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The capability to harness or alleviate unsteady aerodynamic forces and moments could dramatically
enhance aircraft control during severe maneuvers as well as signi� cantly extend the life span of both
helicopter and wind turbine blade/rotor assemblies. Using recursive neural networks, time-dependent
models that predict unsteady boundary-layer development, separation, dynamic stall, and dynamic reat-
tachment have been developed. Further, these models of the � ow ­ wing interactions can be used as the
foundation upon which to develop adaptive control systems. The present work describes these capabilities
for three-dimensional unsteady surface pressures and two-dimensional unsteady shear-stress measure-
ments obtained for harmonic and constant-rate pitch motions. In the near future, it is predicted that
such techniques will provide a viable approach for the development of six degree-of-freedom motion
simulators for severe vehicle maneuvers as well as a foundation for the active control of unsteady � uid
mechanics in a variety of systems.

Nomenclature
Cp = pressure coef� cient, ( p 2 p`)/q`

c = wing chord length, m
da/d t = dimensional pitch rate, deg/s
f = frequency, Hz
k = reduced frequency, cv/2U`

tnd = nondimensional time, tU` /c
U` = test section velocity, m/s
a = angle of attack, deg
a1 = nondimensional pitch rate, c(da/dt)p/180U`

v = 2p f

Introduction

A ERODYNAMIC bodies or lifting surfaces subjected to
time-dependent unsteady motion histories elicit unsteady

boundary-layer behavior, separation, and in severe maneuvers,
dynamic stall and dynamic reattachment. For constant-rate
pitch-up motions, spanwise nonuniformities in vortex struc-
ture, surface pressure topology, and aerodynamic forces have
been extensively characterized.1­ 4 Surface pressure nonuni-
formity and time dependency have also been shown for dy-
namic reattachment on airfoils5­ 7 and wings.8 Experimental
studies have documented the commonplace occurrence of un-
steady separated � ows on wind turbine blades,9 and dynamic
stall effects on the retreating blades of helicopter rotors as well
as on straight wings have been extensively summarized.10,11

Simplifying the problem by working with a two-dimensional
airfoil removes the spanwise effects. However, resolving the
details of unsteady boundary-layer growth and separation
across a wide range of dynamic conditions remains dif� cult.
For selected two-dimensional cases, unsteady boundary-layer
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separation has been described both computationally12 and ex-
perimentally.13,14 The prominent in� uence of transition on un-
steady � ow� elds for both attached and separated � ow� elds has
been addressed.14­ 18

Nevertheless, neither experimental studies nor computa-
tional simulations can provide the capability to characterize
three-dimensional unsteady � ow� eld development across the
parameter range likely to be encountered for practical aero-
dynamic applications. To date, the complex nature of unsteady
� ow� elds has precluded control. However, recent work indi-
cates that, across an extremely broad range of parameters, both
steady and unsteady aerodynamics can be modeled using either
neural networks or recursive neural networks (RNN).19­ 26

Techniques have also been addressed for integrating these un-
steady aerodynamic RNN models with mechanical actuators to
demonstrate the ease with which adaptive control systems
might be produced.22 Herein, we describe the application of
RNNs to the modeling of unsteady boundary-layer develop-
ment, separation, and dynamic stall.

Methods
Unsteady Surface Pressure Measurement

Unsteady surface pressure measurements were performed in
the Frank J. Seiler 0.91 3 0.91 m low-speed wind tunnel lo-
cated at the U.S. Air Force Academy. A rectangular planform
wing (NACA 0015 cross section), having a 15.24-cm chord
and 30.48-cm span was bounded at the root by a circular split-
ter plate 30.48 cm in diameter. Fifteen Endevco 8507-2 min-
iature pressure transducers were close-coupled to the wing sur-
face through 15 pressure ports located along the chord line.
The 15 transducers were located between 0% chord, the lead-
ing edge, and 90% chord. These 15 pressure transducers were
moved to various spanwise positions. This is shown schemat-
ically in Fig. 1a. In all surface-pressure tests, wind-tunnel test
section velocity was held constant at 9.14 m/s, corresponding
to a chord Reynolds number of 6.9 3 104. Signals originating
from the pressure transducers were sampled at 500 Hz per
transducer and low-pass � ltered at 250 Hz. In all cases, 20
consecutive wing pitch motions were sampled and ensemble-
averaged to arrive at the � nal surface pressure data set for each
record. A detailed explanation of the experimental methods has
previously been provided.4,8
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Fig. 1 a) Spanwise and chordwise locations of the pressure trans-
ducers for a three-dimensional model, b) planform view of the
two-dimensional wing, and c) the locations of the shear-stress
elements on a two-dimensional model.

Harmonic Wing Motions

The wing/splitter plate con� guration was oscillated sinusoi-
dally in pitch about the wing quarter chord. Three mean angles
of attack am, three oscillation amplitudes av, and three reduced
frequencies k were collected for a total of 27 combinations of
am, av, and k. The mean angles of attack tested were 5, 10,
and 15 deg. The oscillation amplitudes tested were 2, 5, and
10 deg. Reduced frequencies tested were 0.05, 0.10, and 0.15,
corresponding to oscillation frequencies of 0.95, 1.9, and 2.86
Hz. For each test condition, one full cycle of data was col-
lected starting and ending at the maximum angle of attack.
Note, surface pressure records were collected only at the
37.5% span location for these test conditions.

Following acquisition, the experimental records were di-
vided into two groups. The � rst group exhibited moving sur-
face pressure minima that indicated the convection of a lead-
ing-edge vortex (LEV) (vortex present). This included the nine
records with a mean angle of attack of 15 deg and the three
records with both a mean angle of attack and oscillation am-
plitude of 10 deg. The second group did not exhibit surface
pressures indicative of a LEV (vortex absent). This group was
comprised of all records that did not exceed a maximum angle
of attack of 15 deg. This included the nine records with a mean

angle of attack of 5 deg and the six records with mean angle
of attack of 10 deg and oscillation amplitude of either 2 or 5
deg.

Unsteady Shear-Stress Measurement

Surface shear-stress measurements were performed in the
Frank J. Seiler 0.91 3 0.91 m low-speed wind tunnel located
at the U.S. Air Force Academy. A two-dimensional airfoil hav-
ing a NACA 0015 cross section and a 15.24-cm chord was
instrumented with a multielement hot-� lm sensor. Fifteen hot-
� lm sensor elements were located between 0% chord, the lead-
ing edge, and 21% chord. The spacing between elements was
a uniform 2.54 mm along the upper-surface contour of the
airfoil. This is shown schematically in Figs. 1b and 1c. Each
element was connected to a constant temperature thermal
anemometer having a bandwidth of 10 kHz. A detailed expla-
nation of this type of hot-� lm array and the experimental mea-
surements has previously been described.13,14 A detailed expla-
nation of the experimental data pertinent to the model shown
herein is available.14 Brie� y, these are uncalibrated shear-stress
measurements. Each hot-� lm sensor has been normalized
based on the maximum value recorded per sensor. Thus, the
maximum value for each individual hot-� lm sensor is one.
Nevertheless, the time ­ history of the data is correct, the mag-
nitude is simply uncalibrated.

Starting at 0 deg, the airfoil was pitched up at a constant
rate about the wing quarter chord through the static stall angle.
Pitch rates da/d t of 23, 46, 92, 183, 367, and 733 deg/s were
employed. Wind-tunnel test section velocities of 3.1, 6.1, 12.2,
and 24.4 m/s were tested for each of these pitch rates, corre-
sponding to chord Reynolds numbers of 2.3 3 104, 4.6 3 104,
9.2 3 104, and 1.84 3 105. This yielded nondimensional pitch
rates of 0.0025, 0.005, 0.01, 0.02, 0.04, and 0.08 for a test
section velocity of 24.38 m/s. Obviously, nondimensional pitch
rates are different for other test section velocities. Signals orig-
inating from each of the 15 hot-� lm elements were sampled
at 2 kHz and low-pass � ltered at 1 kHz. Again, 20 consecutive
wing pitch motions were sampled and ensemble-averaged to
arrive at the � nal shear-stress data set for each record. A total
of 24 combinations of nondimensional pitch rate and test sec-
tion velocity were recorded.

RNN Simulations

The RNN architecture is shown schematically in Fig. 2a. A
standard sigmoidal activation function, y = 1/(1 1 e 2x), was
used for all units. The inputs to the RNN were the unsteady
motion history comprised of the instantaneous a, the angular
velocity da/d t, the angular acceleration d2a/dt 2, and the sur-
face pressure or shear-stress initial conditions at time t0. Thus,
the input layer was composed of 18 units for the harmonic
motion surface pressure model as well as for the shear-stress
model (one span location). Similarly, the output layer was
composed of 15 units in both cases. In all models, both hidden
layers were composed of 32 units. The targeted outputs were
either the surface pressure or shear-stress values at time (t 1
Dt). Subsequently, to model the time dependence, the RNN
predictions were fed back as inputs to the RNN throughout
the motion history. This type of RNN model has previously
been described in detail.22,23

In all cases, to train the models, a subset of the available
data records was used to teach the RNN the relationship be-
tween time-dependent motion histories and the temporal evo-
lution of either the unsteady surface pressures or shear stresses.
All initial connection weights were set randomly between
20.25 and 0.25. The data sets were presented randomly with
the stipulation that each data set be presented an equal number
of times. The models were trained using a time-series algo-
rithm based on backpropagation. For all models, training was
continued until the time-averaged error was less than 5% for
each of the training sets.
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Fig. 2 a) RNN architecture and b) operational RNN following
training (� xed weights).

Unsteady Surface Pressure Simulation

For the harmonic motion histories, three different models
were developed. One model was trained only on records that
did not exhibit evidence of an LEV. In this case, 10 of 15 such
vortex absent records were used to train the model. Post-train-
ing generalization to other vortex absent records as well as the
capability to generalize from vortex absent � ow conditions to
� ow conditions that exhibited a LEV could be addressed. A
second model was trained only on vortex present records that
exhibited evidence of an LEV. This model was trained on 8
of the 12 available LEV records. Post-training generalization
to other LEV records as well as the capability to generalize
from vortex present � ow conditions to vortex absent � ow con-
ditions could be addressed. A third model was trained across
the entire parameter space, both types of records were included
in the training data. In this case, 18 of the 27 records were
used to train the model. Post-training generalization to both
record types could be addressed. Overall, these three models
provided an opportunity to study RNN performance charac-
teristics and to qualitatively address some of the similarities
and differences between vortex absent � ow� elds and � ow-
� elds that were characterized by the presence of an LEV.

Unsteady Shear-Stress Simulation

Unsteady boundary-layer development was modeled using
the same RNN paradigm shown schematically in Fig. 2a. For
the shear-stress measurements, two different models were de-
veloped. One model was trained only on a test section velocity
of 24.4 m/s and four of six pitch rates (23, 46, 183, and 733
deg/s). This model was used to determine the capability of
RNNs to model time-dependent unsteady boundary-layer be-
havior. The second model was trained on three of four test
section velocities, 12.2 m/s was excluded, and the same four
of six pitch rates. This model incorporated the test section
velocity as an input, and was used to determine RNN predic-
tive capabilities across a limited range of Reynolds number.

Results
The operational characteristics of the RNN models are

shown schematically in Fig. 2b. The only external inputs were
the instantaneous a, the angular velocity da/d t, and the angular
acceleration d2a/dt 2. For each input motion history the RNN

model, in turn, yielded either the time-dependent unsteady sur-
face pressures or unsteady shear stresses. Signi� cantly, the
modeled � ow­ wing interactions generated by any motion his-
tory, including harmonic motions and complex ramp histories
(composed of multiple pitch rates), can be computed faster
than real-time using this approach.

To evaluate the RNN performance, the model-predicted val-
ues were compared directly to the experimentally measured
data. The performance of the model was veri� ed in two ways,
graphically by coplotting the experimentally measured values
against the RNN predicted values, and quantitatively by cal-
culating the time-averaged error between the predicted and
measured values. Note, all � gures, except two (Figs. 6a and
7a), are for records on which the recursive neural network
models were not trained. Thus, the capability of RNNs to pro-
vide a practical solution to unsteady � uid mechanics problems
is clearly demonstrated. Further, the results summarize the
complete range of motion histories and � ow� eld types that
have been modeled using RNNs.

Unsteady Surface Pressures

In all � gures, time-varying surface pressure at port 1, the
leading edge, is at the bottom of the � gure. Time-varying sur-
face pressure at port 15, 90% chord, is at the top. The ordinate
is surface pressure and the abscissa is nondimensional time.
The measured data are shown as solid lines and the RNN pre-
dictions as dashed lines. Surface pressure magnitudes are ac-
curate and increase toward the bottom of the � gure. Note, the
plots have been offset to ease comparison.

Pitch-Up Wing Motions

Figure 3a shows the graphical analyses for a nondimensional
pitch rate of 0.15 at the 37.5% span location. This record was
not used during training. The RNN accurately models the in-
itial surface pressure decline for the � rst two port locations.
At the remaining port locations, however, the initial surface
pressure decline was slightly underpredicted. Although suction
peak magnitudes were slightly underpredicted, the model ac-
curately predicted the suction peak time of occurrence for all
port locations. Similar results were obtained for the remaining
two records corresponding to the wing root and tip. Consistent
results were obtained for other constant pitch rates previously
unseen by the RNN model. These results have been described
in detail.22 Overall, the results showed that given only limited
training data, a single RNN model can be developed that ac-
curately predicts dynamic stall throughout the experimentally
bounded parameter space.

Pitch-Down Wing Motions

Figure 3b shows the results for a nondimensional pitch rate
of 0.075 at the 37.5% span location. This record was not used
during training. The model accurately predicted the initial sur-
face pressure rise. The increase in surface pressure is then
followed by a surface pressure decrease. This decrease in sur-
face pressure, which proceeds from the leading-edge region to
the trailing edge of the wing, indicates � ow� eld reattachment.
Based on this de� nition, time of � ow� eld reattachment was ac-
curately predicted by the model. However, the magnitude of the
pressure reversal was underpredicted. Interestingly, the records
at 0 and 80% span were predicted more accurately.These results
have been described in detail.23 These results support the pre-
vious indication, from dynamic stall models, that highly accurate
real-time models of unsteady separated � ow� elds can be de-
veloped using RNNs. Note, because of the relatively small mag-
nitude of the pressure readings, a factor of 5 ­ 10 smaller than
for dynamic stall, the signal re� ects mechanical vibrations in
some instances, despite ensemble averaging.

Harmonic Wing Motions

Again, only results for records on which the RNN model
was not trained are shown. In all � gures, the data record starts
and ends with the wing at the maximum angle of attack.
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Fig. 3 Predicted and measured surface pressures for a) a pitch-
up wing motion (a1 = 0.15 at 37.5% span) and b) a pitch-down
wing motion (a1 = 0.075 at 37.5% span).

Fig. 4 RNN predictions for model trained on both vortex absent
and LEV (vortex present) records. Predicted and measured sur-
face pressures for a harmonic wing motion: a) am= 15 deg, av =
10 deg, k = 0.10 at 37.5% span and b) am = 5 deg, av = 10 deg,
k = 0.10 at 37.5% span.

Figures 4a and 4b show the results for the RNN model
trained across the full parameter space (both vortex absent and
vortex present records). Figure 4a shows the RNN prediction
for a record that exhibited a LEV. Mean angle of attack was
15 deg, oscillation amplitude was 10 deg, and reduced fre-
quency was 0.10. Initial surface pressure magnitudes are un-
derpredicted, followed by a slight overprediction. However,
most of the descending and ascending phase of the motion
history are accurately modeled, including generation and con-
vection of the LEV. Figure 4b shows the RNN prediction for
a record that did not exhibit a LEV. Mean angle of attack was
5 deg, oscillation amplitude was 10 deg and reduced frequency
was 0.10. Near the leading edge, initial surface pressure mag-
nitudes are slightly overpredicted. However, both the descend-
ing and ascending phase of the motion history were accurately
modeled.

In general, as measured by the time-averaged error, the RNN
model predicted the surface pressures to within 5% of the ex-

perimental data. Consistent results were obtained both for the
training data as well as for generalization to other harmonic
motions. It is worth noting, however, that the most dif� cult
records to model were those with the smallest oscillation am-
plitude (2 deg). In these cases, the error was roughly 10%.
Nevertheless, these results strongly suggest that a RNN trained
on both vortex absent and vortex present � ow� eld conditions
can accurately model the entire parameter space bounded ex-
perimentally by the full range of harmonic motion histories
tested.

Figures 5a and 5b show the results for the RNN model
trained only on records that exhibited an LEV. To maintain
consistency, model predictions are compared to the same mea-
sured data used in Fig. 4. Figure 5a shows the prediction for
the vortex present case. Again, mean angle of attack was 15
deg, oscillation amplitude was 10 deg, and reduced frequency
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Fig. 5 a) and b) RNN predictions for model trained on only LEV (vortex present) records. c) and d) RNN predictions for model trained
on only vortex absent records. a) and c) Predicted and measured surface pressures for a harmonic wing motion (am= 15 deg, av = 10
deg, k = 0.10 at 37.5% span). b) and d) Predicted and measured surface pressures for a harmonic wing motion (am= 5 deg, av = 10 deg,
k = 0.10 at 37.5% span).

was 0.10. For all pressure port locations initial surface pres-
sures are underpredicted, following which constant surface
pressure values were accurately predicted. Near the leading
edge, the LEV was accurately predicted; however, following
convection of the vortex downstream, the surface pressure
magnitudes were overpredicted. Similarly, near the trailing
edge the LEV is reasonably well predicted; however, the sur-
face pressure magnitudes are substantially overpredicted fol-
lowing vortex passage. Figure 5b shows the prediction for the
vortex absent record. Again, mean angle of attack was 5 deg,
oscillation amplitude was 10 deg, and reduced frequency was
0.10. Near the leading edge, the initial surface pressure mag-
nitudes are substantially overpredicted. In general, for vortex
absent records, the RNN predictions show relatively large er-
rors in both amplitude and phase with respect to the experi-
mental data.

In general, as measured by the time-averaged error, the
vortex present RNN model can be characterized as follows.
For LEV records, the RNN predicted surface pressures were
within 10% of the experimental data. As shown, the model
had the most dif� culty predicting the surface pressure mag-
nitudes following passage of the LEV. In addition, test cases
with the smallest oscillation amplitude (2 deg) also caused
increased prediction error. For vortex absent records, the
RNN predicted surface pressures yielded errors greater than
10%. Clearly, these results indicate that an RNN model
trained only on vortex present � ow� eld conditions does not
accurately model the entire parameter space. Further, just
considering predictions of the LEV cases, the results clearly
indicate that the model trained on both vortex absent and
vortex present records was more accurate than the model
trained only on LEV cases.
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Fig. 6 RNN predictions for a shear-stress model trained on one
test section velocity (Reynolds number 1.84 3 105). Predicted and
measured shear-stress values for a pitch rate of a) 46 and b) 367
deg/s.

Figures 5c and 5d show the results for the model trained
only on vortex absent records. Again, to maintain consistency,
the same two test cases are shown. Figure 5c shows the RNN
prediction for the LEV case. For all pressure port locations
surface pressure predictions are poor. However, near 0-deg an-
gle of attack, between nondimensional times 15.0­ 20.0, sur-
face pressure predictions are accurate and � ow� eld separation
during the ascending phase is reasonably well predicted.
Clearly, the model does not predict the dynamic stall vortex.
Figure 5d shows the RNN prediction for the steady case.
Clearly, all predicted surface pressures had less than a 5%
error, and � ow� eld reattachment and separation were accu-
rately predicted in both magnitude and phase.

In general, as measured by the time-averaged error, the vor-
tex absent RNN model can be characterized as follows. For
the prediction of LEV (vortex present) records, the model pre-
dicted unsteady surface pressures were inaccurate. As shown
in Fig. 5c, after a nondimensional time of 25.0, the model does
not predict the surface pressures associated with the LEV. For
vortex absent records, the RNN-predicted surface pressures
were highly accurate (less than 5% error). Again, consistent
with results shown earlier, the most dif� cult cases to model
were those with the smallest oscillation amplitude (2 deg).
Clearly, these results indicate that a RNN model trained only
on vortex absent � ow� eld conditions does not accurately
model the entire parameter space. However, just considering
predictions of the vortex absent cases, the results clearly in-
dicate that the model trained only on vortex absent conditions
was more accurate than the model that was trained on both
types of records.

Overall, the results from all three RNN models suggest the
following physical relationships across � ow� eld conditions.

1) The results indicate that � ow� elds that do not exhibit a
LEV (vortex absent) can be described by a set of physical
rules, derived solely from vortex absent records.As such, these
rules appear to be independent of the physical rules governing
� ow� elds that do exhibit an LEV. Thus, an RNN model trained
only on the vortex absent test cases is extremely accurate
throughout that portion of the parameter space, but does not
model the dynamic stall vortex.

2) The results indicate that the physical rules governing
� ow� elds that do give rise to an LEV (vortex present) are not
determinable solely from vortex present records. The rules ap-
pear to be at least partially dependent on the rules that describe
the vortex absent cases. Thus, a RNN model trained only on
the vortex present test cases accurately predicts the LEV, but
yields prediction errors following LEV passage.

3) An RNN trained on both types of records accurately mod-
els the entire parameter space bounded experimentally by the
full range of harmonic motion histories tested. Whereas, a
model trained solely on either type of record does not model
the full parameter space. Thus, the results indicate that an ac-
curate set of physical rules describing both vortex absent and
vortex present � ow� elds can best be determined from a mix
of both types of records. Since the vortex present RNN model
predicts the vortex absent test cases signi� cantly better than
the vortex absent model predicts the LEV test cases, this mix
seems to be weighted toward the vortex present rules.

Unsteady Shear Stress

In all � gures, element 1, the leading edge, is at the bottom
of the � gure, and element 15, 21% chord, is at the top. The
ordinate is normalized output voltage, uncalibrated shear-stress
measurements, and the abscissa is nondimensional time. All
hot-� lm sensor voltage values have been normalized to the
same maximum value of one. Measured values are shown as
a solid line and the RNN predictions as a dashed line. Again,
the plots have been offset to ease viewing.

For all elements, increased heat transfer is in the downward
direction (toward the bottom of the � gure). In all cases, near
the leading edge, in response to increasing wing pitch angle,

the � ow is accelerated and heat transfer initially increases
(negative or descending traces). However, for elements farther
downstream, increasing wing pitch angle causes a decrease in
the heat transfer (positive or ascending traces). This decrease
in heat transfer is indicative of boundary-layer thickening. Fol-
lowing boundary-layer thickening, the rapid increase in heat
transfer is caused by unsteady boundary-layer transition. Fol-
lowing LEV passage heat transfer again decreases.

Figures 6a and 6b show the results for the RNN model
trained on only one test section velocity (24.4 m/s, Reynolds
number 1.84 3 105). Figure 6a shows the results for a pitch
rate on which the model was trained (46 deg/s). Initial shear-
stress values are accurately predicted, except at element 7.
Boundary-layer thickening and transition are reasonably well
predicted. However, the model predicted values tend to lag the
measurements. Following passage of the LEV, the model does
not predict the time at which shear stress decreases. Figure 6b
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Fig. 7 RNN predictions for a shear-stress model trained on three of four test section velocities (Reynolds numbers 2.3 3 104, 4.6 3 104,
and 1.84 3 105): a) predicted and measured shear-stress values for a pitch rate of 183 deg/s and Reynolds number 1.84 3 105, b) pitch
rate of 367 deg/s and Reynolds number 1.84 3 105, c) pitch rate of 183 deg/s and Reynolds number 9.2 3 104, and d) pitch rate of 367
deg/s and Reynolds number 9.2 3 104.

shows similar results for a pitch rate on which the RNN model
was not trained (367 deg/s). Again, events up to LEV passage
are well predicted. However, the RNN-predicted values tend
to lead the measurements. In general, as measured by the time-
averaged error, the RNN shear-stress predictions were within
10% of the experimental values.

Figures 7a ­ 7d show the results for the RNN model trained
on three of four test section velocities and four of six pitch
rates. Figure 7a shows the results for a pitch rate (183 deg/s)
and Reynolds number (1.84 3 105) on which the model was
trained. Shear-stress values were accurately predicted, how-
ever, following passage of the LEV the decrease in heat trans-
fer was underpredicted. Figure 7b shows similar results for a
Reynolds number of 1.84 3 105, and a pitch rate (367 deg/s)
on which the model was not trained. In this case, predicted
transition slightly leads the measurements. Consistent with pre-

vious results, the magnitude of the decrease in heat transfer
following passage of the LEV was not accurately predicted.

Figures 7c and 7d show the results for a Reynolds number
of 9.2 3 104, on which the RNN model was not trained. Figure
7c shows the results for a pitch rate of 183 deg/s. Initial shear-
stress values are reasonably well predicted. However, bound-
ary-layer transition signi� cantly lags the measurements. Fol-
lowing LEV passage, the decrease in heat transfer is
overpredicted. Figure 7d shows similar results for a pitch rate
of 367 deg/s. In this case, predicted transition only slightly
lags the measurement, but the decrease in heat transfer is not
well predicted.

Although further work remains to be done, these results sug-
gest that RNN models can accurately predict unsteady bound-
ary-layer development and separation across a broad range of
pitch rates and Reynolds numbers. Given the complexity of
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the task, the quality of the predictions (10 ­ 20% error on av-
erage) was encouraging. Further, these results suggest that the
capability to include freestream or test section velocities as
inputs to the RNN models should extend to surface pressure
measurements. Thus, using RNNs, it should be possible to
model both unsteady boundary-layer behavior and the corre-
sponding unsteady surface pressures across a wide range of
pitch rates and Reynolds numbers.

Conclusions
The work described herein shows that RNNs can be used to

accurately predict unsteady aerodynamics. Using RNNs, time-
dependent models that predict unsteady boundary-layer devel-
opment and separation, dynamic stall, and dynamic reattach-
ment have been developed. RNN models can incorporate the
widely differing physics of either the unsteady separating
boundary layer, or of the globally separated unsteady � ow� eld
dominated by a large energetic vortex. Operationally, the un-
steady � ow� eld wing interactions could be de� ned for any
time period over which the motion history was a known func-
tion (a few milliseconds to tens of seconds).

Overall, the results showed that given only limited training
data, the following can be accomplished using RNNs.

1) RNN models can be developed that accurately predict the
pressure distribution of three-dimensional unsteady separated
� ow� elds for pitch-up wing motions.

2) RNN models can be developed that accurately predict the
pressure distribution of three-dimensional dynamic reattach-
ment for pitch-down wing motions.

3) RNN models can be developed that accurately predict the
pressure distribution of three-dimensional unsteady separated
� ow� elds for harmonic wing motions that give rise to both
vortex absent and vortex present � ow� elds. Further, these
models provided an indication that an accurate set of physical
rules describing both types of � ow� elds can only be deter-
mined from a mix of vortex absent and vortex present records.
As shown herein, this mix seems to be weighted toward the
vortex present rules.

4) It appears that RNN models can be developed that ac-
curately predict unsteady boundary-layer development and
separation across a broad range of pitch rates and Reynolds
numbers for a two-dimensional airfoil.

Further, as previously shown, these models of the � ow­
wing interactions can be used as the foundation for developing
adaptive control systems.22 Using an RNN model of the surface
pressure topologies and aerodynamic coef� cients, two ap-
proaches were shown for controlling the unsteady aerodynamic
forces. First, a method for optimizing crucial parameters was
explored. Second, a neural network controller was used to de-
velop a real-time, closed-loop control system for commanding
unsteady L /D. The results showed that neural network con-
trollers provide one approach to the control of unsteady � uid
mechanics problems. In the near future, such techniques will
provide a viable approach for the development of six degree-
of-freedom motion simulators for severe vehicle maneuvers as
well as a foundation for the active control of unsteady � uid
mechanics in a broad range of systems and devices.25,26
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