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Abstract
Atmospheric wind and turbulence significantly affect flight efficiency, control performance, and safety. This pa-
per describes a new original in-flight algorithm for wind/turbulence field estimation using a standard unmanned
rotorcraft sensor kit and control signals produced by the flight control system. A linear identified model is pro-
posed as a basic model of helicopter dynamics. This model is modified into a quasi-nonlinear model by adding
trim data and nonlinear kinematic equations. A nonlinear Unscented Kalman Filter is designed using the quasi-
nonlinear model and the scaled unscented transformation to estimate wind components in the North-East-Down
frame. The resulting estimate is split using moving averaging into the steady horizontal wind and atmospheric
turbulence. This algorithm has been tested on a continuous model-stitched simulation in which the wind and
atmospheric turbulence simulated by the Dryden model have been added. The result was also validated by an
actual Steadicopter Black Eagle (BE-50) unmanned helicopter flight test.

1. NOTATION

Symbols:
A,B,G Linear system, control and gust matrices
ax,ay,az Accelrometer components, m/s2

Cx Cholesky factor
F Continuous nonlinear process function
Fg,Fa Total gravity and aerodynamic forces, N
F̄g,F̄a Specific gravity and aerodynamic forces,

m/s2

FI Total external force, N
g Acceleration of gravity, m/s2

H Nonlinear observation function
H Angular momentum, N·m·s
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I Inertia tensor, kg·m2

K Kalman gain
L Turbulence length scale, m
L,M ,N External moments about CG, N·m
L(·),M(·),N(·) Roll, pitch and yaw derivatives, 1/(m·s),

1/s, 1/s2

Lβ1s
,Nβ1c

Rotor flap-stiffness constants, 1/s2

Ma Total aerodynamic moment, N·m
m,mc Helicopter base and current mass, kg
P(·) Covariance matrix
P ,Q,R Total rates (roll, pitch, yaw), rad/s
p,q,r Rate perturbations, rad/s
Q Process noise covariance
R Measurement noise covariance
R Rotor radius, m
r Aircraft position radius vector, m
r Rotor disk radial coordinate, m
S Autospectral density function
SB
I Inertial to body DCM matrix

t,ts Time and sampling interval, s
U ,V ,W Body velocity components, m/s
Ud Delayed control vector
Uw,Vw,Ww Wind in the body frame, m/s
u,v,w Body velocity perturbations, m/s
VB Velocity referred to the body axis, m/s
VI Total inertial velocity, m/s
Vi,Va Indicated and true airspeed, m/s
VN ,VE ,VD Velocity in the NED frame, m/s
Vwind Wind referred to the body axis, m/s



v Measurement noise vector
vd Measurement noise in discrete time
W Navigational wind vector, m/s
Wmeteo Meteorological wind vector, kt
WN ,WE ,WD Wind in the NED frame, m/s
w Process noise vector
wd Process noise in discrete time
wx,wy,wz Turbulence components in the wind-

related coordinate system, m/s
X,U Total state and control vectors
X0,U0 Trim state and control vectors
X(·),Y(·),Z(·) Forces derivatives, 1/s, m/s, m/s2

Xβ1c
,Yβ1s

Force flap stiffness, m/s2

x,u Perturbed state and control vectors
x,y,z Aircraft position, m
xa,ya,za IMU position offset, m
Z Measurement vector
β Flap angle, rad
β0,β1c,β1s Flap angles for coning, longitudinal

and lateral tip path plane, rad
γ Lock number
δcol,δped Collective and pedals controls, rad
δlat,δlon Cyclic controls, rad
κ Tuning factor
λ Rotor inflow ratio
λw Nondimentional vertical turbulence
µ Advanced ratio
νβ Natural flapping frequency in term of

the rotational speed, nondimentional
σW̃ ,σΨ̃W

Standard deviation of wind and its di-
rection estimation error, kt, deg

σW̃N
,σW̃E

Wind components estimation error
σW̃N

standard deviation, m/s
σwx ,σwy , Standard deviation of turbulence
σwz

components, m/s
τ Equivalent delay vector, s
τf ,τs Rotor flap and flybar time constants,

s
Φ Discrete nonlinear process function
Φ,Θ,Ψ Absolute attitudes (roll, pitch, yaw),

rad
ϕ,θ,ψ Attitude perturbations, rad
Ψ Azimuth angle of blade, rad
Ω Rotor rotation speed, rad/s
Ω Spatial frequency, rad/m
ω Angular velocity vector, rad/s

Acronyms:
AGL (Height) Above Ground Level
AMSL (Height) Above Mean Sea Level

CG Center of Gravity
DCM Direction Cosine Matrix
IAS Indicated Airspeed
ICAO International Civil Organisation
IMU Inertial Measurement Unit
INS Inertial Navigation System
EKF Extended Kalman Filter
ENU East-North-Up
GPS Global Positioning System
GS Ground Speed
MA Moving Average
MMSE Minimum Mean Square Error
NED North-East-Down
TAS True Airspeed
UA Unmanned Aircraft
UAS Unmanned Aircraft System
UKF Unscented Kalman Filter
UT Unscented Transformation

2. INTRODUCTION

The rapid development of Unmanned Aircraft Sys-
tems (UASs) in the past three decades makes it pos-
sible to use them in various human activity fields. The
growing demands on applications stimulate the further
development of UAS technologies, especially regard-
ing civil tasks for which flight safety is the main ob-
jective. The wind and the atmospheric turbulence im-
pose restrictions on unmanned rotorcraft operations.
The magnitude, frequency content, and dimensions
of atmospheric flow are expected to affect the ro-
tary Unmanned Aircraft (UA) dynamics, control per-
formances, and flight safety. The autopilot control
laws may change significantly to achieve good per-
formances in a turbulent atmosphere (Ref. 1). The
wind nonlinearly affects the guidance algorithm and
strongly affects the spatial orientation and rates of the
small UA. The guidance laws should be modified to
consider wind influence when flying in strong winds
(Ref. 2). Since the pilot is not on board the UA,
estimating turbulence level and wind and informing
the ground control station should occur automatically.
Moreover, this estimate is also directly required for
civilian UASs by Circular 328 of ICAO (see Ref. 3).
Therefore, methods that reasonably determine wind
conditions are of unquestioned interest. The rotary UA
with sensors directly measuring wind/turbulence in-
tensity can solve this problem. Nevertheless, themain
rotor downwash can produce substantial distortions in
the measurement. Moreover, not all unmanned rotor-



craft can be equipped with such sensors because of
payload limitations and their high cost.

The classic method for the fixed wing consists of us-
ing the wind triangle. The wind can be estimated if the
true airspeed (TAS) is known from the air data system
and the ground speed (GS) vector is known from the
navigation system. For instance, circular flight pat-
terns are used in Reference 4, and the speed and
direction of the wind are estimated by minimization
of error variance. In other studies (Ref. 5 and Ref.
6), the Extended Kalman filter (EKF) is used. How-
ever, all these methods assume TAS is known, while
most small UAs are not equipped with angle-of-attack
and side-slip sensors. In Reference 7, this problem
is solved by estimating the correction factor, a func-
tion of the angle of attack and slip. However, it is also
assumed that these angles are small. This assump-
tion may be proper for fixed-wing aircraft, but it is un-
acceptable for a rotorcraft that can fly with high slip
angles.

In the rotorcraft world, multi-copters stand out be-
cause the measurement of wind speed and direction
is based on the aircraft tilts in the presence of wind.
The identification is produced by the known kinematic
model, the trust, and measured multi-copter angles
(see Ref. 8). The wind effect on multi-copter is identi-
fied by direct force measurement in the lab (Ref. 9)
or flight testing when the wind is known (Ref. 10).
Most works consider only steady-state modes (hover
or steady flight). A rare example of wind estimation
for a single-rotor helicopter is Reference 11, using a
complex nonlinear helicopter model. Particle Swarm
Optimization is used to optimize 37 parameters of
this model for hover conditions. This optimization is
based on the measurement of translational and ro-
tational acceleration. Subsequently, the model ex-
tracted wind parameters through anomalies in the he-
licopter dynamics estimates. However, it seems as
if this method cannot be widely used in practice: In
rotorcraft applications, first principles dynamics mod-
eling includes several hard-to-determine analytically
uncertain parameters (see Ref. 12).

Typically, turbulence estimation is considered sepa-
rately from wind estimation in scientific studies. In the
fixed-wing approach considering atmospheric turbu-
lence for flight dynamics problems, several simplifying
assumptions (see Ref. 13) are made, and vertical ac-

celeration is used to reconstruct turbulence intensity
(Ref. 14). However, the standard turbulence mod-
els are not always applicable to rotary-wing aircraft
due to different flight regimes and aerodynamic condi-
tions (low airspeed, rotating airfoil, see Ref. 15). For
example, rotational velocity effects can be dominant
for conventional helicopters (µ < 0.4, see Ref. 16).
For rotorcraft, because of the blades flapping, a sig-
nificant fraction of the turbulence energy is damped,
and the load factor at the center of gravity is lower
than that of a fixed-wing airplane (Ref. 17). How-
ever, loads on the hub increase significantly. Verti-
cal wind gusts can cause sharp changes in helicopter
altitude, leading to a 5% change in the rotor speed
(Ref. 18). These challenges make a turbulence re-
construction from the helicopter response non-trivial.
Literature is sparse on this subject for rotorcraft. In
Reference 19, a Kalman filter approach for gust iden-
tification by a small-scale helicopter is proposed. This
work continues a series of studies of the equivalent
airwake disturbances method at Penn State Univer-
sity. A 28-state linear model of open-loop helicopter
dynamics was extracted from GenHel© for a trim con-
dition (see Ref. 20). The model was simplified to a
9-states rigid body dynamics model to analyze equiv-
alent disturbance. The wind gust disturbances are
added to the helicopter model by a gust matrixG. The
resulting terms in theGmatrix differ substantially from
the equivalent terms in the A matrix. However, find-
ing the matrix G can be tricky. Significant modifica-
tions were made to the GenHel© model to get a linear
G matrix. The gust identification algorithm uses only
inertial IMU and pilot input measurements. This algo-
rithm showed positive results in the primary flow axis,
but the gust detection error was significant in the off-
axis flow direction.

This research proposes a new in-flight algorithm using
a standard UA sensor kit and control signals produced
by the flight control system as the primary data for
wind field reconstruction. This approach does not as-
sume steady flight, like other existing methods. How-
ever, it remains to investigate the characteristics of
flight and wind patterns for which the sought distur-
bance vector is observable. As a basic model of
helicopter dynamics, a linear identified model is pro-
posed, which is used for the flight control design and
is available for all UAS projects. The BE-50 of Steadi-
copter Ltd, Israel, was chosen as the helicopter flight
test platform. Linear models were identified and ver-



ified for several anchor points within the flight enve-
lope. These discrete-point linear models and trim
data were combined into a full flight-envelope simu-
lation based on a comprehensive model stitching ar-
chitecture. One linear forward-flight helicopter model
is selected and modified into a quasi-nonlinear model
by adding trim data and nonlinear kinematic equa-
tions. For the first time ever (as far as the authors
could ascertain), a nonlinear Unscented Kalman fil-
ter is designed using the quasi-nonlinear helicopter
model, and the scaled unscented transformation (UT)
to estimate wind components in the North-East-Down
(NED) frame. The resulting estimate is split using
moving averaging into the steady horizontal wind and
atmospheric turbulence.

This algorithm was tested on the continuous model-
stitched simulation in which the wind and atmo-
spheric turbulence simulated by the Dryden model
were added. The components of the atmospheric fluc-
tuation in the simulation were successfully estimated.
The result was also validated by an actual BE-50 he-
licopter flight test.

The paper is organized as follows. First, the main idea
is discussed, the helicopter model is described, and
the atmospheric disturbances - helicopter dynamics
interface is introduced. Next, it details the newmethod
for wind/turbulence estimation. Finally, the simulation
and flight test results are presented.

3. METHODOLOGY

3.1. Description of the Helicopter

The rotary UA used for research is the BE-50 of
Steadicopter Ltd, Israel. All supported operations, like
flight testing, implementation of suggested control ac-
tions, or path patterns, are provided by Steadicopter’s
engineers and pilots. The BE-50 uses a two-bladed
teetering main rotor with a Bell-Hiller stabilizer bar
(see Figure 1). The main characteristics of the heli-
copter are given in Table 1.

3.2. Wind and Aviation Turbulence

In the broad sense, the wind is any air motion relative
to the earth’s surface. This motion has a turbulent na-
ture. However, specific components of this motion are
characterized by such large scales that they can be
considered a motion with constant velocity from the

Figure 1: BE-50 helicopter

Table 1: BE-50 Main Characteristics

Parameter Value
Maximum takeoff weight 50 kg
Maximum payload weight 15 kg
Engine type Electric
Main rotor diameter 2.80 m
Total length 3.10 m
Max air speed 77 kt (39.61 m/s)
Cruising speed 45 kt (23.15 m/s)
Wind (takeoff and landing) 25 kt (12.86 m/s)
Service ceiling 18000 ft (5486 m)

flight dynamics point of view. The turbulent motion
in the atmosphere includes a large spectrum of eddy
sizes. Larger eddies cause only slow variations in the
flight path, while the effect of tiny eddies is integrated
over the aerodynamic surfaces. A subset within a lim-
ited range of the turbulence spectrum which affects
an aerodyne in flight is called aviation turbulence (see
Ref. 21). Therefore, the aircraft’s reaction determines
the spectrum of atmospheric fluctuations of interest.

Let us denote r(x, y, z, t) as the radius vector defin-
ing the position of the rotorcraft relative to the earth
(the curvature of the earth is neglected). In this case,
the wind affecting the rotorcraft flight dynamics can be
written as

(1) W (r, t) = W0 (r, t) + δW (r, t)

where W0 (r, t) characterizes a very slowly varying
component, which can be viewed as constant in a
particular spatial region and over a specific time and
called steady wind, and δW (r, t) is a random com-
ponent with constant statistical characteristics. In this
work, we use the navigational wind vector in the NED
frame

(2) W =
[
WN WE WD

]T



which can be converted into a meteorological wind
vector Wmeteo, or into body frame wind Vwind using a
transformation matrix. In aviation, the steady wind is
defined as the movement of air parallel to the earth’s
surface (W0 = [WN0

WE0
0], see Ref. 22).

3.3. The Main Idea of this Work

The rotorcraft’s position relative to an inertial rectan-
gular coordinate system is described by the differen-
tial equation

(3) dr
dt

= VI = Va +W (r, t)

where VI is an inertial velocity, Va is a true airspeed
andW is a wind vector. All velocities here are defined
relative to the rotorcraft’s center of gravity (CG). The
challenge is to find the wind when the true airspeed
is unknown. In equation (3) there are two unknowns,
but on the other hand, the changes in inertial velocity
VI depend on changes in aerodynamic force, which is
a function of the true airspeed Va. Newton’s second
law describes the rotorcraft’s CG translational motion
as

(4) d (mVI)

dt
= FI

where FI is the total external force vector in the in-
ertial frame. For a body-fixed coordinate system, this
equation can be rewritten as

(5) ∂VB

∂t
+ ω × VB = F̄g + F̄a (Va)

where VB = Ui + V j + Wk is velocity vector ex-
pressed in components in the body axis, ω = P i +

Qj + Rk is the angular velocity vector of the body-
fixed axis system, F̄g and F̄a are specific gravity and
aerodynamic forces in body frame. The velocity vec-
tor referred to the body frame is related to the iner-
tial velocity vector through the direction cosine matrix
(DCM).

(6) VB = SB
I VI

The specific aerodynamic force F̄a (Va) is a function
of the true airspeed due to basic aerodynamics, and
the gravity force is a function of the angular orientation
of the rotorcraft relative to the earth’s surface. The

moment equation expressed in a body-fixed frame is

(7) ∂H

∂t
+ (ω ×H) = Ma (Va)

whereH = I ω, is an angular momentum I is an iner-
tia tensor andMa (Va) is a vector of total aerodynamic
moment which is also a function of true airspeed. If
we can model aerodynamic forces and moments as a
function of airspeed, we can use Equations (3) - (7) as
a Kalman filter process model to estimate the windW .
This model forms part of the helicopter flight dynamics
model.

3.4. Unmanned Rotorcraft Dynamics Modeling

There are two approaches to modeling rotorcraft dy-
namics. The first modeling approach involves de-
riving the equations of motion from the fundamen-
tal laws of mechanics and aerodynamics. This ap-
proach requires a priori knowledge of all parameters
that affect the rotorcraft dynamics. However, a com-
pressed development schedule of UASs compared to
manned flight vehicles (6-12 months rather than 5-
10 years, see Ref. 23) often precludes the physics-
based modeling approach. Furthermore, wind tun-
nel experiments are expensive and time-consuming,
and the equipment for carrying out such experi-
ments is usually unavailable for most ordinary UAS
projects. Therefore, determining the unmanned ro-
torcraft model using system identification methods is
more convenient and workable.

The main goals of unmanned helicopter dynamics
modeling are flight control design and flying qualities
studies. Using linear models is helpful since numer-
ous analysis and design techniques are available for
linear systems. Therefore, it is preferable to identify
the already linearized helicopter model. However, to
cover the entire flight envelope, multiple linear mod-
els and multiple controllers are necessary (Ref. 24).
The equations of the rotorcraft motion cast in the state-
space form are

(8) ẋ = Ax+Bu (t− τ )

where a time delay vector τ expresses the unmodeled
high-order dynamics and the equivalent delay in the
mechanical and electrical parts of the control system.
The size of the state vector depends on the dynamics
of a specific helicopter and the particular task. Typi-



cally, small-scale helicopters have low damping cou-
pled fuselage-rotor flapping dynamics, and a coupled
rotor-body model is required. The state and control
vectors used in (8) are

x =
[
u v w p q r ϕ θ ψ β1c β1s

]T
,

u =
[
∆θped ∆θlat ∆θlon ∆θcol

]T(9)

where β1c and β1s are the rotor flap angles for longi-
tudinal and lateral tip path plane coordinates. In this
project, following Reference 23, we use a hybrid for-
mulation of coupled fuselage-rotor flapping dynamics
when the time constant of blade flapping is replaced
by the time constant of the flybar.

(10)

τsβ̇1c = −β1c+Mfβ1s
β1s+τsq+

+Mfδlon
∆δlon +Mf δlat

∆δlat

τsβ̇1s = −β1s + Lfβ1c
β1c + τsp+

+Lfδlon
∆δlon + Lfδlat

∆δlat

The flapping is coupled to fuselage dynamics as

(11)

u̇ = Xuu+Xvv + ...+Xβ1c
β1c

v̇ = Yuu+ Yvv + ...+ Yβ1s
β1s

ṗ = L′
uu+ L′

vv + ...+ Lβ1sβ1s

q̇ =Muu+Mvv + ...+Mβ1cβ1c

3.5. Model Identification and Validation

The parametric model was identified using the fre-
quency domainmethod detailed in Reference 23. This
system identification uses the frequency-response
method implemented in the CIFER© package. The
overall concept is to extract a complete set of non-
parametric input-to-output frequency responses that
fully characterize the coupled behavior of the system
without a priori assumptions and conduct a nonlin-
ear search for a state-space model that matches the
input/output frequency-response data set. The low-
frequency speed derivatives are identified from static
stability flight tests.

3.6. Total Aerodynamic Force and Moment Cal-
culation from Linear Model

The procedure for calculating aerodynamic forces and
moments from the identified linear model is similar to
the algorithm used in the model stitching simulation

(see Ref. 25). From the identified model, we use
only stability and control derivatives associated with
aerodynamic forces and moments to calculate linear
and angular accelerations, which, when multiplied by
the mass/inertia matrix, give perturbations of the aero-
dynamic forces and the total aerodynamic moments.
To get the total aerodynamic force vector, we should
add its trim value, which numerically equals the grav-
ity force in trim flight. This procedure is detailed below
in the Appendix. However, a critical remark should be
made. The total aerodynamic forces and moments
calculated from the linear model are valid for the al-
titude close to the altitude for which this model was
identified. These aerodynamic forces and moments
can be scaled by the air density ratio for a fixed-wing
aircraft. Nevertheless, the derivatives do not scale
linearly with air density for rotorcrafts (see Ref. 25).
Suppose the flight altitude varies significantly from
that for which the models were obtained. In that case,
it is e.g. necessary to interpolate the stability and con-
trol derivatives and trim data for two models obtained
at different heights.

3.7. Atmospheric Disturbances - Helicopter In-
terface

The total time derivative of the wind at the moving
point with velocity VI is

(12) dW

dt
=
∂W

∂t
+ VI

∂W

∂r

Thus, the dynamic response of aircraft to the wind
depends on the vehicle’s speed and may be compli-
cated. This work assumes that the wind velocity is uni-
formly distributed over the rotor disk. This assumption
is valid for the appropriate ratio of turbulence length
scale L and rotor radius (Ref. 26). In section 3.2,
we defined aviation turbulence as the aircraft reac-
tion. This spectrum of atmospheric disturbances in-
cludes large eddies that affect slow flight path fluc-
tuations and small eddies that cause high-frequency
vibrations. From a practical point of view, the most
significant interest is caused by low and middle fre-
quencies of atmospheric fluctuations that affect navi-
gation, guidance, and control performance. Thus, in
this work, we intend to estimate the wind (huge ed-
dies) and medium-sized eddies affecting the control
system. In this case, we can define the turbulence in-
put in (8) as it is used in fixed-wing problems. Pertur-
bations of aerodynamic forces and moments are cal-



culated using the relative state vector.

(13) [U V W ]Trel = VB − Vwind

where Vwind = [ Uw Vw Ww ]T is the wind referred
to the body frame. To consider the effect of turbulence
on high-order dynamics, we use the known flapping
equation from Reference 15.

(14)

∗∗
β +

γ

2

(
1

4
+
µ

3
sinΨ

)
∗
β+

+

[
ν2β +

γ

2

(
µ

3
cosΨ+

µ2

4
sin 2Ψ

)]
β = F (t)

where β is a flap angle and
∗
β = ∂β/∂Ψ. The forc-

ing function, under our basic assumption (Ww is not a
function of r), takes the form

(15)
F (t) =

−γ
2ΩR4

R∫
0

(
r2 + µRr sinΨ

)
Ww(t)dr =

= −γ
2

(
1

3
+
µ

2
sinΨ

)
λw

where λw is a non-dimensional vertical turbulence ve-
locity. In (10), we use the linear helicopter model’s hy-
brid formulation of coupled fuselage-rotor flapping dy-
namics. This model describes the flap angle dynam-
ics from control input with the flay-bar time constant
τs = 0.177 sec. The dynamics of flapping from the
wind disturbances are much faster and determined
by the time constant of the rotor τf = 0.024 sec.
Therefore, for our task, instead of Equation (14), we
use its steady-state periodic solution (with assumption
ν2β = 1, see Ref. 27).

(16)

∆β0 = −γ
6
λw

∆β1s = −
(
8

3

)
µ∆β0
2 + µ2

∆β1c = − 4µ

µ2 − 2
λw(t)

where∆β0, ∆β1s and∆β1c deviation coning and flap-
ping angles from trim values due to turbulence. Com-
bining the first two equations, we get

(17)

∆β1c
∆β1s

 =


− 4µ

µ2 − 2(
4

9

)
µγ

2 + µ2

λw
Finally, to calculate the total aerodynamic forces and
moments, we use the sum of flap angles perturbation

from control (10) and disturbance (17).

(18)

[
β1s
β1s

]
total

=

[
∆β1s
∆β1s

]
wind

+

[
β1s
β1s

]
control

3.8. The Scaled Unscented Transformation

Let x be a n-dimensional random variable with the
mean x̄ and covariance Px. Let also y be a random
variable related to x through the nonlinear transforma-
tion

(19) y = Φ(x)

The objective is to calculate the mean ȳ and covari-
ance Py. We assume Gaussian distribution and gen-
erate a set of O(n) points having the same covariance
from the columns of the matrix Px. The points should
be positive and negative roots. This set of points is
zero-mean, but by adding x̄ to each point we get a
symmetric set of 2n points having desired mean and
covariance. These points can be weighted byW, such
that

∑p
0Wi = 1, where p is the total number of points.

We can use the Cholesky, or any other stable decom-
position of the covariance matrix.

(20) Px = CxC
T
x

The basic symmetric sampling method consists of
choosing 2n points in the addition of one point
equalling the mean in the following way (it is also
called General unscented transformation, Ref. 28)

(21)

X0 = x̄

Xi = x̄+
√
n+ κCx(i) 1 ≤ i ≤ n

Xi = x̄−
√
n+ κCx(i) n+ 1 ≤ i ≤ 2n

where the weights are W0 = κ/(n + κ) and Wi =

1/2(n + κ), and κ is a tuning parameter. If the set of
weighted sigma points S = (W,X) has been derived,
the prediction is straightforward (Ref. 29).

(22) Y = Φ {X}

The mean is given by weighted average of the trans-
formed points.

(23) ȳ =

p∑
i=0

WiYi



where p = 2n + 1 is a total number of points. The
covariance is the weighted outer product of the trans-
formed points.

(24) Py =

p∑
i=0

Wi (Yi − ȳ) (Yi − ȳ)
T

Because the set is symmetric its odd central moments
are zero, so its first three moments are the same as
the original. The UT can be directly extended to create
the Unscented Kalman Filter (UKF) algorithm for the
state estimation in nonlinear systems (see Ref. 30).

4. WIND ESTIMATION ALGORITHM

4.1. Nonlinear Process Model

We define the augmented state as

Xa =
[
U V W P Q R Φ Θ Ψ β1c β1s WN WE WD

]T
The nonlinear process function is

(25) Ẋa(t) = F
{
Xa(t),U(t− τ )

}
+w(t)

where w is an additive process noise, and Ẋa is as-
sumed to have the following form

Ẋa =
[
U̇ V̇ Ẇ Ṗ Q̇ Ṙ Φ̇ Θ̇ Ψ̇ β̇1c β̇1s 0 0 0

]T
The nonlinear transformationF consists of calculating
following equations

1. DCM SB
I (52)

2. Wind in body frame Vwind = SB
I W

3. Relative velocity (13) and total flap angles (18)

4. Specific forces (36), (44) and total aerodynamic
moment (49)

5. Nonlinear equations of motion (35), (47) and (50)

6. Linear equations of flapping (10)

4.2. Nonlinear Observation

The measurement vector consists of INS/GPS and
Pitot data.

(26) Z =
[
P Q R ax ay az Θ Φ Ψ Vi VN VE VD

]T

where [ax ay az] are the measured accelerations, Vi
is an indicated airspeed and VI = [VN VE VD]T is
inertial velocity in the NED frame. The nonlinear ob-
servation function is

(27) Z(t) = H
{
Xa(t),U(t− τ )

}
+ v(t)

where v is an additive measurement noise. Some
components of the state vector are measured directly.
The velocities in the body coordinate system are re-
lated to the inertial velocity in the NED frame through
(6). The accelerometer measurements relative to the
helicopter center of gravity are (Ref. 23)

(28)
ax = U̇ +WQ− V R− X̄g + zaQ̇− yaṘ

ay = V̇ + UR−WP − Ȳg − zaṖ + xaṘ

az = Ẇ + V P − UQ− Z̄g + yaṖ − xaQ̇

where xa, ya and za are the IMU location offsets rel-
ative to CG. The indicated speed corresponds to the
relative velocity in the Xb direction.

(29) Vi = U − Uw

4.3. Estimation Problem Definition

First, let us discretize the process and the observation
for a specific time step ∆t = ts. The filtering problem
of interest is to find the MMSE linear estimate of the
state vector Xa(k) of the system, which evolves ac-
cording to the discrete-time nonlinear state transition
equation.

(30)


Xa(k+1) = Φ

{
Xa(k),Ud(k)

}
+wd(k)

Z(k+1) = H
{
Xa(k+1),Ud(k)

}
+vd(k+1)

We assume that wd(k) and vd(k) are Gaussian un-
correlated white sequences.

E [wd(k)] = 0, E [vd(k)] = 0, E
[
wd(i)vd(j)

T
]
= 0

E
[
wd(i)wd(j)

T
]
= Q(i)δij

E
[
vd(i)vd(j)

T
]
= R(i)δij

4.4. Unscented Kalman Filter

We assume that the distribution ofXa(k) is Gaussian
at any time k. The Kalman filter propagation of two
moments of the distribution ofXa(k) incorporates lin-



early the measurements at the next time-step.

(31)



X̂a(k+1|k+1) = X̂a(k+1|k) +

+ K(k+1)Z̃(k+1|k)

Px(k+1, k+1) = Px(k+1|k) −

−K(k+1)Pz̃(k+1|k)KT (k+1)

where

(32) Z̃(k+1|k) = Z(k+1)− Ẑ(k+1|k)

is the innovation with covariance Pz̃(k+1|k) and K is
the Kalman gain

(33) K(k+1) = Pxz(k+1|k)P−1
z̃ (k+1|k)

wherePxz is the predicted cross-correlationmatrix be-
tween X̂a(k+1|k) and Ẑ(k+1|k). We can calculate the
predictions of state X̂(k+1|k), measurement Ẑ(k+1|k)
and covariance Px(k+1|k), Pz̃(k+1|k), Pxz(k+1|k)
using the UT (see Section 3.8). Since both transfor-
mations are nonlinear, using the UT allows us to avoid
computing Jacobian and use the nonlinear model in its
original form.

4.5. Summary of UKF algorithm

The implementation of the UKF for wind estimation
consists of the following steps.

1. Filter initialization. We initialize with

X0 =
[
U0 0 W0 0 0 0 Φ0 Θ0 Ψ0 0 0

]T
X̄(0) = E [X0]

P0 = Cov {X0}

X̄a(0) =
[
XT

0 0 0 0
]T

Px(0) =

[
P0 0

0 Pw(0)

]
where Pw is a covariance of the wind compo-
nents. During initialization, the control vector
Ud(k) is delayed by the vector τ .

2. Sigma point set calculation S = (W,Xa(k|k)).

3. Prediction. The stage of prediction consists of

(a) Transformation each sigma point through

the process

Xa
i (k + 1|k) = Φ {Xa

i (k|k),Ud(k)}

(b) Prediction of the mean

X̂a(k + 1|k) =
2na∑
i=0

WiX
a
i (k + 1|k)

(c) Prediction of the covariance

Px(k+1|k)=
2na∑
i=0

WiX̃
a

i (k+1|k)
[
X̃

a

i (k+1|k)
]T
+Q(k)

where X̃
a

i (k+1|k) = Xa
i (k+1|k)−X̂a(k+1|k).

(d) Transformation each sigma point through
the observation model

Zi(k + 1|k) = H {Xa
i (k|k),Ud(k)}

(e) Computation the innovation covariance

Pz(k+1|k) =
2na∑
i=0

WiZ̃i(k+1|k)
(
Z̃i(k + 1|k)

)T

where Z̃i(k+1|k) = Zi(k+1|k)−Ẑ(k+1|k).

Pz̃(k + 1|k) = Pz(k + 1|k) +R(k + 1)

(f) Computation the cross correlation matrix

Pxz(k + 1|k) =
2na∑
i=0

WiX
a
i

(
Z̃i(k + 1|k)

)T

4. Filtering. This stage is the regular one. We cal-
culate the Kalman gain (33) and update the pre-
diction (31). The prediction is updated for all com-
ponents of the augmented state vector except for
flap angles, for which only the prediction is used.

5. RESULTS AND DISCUSSION

5.1. Simulation

Performance of the UKF was tested by a BE-
50 helicopter model-stitched simulation in the Mat-
lab/Simulink environment©. The model-stitching ar-
chitecture (Ref. 25) is similar to the nonlinear pro-
cess model used in this work. However, the simu-
lation consists of several linear models identified for
different points inside a flight envelope. These mod-



els for discrete flight conditions were stitched with trim
data to produce a continuous full flight envelope quasi-
nonlinear simulation. Besides the helicopter dynam-
ics model, the simulation includes models of naviga-
tion, guidance and flight control systems, actuator dy-
namics, and sensors. The atmospheric disturbances
were modeled by Simulink blocks© of horizontal wind
and the Dryden turbulencemodel. The simulation’s in-
terface between the wind and helicopter aerodynam-
ics is the same as described in Section 3.7.

Figure 2: Flight pattern

The same conditions (altitude and airspeed) and heli-
copter configuration (mass) were chosen for the sim-
ulation as those for the nonlinear process model. The
constant horizontal wind speed in the simulation was
10 knots (5.14 m/s) with a meteorological direction of
300 degrees. The helicopter flight was simulated with
airspeed and altitude closed loops with commands of
30 knots (15.43 m/s) and 10 meters, respectively. The
flight plan consists of two eight figures and transitions
between them (see Figure 2). This flight plan includes
straight flights, circles, and turns, suitable for testing
the wind estimation algorithm. The simulation starts
and ends at nearly the same point on the map and
continues for 800 seconds with fixed-step integration
ts = 0.001 sec. The measurement noise covariance
matrixR used in the UKF was known from the models
of the sensors, and the process noise covariance was
chosen as

Q =


104 104 104 10101010−5

10−5
10−5

101010−7
10−7

10−7



The filter was initialized with the first measure-
ments received and the covariance was initialized as
Px(0) = Q.

Figure 3: Simulation. Time domain: first 30 sec

A comparison of the simulated wind and its estimates
is shown in Figure 3 and Figure 6. The estimate shows
a high match with the simulation. However, we can
observe an offset of 1.3 dB at low frequencies up to 1
rad/s for the vertical channel in the frequency domain
(Figure 6c). However, the mean of the vertical wind
estimation is close to zero.

E[ŴD] = 0.01 m/s

Since we used the same conditions in the simulation
and the filter, such an offset is explained by the fact
that the simulation’s control and stability derivatives
and trim values are looked up in tables. The simula-
tion test for mass and height (air density) different from
the values used in the filter leads to bias in the vertical
estimate (nonzero mean). Fortunately, both parame-
ters are always known for the present flight, and the
issue is the change in derivatives and trim values with
airspeed.

We used a moving average (MA) with a window of
two minutes to estimate the constant wind component
(see Figure 4 and Figure 5). The standard deviation
of the error in estimating the meteorological wind di-
rection using this MA is σΨ̃W

= 2.29 degrees, and the



Figure 4: Simulation. Time domain with MA

Figure 5: Simulation. Steady wind estimate

(a)

(b)

(c)

Figure 6: Simulation. Frequency domain



standard deviation of the wind velocity estimate error
is σW̃ = 0.59 Kts (0.3 m/s). Calculated standard devi-
ations for the estimation error of the turbulence com-
ponents are

σW̃N
= 0.10 [m/s], σW̃E

= 0.09 [m/s], σW̃D
= 0.11 [m/s]

5.2. Flight test

The wind estimation algorithm was applied offline to
the recorded flight test data. Only part of the flight
at the airspeed of 30 knots was used. In this flight,
the helicopter performed a helical figure with a radius
of 150 meters and a change in altitude from 970 feet
AMSL (230 feet AGL) to 1435 feet and back. The wind
speed measured at the ground station is 9 knots, and
its meteorological direction is West-Northwest. Since
the sensor measurements are sent to the flight com-
puter at a frequency of 100 Hertz, and the filter op-
erates at 1000 Hertz, the algorithm has been slightly
modified. Prediction continues to be calculated with
the step ts = 0.001, while the filtering calculates when
the innovation comes. All other filter parameters re-
main the same as in the simulation.

Figure 7: Flight test. Wind estimate

The estimation results are shown in Figure 7. We
have used theMAwith a threeminutes window length.
Figure 8 shows the calculated wind and direction from
the averaged estimates. These two parameters are
supposed to be downlinked to the ground station mon-
itor. The values of the wind estimate and its meteoro-
logical direction are consistent with themeasurements
at the ground station.

Figure 8: Flight test. Steady wind estimate

Figure 9 shows estimates of the turbulent component
of the wind. It was obtained by subtracting the con-
stant components from the wind estimate at a current
moment. Then wind components were converted to
local East-North-Up coordinates (ENU) and rotated by
the wind angle so that the X-axis is directed along the
navigational direction of the wind and Z-axis is point-
ing up.

We used the same moving time window of three min-
utes to compute the turbulence statistics. The es-
timated standard deviation of velocity in wind direc-
tion, the standard deviation of lateral velocity to the
average wind direction, and the standard deviation
of vertical wind component are shown in Figure 10.
These values can also be transmitted to the ground
station monitor to inform the operator of the existing
turbulence. Alternatively, these estimates can be con-
verted to standard turbulence levels; the current flight
test estimates correspond to the ”Light” turbulence
level (Ref. 21).



Figure 9: Flight test. Turbulence estimate

The statistical characteristics of turbulence calculated
for the all flight time are

σwx
= 1.24 [m/s], σwy

= 1.46 [m/s], σwz
= 2.07 [m/s]

The energy spectrum of turbulence is shown in Fig-
ure 11. It can be concluded from the figure that the
obtained turbulence characteristics correspond to the
von Karman turbulence model up to 6.5 rad/s for the
30 knots flight speed. However, it should be remem-
bered that the helicopter changed altitude. The turbu-
lence characteristics can rapidly change with height
near the ground.

6. CONCLUSIONS AND FUTURE WORKS

In this paper, a new practical method for wind es-
timating is proposed. The method is based on the
identified helicopter linear model used for the flight
control design and uses a standard UA sensor kit.
Thus, the practical use of it is straightforward for any
UAS project. The method allows UA to estimate wind
speed and direction, as well as the level of turbulence.
These data can be downlinked to the ground station
monitor to inform the operator about critical wind char-

Figure 10: Flight test. Turbulence level estimate

Figure 11: Flight test. Turbulence spectra estimate



acteristics at the current helicopter location. Using an
Unscented Transform allows us to avoid computing
Jacobian and use the nonlinear model in its original
form. Since the total aerodynamic forces and mo-
ments are calculated inside the nonlinear process, this
method is sensitive to the accuracy of mass, air den-
sity, and current airspeed parameters. Simulation and
flight tests have shown that constant wind and its di-
rection are estimated sufficiently, and the estimate’s
accuracy does not depend on the helicopter maneu-
ver. However, offline calculations were used to val-
idate the UKF in flight tests because it is still com-
putationally expensive for the existing onboard com-
puter and requires optimization. Counting the accu-
racy of the turbulent component estimate in flight tests
is a practical challenge. However, the obtained flight
test results can be approximated by the von Karman
turbulence model up to 6.5 rad/s. In future work,
the authors intend to find a technique to estimate the
accuracy and compare the results with other turbu-
lence models. The authors also intend to extend this
method for low speeds and hover.
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7. APPENDIX

Force equations

The body-axis helicopter acceleration is given as

(34) ∂VB

∂t
= − (ω × VB) + F̄g + F̄a

The vector force equation can be rewritten in a scalar
form and then it consists of the three force equations.

(35)
U̇ = −QW +RV + X̄g + X̄a

V̇ = −RU + PW + Ȳg + Ȳa

Ẇ = −PV +QU + Z̄g + Z̄a

where specific gravity force vector is

(36)


X̄g

Ȳg

Z̄g

 =


−g sinΘ

g sinΦ cosΘ
g cosΦ cosΘ



The specific aerodynamic force vector is calculated
from the identified linear model of the helicopter. The
linearized equations of helicopter motion are

(37)

u̇ = −W0q + V0r − (g cosΘ0) θ +Xuu+

+Xvv + ...+Xδped∆δped +Xδcol∆δcol

v̇ = −U0r +W0p+ (g cosΘ0)ϕ+ Yuu+

+Yvv + ...+ Yδped∆δped + Yδcol∆δcol

ẇ = −V0p+ U0q − (g sinΘ0) θ + Zuu+

+Zvv + ...+ Zδped∆δped + Zδcol∆δcol

where state and control vectors are the perturbations
near the trim



u
v
w
p
q
r
ϕ
θ


=



U
V
W
P
Q
R
Φ
Θ


−



U0

0
W0

0
0
0
Φ0

Θ0


(38)

(39)


∆δped
∆δlat
∆δlon
∆δcol

 =


δped
δlat
δlon
δcol

−


δped0

δlat0
δlon0

δcol0


The right side of equations (37) consists of fluctua-
tions of specific aerodynamic, gravitational, and iner-
tial forces. We can calculate the perturbation of spe-
cific aerodynamic forces by eliminating the compo-
nents related to gravity and kinematic relations from
linearized equations.

(40)
∆X̄a = Xuu+Xvv + ...+Xδcol∆δcol

∆Ȳa = Yuu+ Yvv + ...+ Yδcol∆δcol

∆Z̄a = Zuu+ Zvv + ...+ Zδcol∆δcol

In Equation (40), the dimensional stability and con-
trol derivatives are just the partial derivatives of the
specific aerodynamic forces to variations in the states
and controls. In instance, Xu ≡ (1/m)(∂Xa/∂u) and
Xδcol ≡ (1/m)(∂Xa/∂δcol). Dimensional perturba-
tions of the aerodynamic force vector are obtained by
multiplying the equation (40) by a value of helicopter
mass m for which a linear model has been identified.

(41) ∆Fa =


∆Xa

∆Ya

∆Za

 =

m m

m



∆X̄a

∆Ȳa

∆Z̄a



mailto:sergey.n@campus.technion.ac.il
mailto:peo@technion.ac.il


Equation (41) is the perturbations around the aero-
dynamic trim force vector. Therefore, it should be
summed with a trim value to get the total aerodynamic
force vector.

(42) Fa = ∆Fa + Fa0

In the trim condition, the acceleration is zero, and
therefore the equations (34) and (36) imply that

(43) Fa0
=

m m

m




g sinΘ0

−g sinΦ0 cosΘ0

−g cosΦ0 cosΘ0


Finally, the specific aerodynamic force vector for the
current helicopter mass mc, which may be different
from that for which the aerodynamic model was ob-
tained, is calculated as

(44) F̄a =

mc

mc

mc


−1

Fa

Moment Equations

The moment equation expressed in a body-fixed
frame is

(45) ∂H

∂t
= − (ω ×H) +Ma

Since the coordinate system was chosen so that the
rotorcraft is symmetric about X − Z plane, we have

(46) I =

 Ix 0 −Ixz
0 Iy 0

−Izx 0 Iz


and

[
Ṗ Q̇ Ṙ

]T
=

= I−1


(Iy − Iz)QR+ IxzPQ+ L

(Iz − Ix)PR+ Ixz(R
2 − P 2) +M

(Ix − Iy)PQ− IxzQR+N

(47)

The aerodynamic moment vector is calculated from
the identified linear helicopter model. Similarly, for
the force equations, we define the stability and control
derivatives as Mu ≡ (1/Iy)(∂M/∂u). The linearized
equations are

(48)
ṗ = L′

uu+ L′
vv + L′

ww + ...+ L′
δcol

δcol

q̇ =Muu+Mvv +Mww + ...+Mδcolδcol

ṙ = N ′
uu+N ′

vv +N ′
ww + ...+N ′

δcol
δcol

where for the roll and yaw equations, the primed
derivatives contain cross-coupled terms in form L′

u ≡
(Lu + (Ixz/Ix)Nu)/(1 − I2xz/(IzIx)). Since the whole
moment in the trim is zero, it is sufficient to multiply
the linearized equations (48) by the inertia tensor to
obtain the total aerodynamic moment vector.

(49) Ma=

LM
N

=I


L′
uu+ L′

vv + ...+ L′
δcol

δcol

Muu+Mvv + ...+Mδcolδcol

N ′
uu+N ′

vv + ...+N ′
δcol

δcol


The Euler rates in terms of the roll, pitch and yaw rates
are expressed as

(50)

 Φ̇

Θ̇

Ψ̇

 =
1

cosΘ
Γ

 P

Q

R


where

(51) Γ =

 cosΘ sinΦ sinΘ cosΦ sinΘ
0 cosΦ cosΘ − sinΦ cosΘ
0 sinΦ cosΦ


DCM

The total transformation expression from inertial to
body frame is

(52)

SB
I = cΨcΘ, sΨcΘ, −sΘ

cΨsΘsΦ−sΨcΦ,sΨsΘsΦ+cΨcΦ,cΘsΦ

cΨsΘcΦ+sΨsΦ,sΨsΘcΦ−cΨsΦ, cΘcΦ


where c and s denote the cosine and sine functions.

Helicopter Linear Model

The helicopter dynamics model used in the UKF has
been identified for the following conditions: airspeed
30 knots, helicopter takeoff weight 35 kg, and AMSL
840 feet (256 m). The state spacematrices in (8) have



the following structure

A =



A6×6

A3×2

A6×2

03×2

03×3

1 0 tanΘ0

03×2 03×20 1 0

0 0 1/ cosΘ0

02×3
0 1

02×1 02×2 A2×2
1 0


where 0 is the null matrix and

A6×6 =



Xu Xv Xw Xp Xq−W0 Xr

Yu Yv Yw Yp+W0 Yq Yr−U0

Zu Zy Zw Zp Zq+U0 Zr

L′
u L′

v L
′
w 0 0 L′

r

MuMvMw 0 0 Mr

N ′
u N

′
v N

′
w N ′

p N ′
q N ′

r



A3×2 =

 0 −g cosΘ0

g cosΘ0 0

0 −g sinΘ0



A6×2 =



Xβ1c
0

0 Yβ1s

0 0

0 Lβ1s

Mβ1c
0

0 0



A2×2 =

[
−1/τs Mfβ1s

/τs
Lfβ1c

/τs −1/τs

]

B =



Xped 0 0 Xcol

Yped 0 0 Ycol
Zped Zlat Zlon Zcol

L′
ped 0 0 L′

col

Mped 0 0 Mcol

N ′
ped 0 0 N ′

col

0 0 0 0

0 0 0 0

0 Mfδlat
/τs Mfδlon

/τs 0

0 Lfδlat
/τs Lfδlon

/τs 0

0 0 0 0



The numerical values of stability and control deriva-
tives, as well as the trim values in (38)-(39), were pro-
vided by Steadicopter Ltd., and are not part of the
studies in Technion IIT.
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