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Stochastic Prediction Techniques for
Wind Shear Hazard Assessment
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The threat of low-altitude wind shear has prompted development of aircraft-based sensors that measure winds
directly on an aircraft's intended flight path. Measurements from these devices are subject to turbulence inputs
and measurement error, as well as to the underlying wind profile. In this paper stochastic estimators are
developed to process onboard Doppler sensor measurements, producing optimal estimates of the winds. A
stochastic prediction technique determines the level of aircraft energy performance from the wind estimates.
Aircraft performance degradation algorithms presented are based on optimal estimation techniques. The predic-
tion algorithm must balance wind shear detection performance and turbulence rejection capability, as illustrated
in simulations of microburst wind shear and severe turbulence environments.

Introduction

S TRONG variable winds in the airport vicinity can cause
unacceptable deviation of aircraft from their intended

flight path. Known as low-altitude wind shear, this threat has
caused at least 24 aviation accidents in the last 25 years.1

Efforts to promote the avoidance of severe wind shear have
focused on improving flight crew training programs,2 under-
standing the meteorology of wind shear,3'5 and developing
technology to detect wind shear in the terminal area. Ground-
based sensor systems to measure airport-vicinity winds are
being developed and installed at major airports,6'7 along with
techniques to automatically identify a wind shear and predict
its formation.8-10 Sensors to detect wind-shear-induced flight-
path deviations are being installed on aircraft,11'12 and for-
ward-looking sensors to detect wind shear in front of the air-
craft also are under development.13'15 Interpretation of this
information in the cockpit is a topic of current research.

As the amount of available information grows, accurate
interpretation of the information by flight crews becomes
more challenging, particularly during periods of high work-
load. Artificial intelligence technology provides a basis for a
cockpit aid to assist flight crews in avoiding low-altitude wind
shear. An expert system, the Wind Shear Safety Advisor,16

depicted schematically in Fig. 1, will operate in real time,
accepting evidence from onboard and ground-based sources,
perhaps facilitated by a direct data link (represented by a dot-
ted line in Fig. 1). The goal of this system is to increase flight
crew situation awareness and decision reliability by summariz-
ing information from a variety of information sources.

In the absence of direct measurements of the winds, a deci-
sion to avoid wind shear must be based on discrete alerts from
wind shear detection systems and meteorological evidence.
Various levels of reliability associated with this indirect evi-
dence complicate the risk assessment process. A probabilistic
model of this process has been developed that incorporates
statistics from meteorological studies and reliability statistics
for wind-shear-alerting systems.17 The model can manage the
uncertainty associated with indirect evidence, providing mean-
ingful estimates of risk.
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If onboard measurements of the winds were available, a
hazardous level of wind shear could be identified by deter-
mining whether the level of some hazard metric, based on the
wind measurements, exceeds a threshold. Hazard metrics
considered previously include maximum horizontal winds3

and F-factor,14 which relates wind shear to aircraft perfor-
mance. Computation of the hazard level is complicated by
uncertainty surrounding the wind measurements, including
turbulence and measurement errors. In this paper Kalman fil-
ters are developed to produce optimal wind estimates from
onboard wind sensors, based on a stochastic wind model.
These algorithms are demonstrated in a simulated microburst
wind shear environment.

From the wind estimates, predictions of the aircraft's per-
formance degradation can be made using stochastic predic-
tion techniques.18'19 In addition to the predictions themselves,
these techniques produce measures of the possible error in the
predictions due to turbulence and limitations of the measure-
ment devices. In this paper a Kalman-filter-based prediction
technique to predict F-factor and aircraft performance degra-
dation is demonstrated in simulated microburst wind shear
encounter. The response characteristics of the prediction tech-
nique must provide significant response to severe wind shear
and limited response to turbulence. In this paper stochastic
prediction techniques with different design parameters are
demonstrated in a simulated microburst wind shear and severe
turbulence environments.

Probabilistic Reasoning in Artificial Intelligence
The power of an intelligent system rests in its ability to

produce meaningful conclusions by reasoning, i.e., by apply-
ing knowledge stored in the system to available evidence. In
probabilistic models of reasoning, knowledge is stored in the
form of probabilities, and Bayes's rule20 and the axioms of
probability21 are used to condition these probabilities on evi-
dence. When several pieces of evidence are supplied, the appli-
cation of Bayes's rule is complicated by dependencies between
pieces of evidence. A structure to these dependencies must be
provided for efficient reasoning. In Bayesian network repre-
sentation22 a graphical representation provides this structure,
such as the one for wind shear avoidance graphed in Fig. 2.
Nodes in the diagram represent discrete random variables, and
the links between them represent sets of conditional probabil-
ities used during reasoning. The network representation ena-
bles efficient probabilistic reasoning because all of the depen-
dencies between variables are specified by the links.

The network of Fig. 2 was developed using guidelines for
wind shear avoidance presented in the FAA's Windshear
Training Aid document,2 which was written by a team from
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Fig. 1 Wind shear safety advisor schematic diagram.

Fig. 2 Graphical representation of a Bayesian network for wind
shear avoidance.

the air frame industry with the support of airlines, the govern-
ment, and academia. The network model incorporates statisti-
cal results from the NIMROD,3 JAWS,3'4 and FLOWS5 stud-
ies and for the enhanced Low-Level Windshear Alert System
(LLWAS) evaluation.7 Demonstrations of the network17 show
that it can approximate the subjective judgments required to
establish the possible presence of wind shear.

A probabilistic model establishes a scientific basis for
the Windshear Training Aid avoidance guidelines. Since the
completion of the Windshear Training Aid, a variety of new
ground-based and airborne wind shear detection systems are
being devleoped, such as the Terminal Doppler Weather Radar
(TDWR) system. The probabilistic model can be expanded to
include statistics from new detection systems established dur-
ing their evaluation. New knowledge gained from meteorolog-
ical studies, such as geographical variation of wind shear fre-
quency, can also be included.

Kalman Filter Development
for Doppler Wind Measurements

Airborne sensor technology with the capability to detect
wind shear in front of the aircraft is currently under devel-
opment, including Doppler radar,13 Doppler lidar,14 and in-
frared15 technology. Doppler devices measure a shift in fre-
quency of radar or light waves emitted along a radial line,
measuring the component of wind velocity parallel to that line.
Operational devices could provide measurements of head
winds or tail winds at a series of locations along the aircraft's
intended approach or takeoff path. For example, airborne
Doppler radars could provide measurements spaced at ~ 500-
ft intervals over a range of 3-5 miles, spanning 50-100 s of
flight at approach speed.13 This sequence of measurements
contains the effect of turbulence and is corrupted by measure-
ment noise as well. A bank of Kalman filters can improve the
accuracy of hazard estimates based on successive measurement
sequences, minimizing measurement noise and accounting for
correlation in the wind field using a stochastic model.

As the aircraft travels down the flight path, measurements in
successive sequences are offset by a distance d (Fig. 3), which

is assumed to be small relative to the distance between adjacent
range gates L. At a given time, a sequence of measurements is
obtained. Each member of this sequence represents the aver-
age value of the radial wind component in an interval of length
L at that time.

A first-order Markov model for the turbulent winds can be
based on the Dryden power spectrum for horizontal turbu-
lence, given by Ref. 23 as

1
7T / [\+(Luu)2]

(1)

Parameters of this model include the turbulence scale length Lu
and the root-mean-square turbulence amplitude au. The corre-
sponding discrete Markov sequence is

, _ 1 (2)

where du is the ratio of dtoLu. The 17 is a normally-distributed
white noise sequence with mean and variance:

(3)

(4)

This model uses the discrete white noise sequence ?? to approx-
imate the integrated effect of continuous white noise. Figure 4
presents the autocovariance function associated with Eq. (1),
along with the autocovariance function of the sequence of
Eq. (2), indicating the agreement of the turbulence models.

With the assumption that measurement noise is super-
imposed on the radial wind components, the measurement at
range gatey during measurement sequence k, Zjk can be related

-Range Gate "j'

Fig. 3 Forward-look sensor measurement process.
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Fig. 4 Comparison of Dryden turbulence spectrum autocovariance
function and autocovariance function of discrete turbulence model.
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to the corresponding scalar radial wind component by the
relationship

zjk =

This can be rewritten as

njk (5)

(6)

where V/ is the aircraft's inertial speed at the time of measure-
ment sequence A:, and Zjk has this bias subtracted out. Error in
the inertial speed estimate, nVr which is made from onboard
measurements, is added to njk to produce njk:

= njk + n Vj (7)

The measurement error n is assumed to be a zero-mean, nor-
mally distributed white noise sequence, with a known constant
standard deviation on .

With the aforementioned assumptions, an estimator dedi-
cated to each range gate can be constructed in the form of a
Kalman filter. From the measurement Zjk, each Kalman filter
constructs an estimate wr.k( + ) and a variance /T/*( + ), which
is a measure of the uncertainty in wrjk( + ), in three steps. First,
the state estimate and variance form the previous measure-
ment sequence, w r .^_,( + ) and/7/*-i( + )» are extrapolated ac-
cording to

(-) = exp(-dj (8)

(9)

Equation (8) is obtained by taking the expected value of Eq.
(2). Note that Eq. (9) is an approximation to the integrated
effects of continuous white noise. Next, the extrapolated vari-
ance Pjk(-) is used to compute a gain Kjk:

_
' k -

(10)

Finally, the post-update wind estimate and variance are com-
puted:

(12)

The Kalman filters compute a weighted average of the wind
measurements obtained at each range gate, compensating for
the movement of the sensor platform by making an assump-
tion of frozen Dryden turbulence in the interval between the
measurements. Wind shear estimates are updated at each mea-
surement step, compensating for turbulence and weighing cur-
rent and prior information according to its relative uncer-
tainty. Because each range gate's state estimator is decoupled
from the others, the computation could be performed on a set
of identical processors running in parallel. This decoupling is
achieved as a consequence of the Markov property of the wind
model: the probability distribution at a given wind state wr
is conditionally independent of wrj_lk given the closer state
w r . k _ } . This assumption could be relaxed, coupling adjacent
states or larger groups of states together with a corresponding
increase in computational complexity.

Prior state estimates and variances are required to initialize
each filter. This may be accomplished by applying a separate
initialization Kalman filter to the first sequence of wind
measurements. This filter is initialized with an onboard wind
estimate and variance at the aircraft's location, perhaps from
a Kalman filter processing onboard sensor measurements.
An initial sequence of wind measurements from the forward-
looking sensors is then processed to initialize the state and
variance of each Kalman filter. The initialization Kalman filter

where Tis thrust, D is drag, and H^is aircraft weight.
the F-factor, defined as

takes the same form as Eqs. (8-12), except that the distance
between range gates L is used as the distance between measure-
ments d.

Hazard Metrics and Stochastic Prediction
The detection of the presence of a wind shear can be based

on the output of the stochastic estimators. A reasonable ap-
proach to detecting wind shear is to predict whether the level
of some hazard metric based on the wind estimates will exceed
a threshold. The F-factor hazard metric relates wind shear to
aircraft air-referenced specific energy rate, which is defined by

(13)

where Va is the airspeed, h is aircraft altitude, and g is the
gravitational constant. Using longitudinal aircraft equations
of motion and assuming small flight-path angles, it can be
shown14 that

(14)

is

(15)

where wx(t) is the wind component in the inertial horizontal
direction, and wh(t) is the vertical wind component. For small
flight-path angles, the radial wind components are approx-
imately the same as the longitudinal horizontal wind compo-
nents. Wind shear effects enter Eq. (14) in three ways: 1) by
changing the airspeed, 2) by altering the drag, and 3) directly
through $(t). For conditions typical of jet transport flight
through severe wind shear, only the direct impact of *$(() is
significant. Prediction of aircraft specific energy along the
intended trajectory appears to involve the prediction of air-
speed, but using a constant nominal value of airspeed in Eq.
(15) introduces a small, conservative error.

The first component of ^ in Eq. (15) is proportional to the
rate of change of the horizontal wind component. If the wind
field is assumed stationary, prediction of ^ along the intended
trajectory could be made by differencing adjacent wind esti-
mates:

SJ = l/L(wrjk-wr._lk) (16)

This would amplify high-frequency noise, resulting in exces-
sive prediction error. Alternatively, predicted energy deviation
and 5 can be computed by a Kalman filter algorithm using the
wind estimates as inputs. £F is obtained through a weighted sum
of the radial wind estimates, with the weights selected by defi-
nition and minimization of a suitable cost function.

An important limitation of Doppler wind measurement de-
vices is their inability to measure winds perpendicular to the
direction of the Doppler pulse. As a consequence, the second
component of ^ in Eq. (15), due to vertical winds, is not
measured by the device. In downburst wind shears, head-tail
wind shear is produced by vertically descending winds that
flow outward as they near the ground. These downdraft winds
pose a hazard to the aircraft that the Doppler sensors cannot
directly measure. Current research is attempting to model the
vertical wind as a function of the horizontal wind for hazard
estimation.23 In the simple downburst model of Ref. 23, the
correlation between horizontal and vertical winds depends on
the size of the downdraft, the altitude, and the distance from
the downburst core. In a well-measured and well-studied mi-
croburst, four major downdraft regions were found.24 As the
relationship between horizontal and vertical winds remains to
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be established, the present study is based on radial wind alone.
If a consistent correlation between vertical wind and radial-
wind measurement is found, vertical wind could be added to
the stochastic model.

To predict the wind-shear-induced energy deviation Esw,
Eq. (14) can be integrated across a typical range gatey, result-
ing in the recursive form

and

(25)

V (17)

where K/ is average inertial speed of the aircraft. 5^ is modeled
as a stationary process driven by a discrete random sequence:

g: = £ , _ ! + ! / ;_ ! (18)

With the previously given model, prediction of the hazard
level can be made from the output of the estimation Kalman
filters after each measurement sequence. The wind estimates
are processed using a recursive procedure based on the Kalman
filter.18'19 The prediction is initialized with onboard estimates
of WXQ and 3r0. Predictions of Esw and 3fav, denoted Esw and £,
are made for each range gate using the recursive equations

(26)

where 17 is a normally distributed white noise sequence with $• = $•_ + K w - — E w - — £•_ (27)
zero mean and standard deviation a,,. This standard deviation j J ~ l *J\_ rjk Vt

 SWj~] gL J ~ l ]
is a design parameter that alters the response characteristics of
the prediction filter, as demonstrated by simulation. Equa-
tions (17) and (18) may be written in vector-matrix form:

1 -I

0 1
J C / _ i + il j - 1

where

(19)

(20)

The relationship between prediction and estimation is obtained
by substitution of Eq. (15) into Eq. (14) and integration from
the aircraft (denoted with subscript 0) to a typical range gate
j. This results in the equation

If the prediction is initialized with the condition

then Eq. (21) may be rewritten as

V V-v av i,

(22)

(23)

In this paper vertical wind is modeled as a normally dis-
tributed white random sequence, uncorrelated with the radial
winds, with mean and variance

(24)

Table 1 Simulation parameters

Aircraft initial conditions
Airspeed, Va 160 Kt
Altitude, h 2000 ft
Inertial flight-path angle, 7, - 3 deg
Distance to microburst core 20,100 ft

Doppler sensor
Range gate separation, L 500 ft
Distance between sequences, d 21 ft
Noise standard deviation, on 1 ft/s
Distance to aircraft 20,000 ft

Turbulence
rms turbulence intensity, au 2.7 ft/s
Turbulence scale length, Lu 1000 ft

Microburst
Downdraft radius 2070 ft
Maximum horizontal winds 58.4 ft/s
Height of boundary layer 131 ft

These equations involve two gains, KE. and K^, that are com-
puted at each step based on the covariance propagation and
filter gain computations of the Kalman filter.18'19 The design
parameter o^ influences the size of these gains, influencing the
response characteristics of the prediction filters.

Simulation of Stochastic Prediction Techniques
The stochastic estimation and prediction algorithms are

demonstrated using a batch simulation of aircraft encounters
with downburst wind shear and with severe turbulence. For
each simulation, two different predictions are made, based on
different choices of the design parameter c^. The wind shear is
modeled by the Oseguera-Bowles stagnation-point-flow down-
burst model,25 and severe turbulence is modeled using the Dry-
den spectrum as presented in Ref. 26. A twin-jet transport
aircraft is represented by a point-mass longitudinal model,27

trimmed along an approach path at a constant airspeed of 160
Kts. Normally distributed white noise is superimposed on mea-
surements to simulate Doppler sensor error. Table 1 lists the
parameters of the simulation.

The wind shear simulation is initiated with the microburst
just out of the sensor's detection range. Figure 5 depicts the

1950.0 ' 3900.0 5850.0 7800.0 9750.0 11700. 13650. 15600. 17550.

Fig. 5 Comparison of microburst model headwind-tailwind compo-
nent of F-factor with predicted F-factor.
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Fig. 6 Comparison of aircraft energy deviation due to headwind-tail-
wind shear and predicted energy deviation.
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Fig. 7 Comparison of F-factor predictions in severe Dryden turbu-
lence.

situation 10 s later, comparing the predicted hazard metric 5^
along the flight path with the model's 3^ component due to
the headwind/tailwind shear alone. The predictions agree well
with the model's head/tail wind component of 5^, but the
peak magnitude of the prediction is attenuated due to the finite
bandwidth of the prediction algorithm. In addition, the dis-
tance between the aircraft and the wind shear is overpredicted
due to phase shifting. With a lower value of a,, the estimators
have lower gains, and these effects are more pronounced. If
a wind shear warning were issued each time a critical value of
^ was exceeded, the algorithm with higher o^ would have a
greater chance of positively identifying severe wind shear.

For the same simulation, Fig. 6 compares the predicted en-
ergy deviation, normalized as an airspeed deviation, and the
energy deviation due to the component of the wind shear.
Although the error in prediction of distance to the microburst
is greater for the lower value of a^, both predictions perform
favorably in predicting peak energy loss. However, the total
energy loss to the aircraft is greater than either prediction, due
to the effect of the unobserved downdraft winds.

Figure 7 compares the predicted hazard metric $av for each
of the prediction designs in severe Dryden turbulence. The
higher choice of o^ results in greater response to turbulence.
If wind shear warnings were issued each time a critical value
of ̂  was predicted, the algorithm with higher a, would issue
more frequent false alarms. The optimization of a prediction
algorithm must take into account both detection performance
and false alarm prevention. Wavelengths corresponding to
severe wind shear should be passed, but short wavelength
disturbances that do not affect the flight path should be
eliminated.

Conclusions
Doppler wind sensors can provide advance warning of a

wind shear threat, but wind measurements are influenced by
turbulence and measurement error. Optimal estimation pro-
vides a framework for minimizing the error of wind estimates
given a hypothesis of the wind field structure. The estimation
procedures presented here assume a structure to the local wind
field at each range gate of the Doppler sensor, resulting in a
bank of parallel Kalman filters. A first-order Markov turbu-
lence model accounts for spatial correlation in the wind field
due to turbulence. Measures of uncertainty are produced dur-
ing the optimal estimation process. Stochastic prediction tech-
niques are used to predict the impact of estimated winds on the
energy performance of the aircraft. These techniques extend
naturally to multiple Doppler sensors and could be expanded
to predict other quantities such as altitude deviation error and
touchdown dispersion error, given a nominal model of pilot
compensation.

If wind shear warning is based on a critical threshold value
of a hazard prediction, the detection reliability depends on
the design of the prediction algorithm. Kalman-filter-based
designs may be band limited, identifying areas with a sus-
tained level of substantial wind shear. To further refine the

algorithm, a comparative analysis of prediction algorithm de-
signs can be conducted, using an ensemble of representative
severe wind shear models. The potential for false warning in
severe turbulence also can be compared. Both threshold and
design bandwidth may be chosen to further optimize detection
reliability.

Hazard prediction from Doppler sensors can provide the
sole basis for a wind shear alert, but the lack of vertical wind
estimates limits the alert's reliability. Other sources of infor-
mation could improve the reliability of Doppler-based stochas-
tic predictions through adaptive prediction techniques. More-
over, threshold exceedance of a hazard prediction could be
viewed as uncertain evidence supporting a hypothesis of severe
wind shear in the Bayesian network. With the reliability of
threshold exceedance as evidence established through statisti-
cal analysis, hazard prediction can be incorporated into a
probability-based expert system for wind shear avoidance.
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