane is proportional to the respective point force
of primary interest. For measuring wall pressure, microphonelike
devices respond to the motion of a vibrating surface membrane or
an internal elastomer. Several types are available including variable
capacitance (condenser or electret); ultrasonic; optical, for exam-
ple, optical � ber and diode laser; and piezoelectric devices (for
example, see Refs. 38, 183, and 184). A potentially useful tech-
nique for our purposes has been tried at the Massachusetts Insti-
tute of Technology.185¡188 An array of extremely small (0.2 mm in
diameter) laser-poweredmicrophones(termedpicophones) was ma-
chined in silicon,usingintegratedcircuit fabricationtechniques,and
was usedfor � eldmeasurementof the instantaneoussurfacepressure
in a turbulent boundary layer. The wall-shear stress, though smaller
and, therefore, more dif� cult to measure than pressure, provides a
more reliable signature of the near-wall events.

Actuators are expected to produce a desired change in the tar-
geted coherent structures. The local acceleration action needed to
stabilize an incipient bursting event can be in the form of adaptive
wall, transpiration,wall heat transfer,or electromagneticbodyforce.
Traveling surface waves can be used to modify a locally convect-
ing pressure gradient such that the wall motion follows that of the
coherent event causing the pressure change. Surface motion in the
form of a Gaussian hill with height yC D O[10] should be suf� cient
to suppresstypical incipientbursts.81;189 Such time-dependentalter-
ation in wall geometry can be generated by driving a � exible skin
using an array of piezoelectricdevices (dilate or contract depending
on the polarity of current passing through them), electromagnetic
actuators, magnetoelastic ribbons (made of nonlinearmaterials that
change their stiffness in the presenceof varyingmagnetic � elds), or
Terfenol-d rods (a novel metal composite, developed at Grumman
Corporation,which changesits length when subjectedto a magnetic
� eld). Note should also be made of other exotic materials that can
be used for actuation. For example, electrorheological� uids190 in-
stantly solidify when exposed to an electric � eld and may, thus, be
useful for the present application. Recently constructed microactu-
ators speci� cally designed for � ow control include those by Wiltse
and Glezer,191 James et al.,53 Jacobson and Reynolds,50 Vargo and
Muntz,192 and Keefe.54

Suction/injection at many discrete points can be achieved by
simply connecting a large number of minute streamwise slots, ar-
ranged in a checkerboard pattern, to a low-pressure/high-pressure
reservoir locatedunderneath the working surface.The transpiration
through each individual slot is turned on and off using a corre-
sponding number of independently controlled microvalves. Alter-
natively, positive displacement or rotary micropumps (for exam-
ple, see Sen et al.193 and Sharatchandra et al.194 ) can be used for
blowing or sucking � uid through small holes/slits. Based on the
results of Gad-el-Hak and Blackwelder,65 equivalent suction coef-
� cients of about 0.0006 should be suf� cient to stabilize the near-
wall region. When the skin-friction coef� cient in the uncontrolled
boundary layer is assumed to be C f D 0:003 and the suction used is
assumed to be suf� cient to establish an asymptotic boundary layer
(d±µ =dx D 0, where ±µ is the momentum thickness), the skin friction
in the reactively controlled case is then C f D 0 C 2 Cq D 0:0012,
or 40% of the original value. The net bene� t will, of course,
be reduced by the energy expenditure of the suction pump (or

micropumps), as well as the array of microsensors and micro-
valves.

Finally, if the burstingevents are to be eliminatedby lowering the
near-wall viscosity, direct electric-resistanceheating can be used in
liquid � ows and thermoelectric devices based on the Peltier effect
can be used for cooling in the case of gaseous boundary layers. The
absolute viscosity of water at 20±C decreases by approximately2%
for each 1±C rise in temperature,whereas for room-temperatureair,
¹ decreases by approximately 0.2% for each 1±C drop in tempera-
ture. The streamwise momentum equationwritten at the wall can be
used to show that a suction coef� cient of 0.0006 has approximately
the same effect on the wall curvature of the instantaneous velocity
pro� le as a surface heating of 2±C in water or a surface cooling of
40±C in air.195;196

Sensors and actuators of the types discussed in this section can
be combined on individual electronic chips using microfabrication
technology. The chips can be interconnected in a communication
network that is controlledby a massivelyparallelcomputeror a self-
learning neural network, perhaps each sensor/actuator unit commu-
nicating only with its immediate neighbors. In other words, it may
not be necessary for one sensor/actuator to exchange signals with
another far away unit. Factors to be considered in an eventual � eld
application of chips produced using microfabricationprocesses in-
clude sensitivity of sensors, suf� ciency and frequency response of
actuators’ action, fabrication of large arrays at affordable prices,
survivability in the hostile � eld environment, and energy required
to power the sensors/actuators.As arguedby Gad-el-Hak,4;55;56 sen-
sor/actuator chips currently produced are small enough for typical
� eld application, and they can be programmed to provide a suf� -
ciently large/fast action in response to a certain sensor output (see
also Jacobson and Reynolds50). Present prototypes are, however,
still quite expensive as well as delicate. However, so was the tran-
sistor when � rst introduced. It is hoped that the unit price of future
sensor/actuator elements would follow the same dramatic trends
witnessed in case of the simple transistor and even the much more
complex integrated circuit. The price anticipated by Texas Instru-
ments for an arrayof 1 £ 106 mirrorshints that the technologyis well
in its way to mass producephenomenallyinexpensivemicrosensors
and microactuators. Additionally, current automotive applications
are a rigorous proving ground for MEMS: Under-the-hoodsensors
can already withstand harsh conditions such as intense heat, shock,
continual vibration, corrosive gases, and electromagnetic � elds.

X. Summary
The frontiers of the � eld of � ow control have been emphasized,

and the important advances that have taken place during the past
few years and that provide a blueprint for future progress have been
reviewed. In two words, the future of � ow control is in taming tur-
bulenceby targeting its coherentstructures: reactivecontrol.Recent
developments in chaos control, microfabrication,and soft comput-
ing tools are making it more feasible to perform reactive control of
turbulent � ows to achieve drag reduction, lift enhancement,mixing
augmentation, and noise suppression. Field applications, however,
have to await further progress in those three modern areas.

The outlook for reactive control is quite optimistic.Soft comput-
ing tools and nonlinear dynamical systems theory are developingat
fast pace. MEMS technology is improving even faster. The ability
of Texas Instruments to produce an array of 1 £ 106 individually
addressable mirrors for around $0.01 per actuator is a foreteller of
the spectacularadvancesanticipated in the near future. Existing au-
tomotive applications of MEMS have already proven the ability of
such devices to withstand the harsh environment under the hood.
For the � rst time, targeted control of turbulent � ows is now in the
realm of the possible for future practical devices. What is needed
now is a focused, well-funded research and development program
to make it all come together for � eld application of reactive � ow
control systems.

In parting, it may be worth recalling that a mere 10% reduction
in the total drag of an aircraft translates into a saving of $1 billion in
annual fuel cost at 1999 prices for the commercial � eet of aircraft in
the UnitedStatesalone.(Perhapsevena biggersavingof $1.6 billion
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at 2000 prices.) Contrast this bene� t to the annual worldwide ex-
penditure of perhaps a few million dollars for all basic research in
the broad � eld of � ow control. Taming turbulence, though arduous,
will pay for itself in gold. Reactive control as dif� cult as it seems,
is neither impossiblenor a pie in the sky. Beside, lofty goals require
strenuousefforts.Easy solutionsto dif� cultproblemsare likelyto be
wrong as implied by the witty words of the famed journalist Henry
Louis Mencken (1880–1956): “There is always an easy solution to
every human problem—neat, plausible and wrong.”
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