
A NEW PRACTICAL WIND ESTIMATION TECHNIQUE FOR UNMANNED
HELICOPTERS

Sergey Nazarov
Technion - Israel Institute of Technology

Haifa, Israel

Per-Olof Gutman
Technion - Israel Institute of Technology

Haifa, Israel

ABSTRACT
In this study, the authors propose a new model-based algorithm for atmospheric disturbances estimation using an inertial
navigation system and Pitot measurements. The linear model of helicopter dynamics is modified into a quasi-nonlinear
model by adding trim data and nonlinear kinematic equations. A nonlinear Kalman filter is designed based on this
quasi-nonlinear model, utilizing a scaled Unscented Transformation. The resulting estimate was split using moving
averages into sustained horizontal wind and atmospheric fluctuations. The paper presents validation results obtained
by flight testing under hover conditions. Wind characteristics were measured with an ultrasonic sensor and the results
were compared with the estimates. CIFER software was used to identify the refined gust matrix in the frequency
domain. The authors introduced a simple wind dynamics model and incorporated a gust matrix to account for angular
velocity components. The results indicate that the estimation of horizontal atmospheric disturbances can be improved
with this approach.

NOTATION

Note that regular and bold symbols have different meanings.

*

Symbols

𝑨, 𝑩 Linear system and control matrices

𝑎𝑥 , 𝑎𝑦 , 𝑎𝑧 Accelerometer measurements, m/s2

𝑪, 𝑫 Measurement and direct term matrices

𝑪 (𝑠) Controller transfer function

𝑪𝐵
𝐼

Inertial to body rotational matrix

𝑪𝑥 Cholesky factor

𝑭 Continuous nonlinear process function

𝑭𝐼 Total external force, N

𝑭̄𝑔, 𝑭̄𝑎 Specific gravity and aerodynamic forces, m/s2

Δ𝑭𝑎 Perturbation of aerodynamic force, N
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𝑮 Gust matrix

𝑮∗∗ One-sided power spectra density

𝑔 Acceleration of gravity, m/s2

𝑯 Nonlinear observation function

𝑯𝑇 Total angular momentum, N·m·s

𝑯∗∗ Frequency response function

𝑰 Inertia tensor, kg·m2

𝐼𝑥 , 𝐼𝑦 , 𝐼𝑧 Roll, pitch, yaw moment of inertia, kg·m2

𝐼𝑥𝑧 Product of inertia, kg·m2

𝑲 Kalman gain

𝐾∗ Coefficients for the frequency response calculation

𝑘 Discrete time

𝑘
𝑢𝑔
𝑞𝑔 , 𝑘

𝑣𝑔
𝑟𝑔 Coupling coefficients in the wind model, s2/m

M Mass-inertia tensor, kg, kg·m2

𝑴 Rate matrix

𝑴𝑎 Total aerodynamic moment, N·m

𝑴𝑔 Part of the rate matrix referring to the wind model

𝑀∗ Pitch derivatives, 1/s

𝑚 Helicopter base mass, kg

𝑚𝑐 Helicopter current mass, kg

1



𝒏 Measurement noise vector

𝑛 Size of state vector

𝑃,𝑄, 𝑅 Total rates (roll, pitch, yaw), rad/s

𝑃∗ Covariance matrix

𝑝, 𝑞, 𝑟 Rate perturbations (roll, pitch, yaw), rad/s

𝑸 Process noise covariance matrix

𝑅 Rotor radius, m

𝑹 Measurement noise covariance matrix

𝒓 𝑓 Reference signal vector

𝒓 Aircraft position radius vector, m

S = (W, X) Weighted sigma points set

𝑇 Data record length

𝑡, 𝑡𝑠 Time and sampling interval, s

𝑈,𝑉,𝑊 Body velocity components, m/s

𝑼𝑑 Delayed control vector, rad

𝑈𝑤 , 𝑉𝑤 ,𝑊𝑤 Wind components in the body frame, m/s

𝑢, 𝑣, 𝑤 Body velocity component perturbations, m/s

𝑢𝑔, 𝑣𝑔, 𝑞𝑔, 𝑟𝑔 Linear and angular gusts, m/s, rad/s

𝑽𝐵 Velocity referred to the body axis, m/s

𝑽𝐼 Total inertial velocity, m/s

𝑉𝑁 , 𝑉𝐸 , 𝑉𝐷 Velocity in the North-East-Down frame, m/s

𝑉𝑖 ,𝑽𝑎 Indicated and true airspeed, m/s

𝑽𝑤𝑖𝑛𝑑 Wind referred to the body axis, m/s

𝒗 Measurement noise vector

𝑾 Navigational wind vector, m/s

𝑾0, 𝜹𝑾 Sustained wind and turbulence, m/s

𝑾meteo Meteorological wind vector, kt

𝑊𝑁 ,𝑊𝐸 ,𝑊𝐷 Wind components in the NED frame, m/s

𝒘 Process noise vector

𝑿,𝑼 Total state and control vectors

𝑿𝒂 Augmented state vector

𝑍𝑤 Heave damping stability derivative, 1/s

𝒙, 𝒖 Perturbed state and control vectors

𝑥, 𝑦, 𝑧 Aircraft position, m

𝑥𝑎, 𝑦𝑎, 𝑧𝑎 IMU position offset, m

𝒚 Output vector

𝒁 Measurement vector

𝒁̃ Innovation vector

𝛽 Side-slip angle, deg

𝛽1𝑐, 𝛽1𝑠 Flap angles for longitudinal and lateral tip path plane,
rad

Δ𝛿∗ Control signal perturbations, rad

𝛿𝑐𝑜𝑙 , 𝛿𝑝𝑒𝑑 Collective and pedals controls, rad

𝛿𝑙𝑎𝑡 , 𝛿𝑙𝑜𝑛 Cyclic controls, rad

𝜅1𝑐, 𝜅1𝑠 Stabilizer bar flap angles, rad

𝝉 Equivalent delay vector, s

𝜏𝑢𝑔 , 𝜏𝑣𝑔 , 𝜏𝑞𝑔 , 𝜏𝑟𝑔 Time constants in wind model, s

𝚽 Discrete nonlinear process function

Φ,Θ,Ψ Absolute attitudes (roll, pitch, yaw), rad

𝜙, 𝜃, 𝜓 Attitude perturbations (roll, pitch, yaw), rad

𝝎 Angular velocity vector, rad/s

*
Subscripts and Superscripts

0 Relate to the trim conditions

d Relate to the discrete time

e Relate to the extended linear model

*
Acronyms

CG Center of Gravity

DCM Direction Cosine Matrix

ICAO International Civil Organization

IMU Inertial Measurement Unit

INS Inertial Navigation System

GPS Global Positioning System

GS Ground Speed

NED North-East-Down

NTP Network Time Protocol

TAS True Airspeed

UA Unmanned Aircraft

UAS Unmanned Aircraft System

UKF Unscented Kalman Filter

UT Unscented Transformation
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INTRODUCTION

The rapid development of civilian unmanned aircraft has raised
serious concerns regarding flight safety. According to Circu-
lar 328 issued by the International Civil Aviation Organiza-
tion (ICAO) (Ref. 1), civil Unmanned Aircraft Systems (UAS)
must achieve safety levels equivalent to those of manned air-
craft. Wind conditions and atmospheric turbulence present
significant challenges for helicopter operations. For rotary
UAS operating within the lowest boundary layer of the atmo-
sphere, the characteristics, magnitude, and frequency content
of atmospheric flow can affect dynamics, control performance,
and ultimately safety. Consequently, a precise determination
of the wind conditions is essential.

The traditional approach to wind estimation for fixed-wing
aircraft utilizes the wind triangle, relying on true airspeed
(TAS) obtained from the air data system and ground speed
(GS) from the navigation system. In (Ref. 2), circular flight
patterns are used to estimate wind speed and direction by
minimizing error variance. However, this method assumes
that TAS is known, which is often not true for small UAS
lacking an air data system. In (Ref. 3), a correction factor
based on the angle of attack and sideslip is used, but this
approach assumes that these angles are small.

A rare example of wind estimation for a single-rotor helicopter
is presented in (Ref. 4), which utilizes a complex nonlinear
helicopter model. Particle Swarm Optimization is used to op-
timize 37 parameters of this model for hover conditions. This
optimization is based on the measurement of translational and
rotational acceleration. Subsequently, the model extracted
the wind parameters through anomalies in the helicopter dy-
namics estimates. However, this approach appears to have
limited practical applicability: in rotorcraft applications, first-
principles dynamics modeling involves several analytically un-
certain parameters that are difficult to determine (Ref. 5).

Typically, turbulence estimation is considered separately from
wind estimation in scientific studies. In the fixed-wing ap-
proach to considering atmospheric turbulence for flight dy-
namics problems, several simplifying assumptions (Ref. 6) are
made, and vertical acceleration is used to reconstruct the inten-
sity of the turbulence (Ref. 7). However, standard turbulence
models are not always applicable to rotary-wing aircraft due to
the different flight regimes and aerodynamic conditions (low
airspeed, rotating airfoil) (Ref. 8). For rotorcraft, due to the
flapping of the blades, a significant 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. 9). However,
the loads on the hub increase significantly. These challenges
make a turbulence reconstruction from the helicopter response
is nontrivial.

The literature on this subject for rotorcraft is sparse. In
(Ref. 10), a Kalman filter approach is proposed to identify gusts
using a small-scale helicopter. A 28-state linear model of the
open-loop helicopter dynamics was extracted from GenHel©
for a trim condition (Ref. 11). The model was simplified to a 9-
state rigid body dynamics model. Wind gust disturbances are

added to the helicopter model by a gust matrix 𝑮. The terms
in the matrix 𝑮 are substantially different from the equivalent
terms in the matrix 𝑨. However, finding the matrix 𝑮 can be
tricky. Significant modifications were made to the GenHel©
model to obtain a linear 𝑮 matrix. This algorithm yielded
positive results on the primary flow axis; however, the gust
detection error was significant in the off-axis flow direction.
This research introduces a new in-flight algorithm that utilizes
a standard Unmanned Aircraft (UA) sensor kit and the control
signals generated by the flight control system as the primary
data sources for the wind field reconstruction. Unlike existing
methods, this approach does not rely on the assumption of
steady flight. As a basic model of helicopter dynamics, a linear
identified model is proposed, which is utilized for flight control
design and applies to all UAS projects. This linear model is
then enhanced into a quasi-nonlinear model by incorporating
trim data and nonlinear kinematic equations.
A nonlinear Unscented Kalman filter is developed based on the
quasi-nonlinear helicopter model and the scaled Unscented
Transformation (UT) to estimate wind components in the
North-East-Down (NED) coordinate frame. The resulting es-
timates are processed using moving averages to distinguish
between sustained horizontal wind and atmospheric turbu-
lence. This algorithm was tested and validated by an actual
BE-50E helicopter flight test. Validation in hover was per-
formed using measurements from the ultrasonic wind sensor.
These measurements were also used for the identification and
improvement of the dynamic wind model.

METHODOLOGY
Definition of Wind and Aviation Turbulence

The definitions of wind and turbulence can vary across differ-
ent scientific fields.Here we clarify the definitions used in this
paper. The movement of air within the atmosphere is charac-
terized by inherent turbulence, which encompasses a diverse
array of eddy sizes. The larger eddies are distinguished by
such significant scales that air movement inside these eddies
can be regarded as exhibiting a movement with constant speed
from the perspective of flight dynamics. This type of airflow
in aviation is termed steady wind (Ref. 12), which is assumed
to act parallel to the earth’s surface. A particular subset of
turbulence, which has an impact on an aircraft during flight, is
called aviation turbulence (Ref. 13). Therefore, the aircraft’s
reaction determines the spectrum of atmospheric fluctuations
of interest, and aviation turbulence refers to the conditional
atmospheric fluctuations expressed in meters per second that
cause the aircraft to react accordingly.
Let us denote 𝒓 (𝑥, 𝑦, 𝑧, 𝑡) as the radius vector defining the po-
sition of the rotorcraft relative to a specific point on the earth’s
surface. The wind affecting the rotorcraft flight dynamics can
be defined as

𝑾 (𝒓, 𝑡) = 𝑾0 (𝒓, 𝑡) + 𝜹𝑾 (𝒓, 𝑡) (1)

where 𝑾0 (𝒓, 𝑡) characterizes a very slowly varying com-
ponent, which refers to the sustained wind (Ref. 14), and
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𝜹𝑾 (𝒓, 𝑡) is a random component with constant statistical char-
acteristics.
For convenience, we use the navigational wind vector in the
North-East-Down frame in the process model,

𝑾 =
[
𝑊𝑁 𝑊𝐸 𝑊𝐷

]𝑇 (2)

which can be converted into body frame 𝑽wind using a trans-
formation matrix 𝑪𝐵

𝐼
. The sustained wind component is de-

fined as the movement of air parallel to the earth’s surface
𝑾0 =

[
𝑊𝑁0 𝑊𝐸0 0

]
. It can be obtained from 𝑾 (𝑡) by averag-

ing over a specific time (Ref. 14).
The final goal of our wind estimation is to obtain the direction
of the meteorological wind ∠𝑾meteo and the speed |𝑾meteo |,
where the meteorological wind is defined as

𝑾meteo = −𝑾0 (3)

Aviation turbulence 𝜹𝑾 (𝑡) can be represented by statistical
characteristics for a selected period, both in the coordinate
system with the 𝑋-axis aligned with the wind direction or in
the body axes of the helicopter. In the first case, 𝜹𝑾 needs to
be rotated by a wind angle, and in the second case, through the
DCM transformation. After that, the moving variance can be
applied. Note that the vertical components in 𝑾 and 𝜹𝑾 are
identical.

Equations of Motion

The rotorcraft’s position relative to the inertial coordinate sys-
tem is described by the differential equation

d𝒓
d𝑡

= 𝑽𝐼 (𝑡) = 𝑽𝑎 (𝑡) +𝑾 (𝒓, 𝑡) (4)

where 𝑽𝐼 is the inertial velocity, 𝑽𝑎 is the true airspeed and 𝑾
is the wind vector. All velocities here are defined relative to
the rotorcraft’s center of gravity (CG). Newton’s second law
describes the rotorcraft’s CG translational motion as

d (𝑚𝑽𝐼 )
d𝑡

= 𝑭𝐼 (5)

where 𝑭𝐼 is the total external force vector in the inertial frame.
The velocity vector referred to the body frame is related to
the inertial velocity vector through the direction cosine matrix
(DCM) 𝑪𝐵

𝐼
, which is determined by the Euler angles: roll Φ,

pitch Θ, and yaw Ψ.

𝑽𝐵 = 𝑪𝐵
𝐼 𝑽𝐼 (6)

𝑪𝐵
𝐼 =


𝑐Ψ𝑐Θ, 𝑠Ψ𝑐Θ, −𝑠Θ

𝑐Ψ𝑠Θ𝑠Φ−𝑠Ψ𝑐Φ, 𝑠Ψ𝑠Θ𝑠Φ+𝑐Ψ𝑐Φ, 𝑐Θ𝑠Φ
𝑐Ψ𝑠Θ𝑐Φ+𝑠Ψ𝑠Φ, 𝑠Ψ𝑠Θ𝑐Φ−𝑐Ψ𝑠Φ, 𝑐Θ𝑐Φ

 (7)

where 𝑐 and 𝑠 denote the cosine and sine functions. For a body-
fixed coordinate system, the equation Eq. 5 can be rewritten
as

𝜕𝑽𝐵

𝜕𝑡
+ 𝝎 × 𝑽𝐵 = 𝑭̄𝑔 + 𝑭̄𝑎 (8)

where 𝑽𝐵 = 𝑈 𝒊 +𝑉 𝒋 +𝑊𝒌 is the velocity vector expressed in
components in the body axis, 𝝎 = 𝑃𝒊 +𝑄 𝒋 + 𝑅𝒌 is the angular
velocity vector of the body-fixed axis system, 𝑭̄𝑔 is specific
gravity which is a function of the angular orientation of the
rotorcraft relative to the earth’s surface,

𝑭̄𝑔 =


−𝑔 sinΘ

𝑔 sinΦ cosΘ
𝑔 cosΦ cosΘ

 (9)

and 𝑭̄𝑎 is the aerodynamic force in the body frame.
The moment equation expressed in a body-fixed frame is

𝜕𝑯𝑇

𝜕𝑡
+ (𝝎 × 𝑯𝑇 ) = 𝑴𝑎 (10)

where 𝑯𝑇 = 𝑰 𝝎 is a total angular momentum, 𝑰 is an inertia
tensor

𝑰 =


𝐼𝑥 0 −𝐼𝑥𝑧
0 𝐼𝑦 0

−𝐼𝑧𝑥 0 𝐼𝑧

 (11)

and 𝑴𝑎 is a vector of total aerodynamic moment. The Euler
rates in terms of the roll, pitch, and yaw rates are expressed as

¤Φ
¤Θ
¤Ψ

 =
1

cosΘ


cosΘ, sinΦ sinΘ, cosΦ sinΘ

0, cosΦ cosΘ,− sinΦ cosΘ
0, sinΦ, cosΦ



𝑃

𝑄

𝑅

 (12)

The specific aerodynamic force 𝑭̄𝑎 (𝑽𝑎) and the vector of the
total aerodynamic moment 𝑴𝑎 (𝑽𝑎) are functions of the true
airspeed due to the basic aerodynamics. Suppose that we
can model aerodynamic forces and moments as functions of
airspeed. In that case, we can use Eqs. 4 - 12 as a Kalman
filter nonlinear process model to estimate the wind 𝑾 (𝑡). This
model is part of the helicopter flight dynamics model. The
main goal of unmanned helicopter dynamics modeling is flight
control design, for which it is standard practice to use linear
models. The numerical values of the stability and control
derivatives were provided by Steadicopter Ltd. and are not
part of this paper.

Aerodynamic Force and Moment Calculation

The linearized equations of the rotorcraft motion realized in
the state-space form are

¤𝒙(𝑡) = 𝑨𝒙(𝑡) + 𝑩𝒖 (𝑡 − 𝝉) (13)

where a time-delay vector 𝝉 expresses the unmodeled high-
order dynamics and the equivalent delay in the electrical part
of the control system.
The size of the state vector depends on the specific dynamics
of a particular helicopter. Typically, small-scale helicopters
have low-damping coupled fuselage-rotor flapping dynamics,
and a coupled rotor-body model is required. The state and
control vectors used in Eq. 13 are

𝒙 =
[
𝑢 𝑣 𝑤 𝑝 𝑞 𝑟 𝜙 𝜃 𝜓 𝛽1𝑐 𝛽1𝑠 𝜅1𝑐 𝜅1𝑠

]𝑇
𝒖 =

[
Δ𝛿𝑝𝑒𝑑 Δ𝛿𝑙𝑎𝑡 Δ𝛿𝑙𝑜𝑛 Δ𝛿𝑐𝑜𝑙

]𝑇 (14)
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where 𝑢, 𝑣 and𝑤 are perturbations of axial, lateral, and normal
velocity perturbations; 𝑝, 𝑞 and 𝑟 are the roll, pitch, and
yaw rate perturbations; 𝜙, 𝜃 and 𝜓 are perturbations of Euler
angles; 𝛽1𝑐 and 𝛽1𝑠 are the rotor flap angles for the longitudinal
and lateral tip path plane and 𝜅1𝑐 and 𝜅1𝑠 stabilizer bar flap
angles. Throughout the article, lowercase letters denote state
perturbations, while uppercase letters represent total signals
(for example, 𝜃 and Θ). We use Δ to denote perturbations
in the control signal. For convenience, we use the indices
commonly used for manned helicopters for controls (pedals
𝛿𝑝𝑒𝑑 , collective 𝛿𝑐𝑜𝑙 , longitudinal 𝛿𝑙𝑜𝑛, and lateral cyclic 𝛿𝑙𝑎𝑡 ).
The procedure for calculating aerodynamic forces and mo-
ments from the identified linear model is similar to the algo-
rithm used in the model stitching simulation (Ref. 15). From
the identified model, we used only the stability and control
derivatives associated with the aerodynamic forces and mo-
ments to calculate the linear and angular accelerations. These
accelerations, when multiplied by the mass/inertia matrix,
yield perturbations of the aerodynamic forces and the total
aerodynamic moments.[

Δ𝑭𝑎

𝑴𝑎

]
= M

[
𝑨66𝒙6 + 𝑨6𝐻𝒙𝐻 + 𝑩6𝒖 (𝑡 − 𝝉)

]
(15)

where M is a mass-inertia tensor, 𝑨66 is the part of 𝑨 matrix
associated with the state

𝒙6 =
[
𝑢 𝑣 𝑤 𝑝 𝑞 𝑟

]
(16)

from which all derivatives relating to inertial forces have been
removed, 𝑩6 is the corresponding part of 𝑩, and 𝑨6𝐻 is the
corresponding part of 𝑨 associated with 𝒙6 and the high order
states.

𝒙𝐻 =
[
𝛽1𝑐 𝛽1𝑠 𝜅1𝑐 𝜅1𝑠

]
(17)

To obtain the total specific aerodynamic force vector, we
should add its trim value, which numerically equals the gravity
force with opposite sign in the trim flight (see Eq. 9).

𝑭̄𝑎 =
1
𝑚𝑐

Δ𝑭𝑎 − 𝑭̄𝑔0 (18)

where 𝑚𝑐 is the helicopter current mass. The process of
calculation 𝑭̄𝑎 and 𝑴𝑎 from the linear model is more detailed
in our previous article (Ref. 16).

The Quasi-Nonlinear Helicopter Dynamics Model

The basic idea of the quasi-nonlinear model is to calculate
the vectors of the specific aerodynamic force 𝑭̄𝑎 and the total
aerodynamic moment 𝑴𝑎 from a linear model as described
in the previous Section and then use the equations of motion
in their natural nonlinear form. The quasi-nonlinear model
consists of nonlinear equations of motion and a linear model
for high-order states,

¤𝒙𝐻 (𝑡) = 𝑨𝐻6𝒙6 (𝑡) + 𝑨𝐻𝐻𝒙𝐻 (𝑡) + 𝑩𝐻𝒖 (𝑡 − 𝝉) (19)

where the 𝑨𝐻6, 𝑨𝐻𝐻 and 𝑩𝐻 parts of the matrices 𝑨 and 𝑩
in Eq. 13 refer to the flaps of the blade and stabilizer bar. We
denote the quasi-nonlinear model as follows.

¤𝑿 (𝑡) = 𝑭
{
𝑿 (𝑡),𝑼(𝑡 − 𝝉)

}
(20)

where 𝑿 is the vector of the total states except for the flapping
angles and 𝑼 is the vector of the total controls.

𝑿 =
[
𝑈 𝑉 𝑊 𝑃 𝑄 𝑅 Φ Θ Ψ 𝛽1𝑐 𝛽1𝑠 𝜅1𝑐 𝜅1𝑠

]𝑇
,

𝑼 =
[
𝛿𝑝𝑒𝑑 𝛿𝑙𝑎𝑡 𝛿𝑙𝑜𝑛 𝛿𝑐𝑜𝑙

]𝑇 (21)

However, the linear equation Eq. 19 and the computation of
aerodynamic forces and moments Eq. 15 both utilize pertur-
bations of the state and control vectors.

𝒙 = 𝑿 − 𝑿0
𝒖 = 𝑼 −𝑼0

(22)

where 𝑿0 and 𝑼0 the state and control vectors in trim condi-
tions. These are the vectors for which the model Eq. 13 was
linearized.

Atmospheric Disturbances - Helicopter Interface

The dynamic response of the aircraft to wind depends on the
vehicle’s speed and can be quite complex. The expression Eq.
23 defines the total time derivative of the wind velocity at the
point moving with velocity 𝑽𝐼 .

𝑑𝑾

𝑑𝑡
=
𝜕𝑾

𝜕𝑡
+ 𝑽𝐼

𝜕𝑾

𝜕𝒓
(23)

This work assumes that the wind velocity is uniformly dis-
tributed over the rotor disk. This assumption is valid for the
appropriate ratio of the turbulence length scale and the radius
of the rotor (Ref. 17). In this case, we can define the turbulence
input as it is used in fixed-wing problems, which utilize the
relative velocity vector to calculate the aerodynamics of the
aircraft.

[𝑈 𝑉 𝑊 ]𝑇𝑟𝑒𝑙 = 𝑽𝐵 − 𝑽wind (24)

where𝑽wind = [ 𝑈𝑤 𝑉𝑤 𝑊𝑤 ]𝑇 is the wind referred to the
body frame.

Unscented Kalman Filter

The Unscented Kalman Filter (UKF) utilizes the Unscented
Transform for the nonlinear propagation of the state variables
and measurements (Ref. 18). Let us define the discretized
process as a nonlinear function of the state 𝑿 and control 𝑼
vectors and the nonlinear observation model.{

𝑿 (𝑘+1) = 𝚽
{
𝑿 (𝑘),𝑼(𝑘)

}
+ 𝒘𝑑 (𝑘)

𝒁(𝑘+1) = 𝑯
{
𝑿 (𝑘+1),𝑼(𝑘)

}
+𝒗𝑑 (𝑘+1)

(25)

We assume that the distribution of 𝑿 (𝑘) is Gaussian at any time
𝑘 , and the discrete noises 𝒘𝑑 (𝑘) and 𝒗𝑑 (𝑘) are uncorrelated
Gaussian 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)𝛿𝑖 𝑗

E
[
𝒗𝑑 (𝑖)𝒗𝑑 ( 𝑗)𝑇

]
= 𝑹(𝑖)𝛿𝑖 𝑗

(26)
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The Kalman filter propagation of two moments of the distri-
bution of 𝑿 (𝑘) incorporates linearly the measurements at the
next time step.

𝑿̂ (𝑘+1|𝑘+1) = 𝑿̂ (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)
(27)

where 𝒁̃(𝑘+1|𝑘) is the innovation with covariance 𝑷𝑧̃ (𝑘+1|𝑘)

𝒁̃(𝑘+1|𝑘) = 𝒁(𝑘+1) − 𝒁̂(𝑘+1|𝑘) (28)

and 𝑲 is the Kalman gain;

𝑲 (𝑘+1) = 𝑷𝑥𝑧 (𝑘+1|𝑘)𝑷−1
𝑧̃ (𝑘+1|𝑘) (29)

where 𝑷𝑥𝑧 is the predicted cross-correlation matrix between
𝑿̂ (𝑘+1|𝑘) and 𝒁̂(𝑘+1|𝑘).
The 𝚽 and 𝑯 in Eq. 25 are nonlinear function. Therefore,
the predictions of state 𝑿̂ (𝑘 +1|𝑘), measurement 𝒁̂(𝑘 +1|𝑘)
and covariances 𝑷𝑥 (𝑘+1|𝑘), 𝑷𝑧̃ (𝑘+1|𝑘), 𝑷𝑥𝑧 (𝑘+1|𝑘) can be
calculated using the UT. To do this, we should first define a set
of sigma points S = (W, X) that characterize the distribution
of the state vector 𝑿 (𝑘) (Ref. 19).

X0 = 𝑿̂ (𝑘 |𝑘)

X𝑖 = 𝑿̂ (𝑘 |𝑘) +
√
𝑛 + 1𝑪𝒙 (𝑖) 1 ≤ 𝑖 ≤ 𝑛

X𝑖 = 𝑿̂ (𝑘 + 1|𝑘) −
√
𝑛 + 1𝑪𝒙 (𝑖) 𝑛 + 1 ≤ 𝑖 ≤ 2𝑛

(30)

where 𝑛 is the dimension of the state vector and 𝑪𝒙 is the
Cholesky factor.

𝑷𝑥 (𝑘 |𝑘) = 𝑪𝑥𝑪
𝑇
𝑥 (31)

The weights are defined as

W0 = 1/(𝑛 + 1)
W𝑖 = 0.5/(𝑛 + 1)

(32)

such that
∑2𝑛

0 W𝑖 = 1.
Once the set of weighted sigma points S = (W, X) has been
derived, the prediction is straightforward (Ref. 20). We trans-
form each sigma point through the process and the observation
model,

X𝑖 (𝑘 + 1|𝑘) = 𝚽 {X𝑖 (𝑘 |𝑘),𝑼(𝑘)}
Z𝑖 (𝑘 + 1|𝑘) = 𝑯 {X𝑖 (𝑘 + 1|𝑘),𝑼(𝑘)}

(33)

and calculate predictions of mean and observation.

𝑿̂ (𝑘 + 1|𝑘) =
2𝑛∑
𝑖=0

W𝑖X𝑖 (𝑘 + 1|𝑘)

𝒁̂(𝑘 + 1|𝑘) =
2𝑛∑
𝑖=0

W𝑖Z𝑖 (𝑘 + 1|𝑘)
(34)

The prediction of covariance is

𝑷𝑥 (𝑘 + 1|𝑘)=
2𝑛∑︁
𝑖=0

W𝑖 X̃𝑖 (𝑘 +1|𝑘)
[
X̃𝑖 (𝑘+1|𝑘)

]𝑇
+ 𝑸(𝑘) (35)

Figure 1. BE-50E helicopter

Table 1. BE-50 Main Characteristics
Parameter English Metric
Maximum takeoff weight 110 lb 50 kg
Maximum payload weight 33 lb 15 kg
Main rotor diameter 9.2 ft 2.8 m
Total length 10 ft 3.1 m
Max air speed 77 kt 40 m/s
Cruising speed 45 kt 23 m/s
Wind (takeoff and landing) 25 kt 13 m/s

where X̃𝑖 (𝑘 +1|𝑘) = X𝑖 (𝑘 +1|𝑘) − 𝑿̂ (𝑘 +1|𝑘). Innovation
covariance and cross-correlation matrix are calculated in a
similar way

𝑷𝑧 (𝑘 + 1|𝑘) =
2𝑛∑︁
𝑖=0

W𝑖 Z̃𝑖 (𝑘 + 1|𝑘)
(
Z̃𝑖 (𝑘 + 1|𝑘)

)𝑇
(36)

𝑷𝑥𝑧 (𝑘 + 1|𝑘) =
2𝑛∑︁
𝑖=0

W𝑖X𝑖

(
Z̃𝑖 (𝑘 + 1|𝑘)

)𝑇
(37)

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

Test Helicopter

The rotary UA used for the research is the BE-50E, manufac-
tured by Steadicopter Ltd., Israel. All supported operations,
including flight testing, implementation of suggested control
actions, and path patterns, are provided by Steadicopter en-
gineers and pilots. The BE-50E uses a two-bladed teetering
main rotor with a Bell-Hiller stabilizer bar (see Figure 1). The
main characteristics of the helicopter are given in Table 1.

WIND ESTIMATION ALGORITHM

Nonlinear Process Model

We define an augmented state as the state of a quasi-nonlinear
model (see Eq. 21) with the wind vector in the local axes.

𝑿𝒂 =
[
𝑿𝑇 𝑊𝑁 𝑊𝐸 𝑊𝐷

]𝑇 (38)

The nonlinear process function is

¤𝑿𝒂 (𝑡) = 𝑭
{
𝑿𝒂 (𝑡),𝑼(𝑡 − 𝝉)

}
+ 𝒘(𝑡) (39)
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where 𝒘 is an additive process noise and ¤𝑿𝒂 is assumed to
have the following form.

¤𝑿𝒂 =
[

¤𝑿𝑇 0 0 0
]𝑇 (40)

The nonlinear transformation 𝑭 consists of calculating the
following equations.

1. DCM (Eq. 7)

2. Wind in body frame 𝑽wind = 𝑺𝐵
𝐼
𝑾

3. Relative velocity (Eq. 24)

4. Perturbation of state and control vectors (Eq. 22)

5. Specific forces (Eqs. 9, 18) and total aerodynamic mo-
ment (Eq. 15)

6. Nonlinear equations of motion (Eqs. 8, 10 and 12)

7. Linear equations of flapping (Eq. 19)

Nonlinear Observation

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

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

]𝑇 (41)

where [𝑎𝑥 𝑎𝑦 𝑎𝑧] are the measured accelerations, 𝑉𝑖 is the
indicated air speed, and 𝑽𝐼 = [𝑉𝑁 𝑉𝐸 𝑉𝐷]𝑇 is the inertial
velocity in the NED frame. The nonlinear observation function
is

𝒁(𝑡) = 𝑯
{
𝑿𝒂 (𝑡),𝑼(𝑡 − 𝝉)

}
+ 𝒗(𝑡) (42)

where 𝒗 is an additive measurement noise. Some components
of the state vector are measured directly. The velocities in the
body coordinate system are related to the inertial velocity in the
NED frame through Eq. 6. The accelerometer measurements
relative to the helicopter center of gravity are (Ref. 21).

𝑎𝑥 = ¤𝑈 +𝑊𝑄 −𝑉𝑅 − 𝑋̄𝑔 + 𝑧𝑎 ¤𝑄 − 𝑦𝑎 ¤𝑅
𝑎𝑦 = ¤𝑉 +𝑈𝑅 −𝑊𝑃 − 𝑌𝑔 − 𝑧𝑎 ¤𝑃 + 𝑥𝑎 ¤𝑅
𝑎𝑧 = ¤𝑊 +𝑉𝑃 −𝑈𝑄 − 𝑍̄𝑔 + 𝑦𝑎 ¤𝑃 − 𝑥𝑎 ¤𝑄

(43)

where 𝑥𝑎, 𝑦𝑎 and 𝑧𝑎 are the offsets of the IMU location relative
to CG. The indicated speed corresponds to the relative velocity
in the 𝑋-body direction.

𝑉𝑖 = 𝑈 −𝑈𝑤 (44)

Estimation Problem Definition

First, let us discretize the process and the observation for a
specific time step Δ𝑡 = 𝑡𝑠 .{

𝑿𝒂 (𝑘+1) = 𝚽
{
𝑿𝒂 (𝑘),𝑼𝑑 (𝑘)

}
+ 𝒘𝑑 (𝑘)

𝒁(𝑘+1) = 𝑯
{
𝑿𝒂 (𝑘+1),𝑼𝑑 (𝑘)

}
+𝒗𝑑 (𝑘+1)

(45)

where 𝑼𝑑 (𝑘) is the control vector 𝑼(𝑘) delayed by the vector
𝝉.

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 components. Dur-
ing initialization, the control vector 𝑼𝑑 (𝑘) is delayed by
the vector 𝝉.

2. Calculation of the sigma point set.

3. Prediction.

4. Filtering.

VALIDATION BY FLIGHT TESTING
In our paper (Ref. 16), we presented the results of the validation
of the proposed wind estimation method using simulations.
We also described the results of the actual 30 Kt helical flight.
However, the model-stitching simulation was based on the
same model used in the nonlinear process of the Unscented
Kalman Filter, and we did not have data to compare with the
flight test results. To address this, we conducted a flight test
using an ultrasonic sensor to measure the wind. Since the
sensor was stationary, the helicopter was operating in hover
mode during the test.

Flight Test Installation

When planning the test, we were constrained by the maximum
height to which the sensor could be raised. To avoid a ground
effect, the sensor was raised to a height of 4.5 meters. It is
pretty higher than the required 2𝑅 = 2.8 meters (Ref. 22, p.
259). The helicopter’s rotor hub was at the height of the
ultrasonic sensor and about five meters away along the wind
direction line. Thus, all eddies first reached the sensor and
then, with a delay equal to the distance divided by the average
wind speed, the helicopter rotor (see Figure 2). The helicopter
was turned in the wind with an approximate slip angle 𝛽 = 40
degrees.
The helicopter used in the flight test was 20% heavier than the
helicopter for which the model Eq. 13 was identified. The
difference in weight was accounted for in Eq. 18.
We used a WindMaster Pro sensor from Gill Instruments,
which has a measurement resolution of 0.01 m/s. The sensor
was configured to operate in the ’UVW’ mode with a data
rate of 32 Hz. The sensor data was recorded on a laptop.
Synchronization with the onboard logger data was performed
using GPS time and Network Time Protocol (NTP) on the
laptop.
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Figure 2. Flight test with a wind sensor

Flight Test Results

We ran two six-minute flight tests, one after the other. The
first test was conducted with open-loop manual control and the
pilot was instructed to interfere with the controls as little as
possible. The second test was conducted in automatic mode,
with the control loops tightly closed.

The open-loop estimation results are presented in Figure 3,
and the closed-loop results are shown in Figure 4. The results
appear to be acceptable. It should be noted that the helicopter
is positioned 5 meters away from the sensor and the average
wind speed is not constant. Consequently, the eddies reach
the helicopter at varying times, and some of them also change
shape.

The comparison in the frequency domain is more informative
(see Figure 5). The vertical wind component is well estimated
up to a frequency of 10 rad/s, while the horizontal compo-
nent is estimated up to 2 rad/s. Since we estimate the wind
from fluctuations in the aerodynamic forces and moments in
the body axes, let us examine the frequency response in the
helicopter axes (see Figure 6). We observe that the wind com-
ponent in the 𝑋-axis is reasonably well estimated up to 20
rad/s, whereas the lateral wind component is only estimated
up to 2 rad/s. Then, this error is transferred to the horizontal
NED component through the DCM transformation.

Atmospheric fluctuations are incorporated into our model
through the relative state vector (Eq. 24). It is equivalent
to using the gust matrix 𝑮 in the linear model Eq. 13 that
contains the first three columns of matrix 𝑨. This matrix in-
cludes the speed derivatives and refers to the slow modes of
the flight dynamics. For example, the stability derivative 𝑍𝑤
refers to the first-order heave damping characteristics that are
dominant at low frequencies (for full-scale rotorcraft below 1
rad/s, (Ref. 21)). For the small-scale helicopter, as we see in
Figure 6c, this dynamic is neat up to 10 rad/s.

We used the linear model (Eq. 13) to compute the fluctuations
of the aerodynamic forces and moments. However, this model
does not account for specific helicopter dynamics, such as
dynamic inflow, engine model, main rotor torque, and tail rotor
dynamics, as well as the corresponding effects of wind gusts
on these modes. The used gust matrix also does not account
for the impact of wind gusts on high-order dynamics, such

Figure 3. Open-loop test. Time domain

Figure 4. Closed-loop test. Time domain
as blade flapping. The reasons mentioned above can explain
the mismatch in the estimates of the side wind component at
mid- and high-frequency (Fig. 6b). The longitudinal wind
component is better estimated because we use a direct Pitot
measurement.

GUST-HELICOPTER MODEL
IDENTIFICATION

Dynamic Turbulence Model

Earlier, we assumed that the wind had no dynamics. Now, we
introduce simple wind dynamics and, for this purpose, define
new states. In this work, we introduce the dynamics for the
horizontal wind component only

[
𝑢𝑔 𝑣𝑔

]𝑇 , which are equal
in steady state to the wind vector in the helicopter body axes
𝑽wind, taken with a negative sign.[

𝜏𝑢𝑔 0
0 𝜏𝑣𝑔

] [
¤𝑢𝑔
¤𝑣𝑔

]
=

[
−1 0
0 −1

] [
𝑢𝑔
𝑣𝑔

]
−
[
𝑈𝑤

𝑉𝑤

]
(46)

In addition, we also introduce the gust angular velocity com-
ponents. [

𝜏𝑞𝑔 0
0 𝜏𝑟𝑔

] [
¤𝑞𝑔
¤𝑟𝑔

]
=

[
−1 0
0 −1

] [
𝑞𝑔
𝑟𝑔

]
(47)
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(a) North wind component

(b) East wind component

(c) Vertical wind component

Figure 5. Open-loop test. NED

It should be noted that the angular gusts 𝑞𝑔 and 𝑟𝑔 differ in
meaning from those in the Dryden model, where they represent
variations of the linear velocity components along the different
aircraft axes. In our model, these components reflect the effect
of linear wind gusts on pitch and yaw moments.
The wind in the body axes is used in Eq. 23 to calculate
the relative velocity and further calculate the aerodynamic
forces and moments. Experiments show that this method for
estimating atmospheric disturbances is accurate to 2 rad/s in
the lateral direction. Since the vector 𝑽wind has already been
used, we will introduce only the derivatives of the new states
to calculate the aerodynamic forces and moments.
Let us introduce the gust matrix 𝑮, which consists of the
first three columns of matrix 𝑨, taken with negative sign, and
rewrite the Eq. 13 with extended state vector 𝒙𝑒 as follows.

𝑴 ¤𝒙𝑒 (𝑡) = 𝑨𝑒𝒙𝑒 (𝑡) + 𝑩𝑒𝒖(𝑡 − 𝝉) + 𝑮𝑒𝑽wind (𝑡) (48)

(a) 𝑋 component

(b) 𝑌 component

(c) 𝑍 component

Figure 6. Open-loop test. Body frame
where the matrices are of the following form

𝑴 =



𝑰13×13
𝑴𝑔

07×4

04×13

𝜏𝑢𝑔 0 0 0
0 𝜏𝑣𝑔 0 0
𝑘
𝑢𝑔
𝑞𝑔 0 𝜏𝑞𝑔 0
0 𝑘

𝑣𝑔
𝑟𝑔 0 𝜏𝑟𝑔


(49)

𝑨𝑒 =

[
𝑨 013×2 𝑨𝑞 𝑨𝑟

04×13 −𝑰4×4

]
(50)

𝑩𝑒 =

[
𝑩

04×4

]
(51)

𝑮𝑒 =


𝑮

−𝑰2×2 02×1
02×3

 (52)
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Figure 7. Closed-loop helicopter model

where 𝑨𝑞 and 𝑨𝑟 are columns of matrix 𝑨 corresponding to
𝑞 and 𝑟 states; 𝑘𝑢𝑔𝑞𝑔 , 𝑘𝑣𝑔𝑟𝑔 and 𝑴𝑔 are unknown and should be
identified. The extended state is

𝒙𝑒 =
[
𝑢 𝑣 𝑤 𝑝 𝑞 𝑟 𝜙 𝜃 𝜓 𝛽1𝑐 𝛽1𝑠 𝜅1𝑐 𝜅1𝑠 𝑢𝑔 𝑣𝑔 𝑞𝑔 𝑟𝑔

]𝑇 (53)

Extracting the Spectrum of Response to Gusts

In general, the helicopter model can be represented as shown
in Figure 7, where 𝑪 (𝑠) is a flight controller transfer function,
𝒓 𝑓 (𝑡) is a reference vector, 𝒏(𝑡) is a measurement noise and
𝒚(𝑡) is an output vector. The helicopter model has two in-
puts: the control vector 𝒖(𝑡) and the vector of turbulent wind
components 𝑽wind (𝑡).
The frequency response function 𝑯𝑢𝑦 represents the dynamic
dependence of the output vector 𝒚(𝑡) on the control signals
𝒖(𝑡). This is the linear model of the helicopter Eq. 13. A
linear model 𝑯𝑤𝑦 represents the dynamic dependence of the
output vector on atmospheric disturbance and is theoretically
unknown for hover and low-speed conditions.

Our goal is to find 𝒚𝑤 (𝜔) in the frequency domain. The noise
signal 𝒏(𝑡) is not measured in practice. We assume that the
signal-to-noise ratio at low-med frequency is high and do not
take noise into account. Thus, we can write the equation for
𝒚𝑤 (𝜔) in the frequency domain as

𝒚𝑤 (𝜔) = 𝒚(𝜔) − 𝑯𝑢𝑦 (𝜔)𝒖(𝜔) (54)

To identify 𝒚𝑤 (𝜔), we first need to find the complex conjugate.
We omit the function argument 𝜔 for simplicity of notation.

𝒚∗𝑤 𝒚
𝑇
𝑤 = 𝒚∗𝒚𝑇 − 𝒚∗𝒖𝑇𝑯𝑇

𝑢𝑦 −𝑯∗
𝑢𝑦𝒖

∗𝒚𝑇 +𝑯∗
𝑢𝑦𝒖

∗𝒖𝑇𝑯𝑇
𝑢𝑦 (55)

Taking the expected values of both sides and multiplying by
2/𝑇 gives the following.

𝑮̂𝑦𝑤 𝑦𝑤 =
2
𝑇
E
[
𝒚∗𝑤 𝒚

′
𝑤

]
= 𝑮𝑦𝑦 − 𝑮𝑦𝑢𝑯

𝑇
𝑢𝑦−

−𝑯∗
𝑢𝑦𝑮𝑢𝑦 + 𝑯∗

𝑢𝑦𝑮𝑢𝑢𝑯
𝑇
𝑢𝑦

(56)

where 𝑮∗∗ are one-sided power spectral density functions and
𝑇 is the length of the data record. To use Eq. 56 for the linear
model of helicopters Eq. 13 in practice, we must define the
output vector,

𝒚 = [ ¤𝑢 ¤𝑣 ¤𝑤 𝑝 𝑞 𝑟 𝑎𝑥 𝑎𝑦 𝑎𝑧 𝑤 ]𝑇 (57)

and the output and direct term matrices.

𝒚 = 𝑪𝒙 + 𝑫𝒖 (58)

Body accelerations in the output vector 𝑦 can be reconstructed
from the measurements (Ref. 21, p. 151). Fill in the matrices
in Eq. 56, we should calculate 196 frequency responses. We
have chosen the open-loop test for gust spectrum extraction.

The Identification Process

Once 𝑮̂𝑦𝑤 𝑦𝑤 is found and 𝑮𝑉wind𝑉wind is calculated from the
wind sensor measurement, we can write the model for identi-
fication. This is model Eq. 48 without control input.

𝑴 ¤𝒙𝑒 (𝑡) = 𝑨𝑒𝒙𝑒 (𝑡) + 𝑮𝑒𝑽wind (𝑡)
𝒚𝑤 (𝑡) = 𝑪𝒙𝑒 (𝑡) + 𝑫𝑤𝑽wind (𝑡)

(59)

where 𝑫𝑤 is a direct term matrix composed of the first three
rows of the matrix 𝑮 for linear accelerations and for measure-
ment accelerations.
Since we only have the power spectrum density functions from
the flight test and the phase and coherence functions are un-
known, we assume that atmospheric disturbances enter the
model through the 𝑮 matrix at low-mid frequencies. For ex-
ample, a row in the matrix 𝑮 for the pitch rate 𝑞𝑤 contains
all three derivatives [ 𝑀𝑢 𝑀𝑣 𝑀𝑤 ]. This means that the
amplitude 𝐺̂𝑞𝑤𝑞𝑤 at frequency 𝜔 depends on the input of the
sum of three components.

𝐺𝑡𝑜𝑡 (𝜔) = 𝑀𝑢𝐺𝑈𝑤𝑈𝑤
(𝜔) + 𝑀𝑣𝐺𝑉𝑤𝑉𝑤

(𝜔)+
+𝑀𝑤𝐺𝑊𝑤𝑊𝑤

(𝜔)
(60)

In this way (Ref. 23)

|𝐻𝑈𝑤𝑞𝑤 (𝜔) |2 =
𝐾𝑢 (𝜔)𝐺̂𝑞𝑤𝑞𝑤 (𝜔)

𝐺𝑡𝑜𝑡 (𝜔)

|𝐻𝑉𝑤𝑞𝑤 (𝜔) |2 =
𝐾𝑣 (𝜔)𝐺̂𝑞𝑤𝑞𝑤 (𝜔)

𝐺𝑡𝑜𝑡 (𝜔)

|𝐻𝑊𝑤𝑞𝑤 (𝜔) |2 =
𝐾𝑤 (𝜔)𝐺̂𝑞𝑤𝑞𝑤 (𝜔)

𝐺𝑡𝑜𝑡 (𝜔)

(61)

where
𝐾𝑢 (𝜔) =

𝑀𝑢𝐺𝑈𝑤𝑈𝑤
(𝜔)

𝐺𝑡𝑜𝑡 (𝜔)

𝐾𝑣 (𝜔) =
𝑀𝑣𝐺𝑉𝑤𝑉𝑤

(𝜔)
𝐺𝑡𝑜𝑡 (𝜔)

𝐾𝑤 (𝜔) =
𝑀𝑤𝐺𝑊𝑤𝑊𝑤

(𝜔)
𝐺𝑡𝑜𝑡 (𝜔)

(62)

Similarly, we perform the calculations for all components in
the matrix 𝑮; if there is a zero in the corresponding place, we
consider that there is no reaction from this input.
We used the CIFER ® software package for identifying the
parametric wind model. Since there is no phase information,
we fill it with the phase from the model Eq. 47 and ampli-
fied the weight on the magnitude cost during identification.
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Figure 8.𝑈𝑤 responses I, solid - test, dashed - identified

Figure 9.𝑈𝑤 responses II, solid - test, dashed - identified

Table 2. Model Identification Cost Function
Frequency response Cost function
¤𝑢/𝑈𝑤 114.7
¤𝑤/𝑈𝑤 27.5
𝑞/𝑈𝑤 131.7
𝑎𝑥/𝑈𝑤 142.8
𝑎𝑧/𝑈𝑤 48.3
¤𝑢/𝑉𝑤 63.4
𝑟/𝑉𝑤 52.6
𝑎𝑦/𝑉𝑤 93.3
The average cost function 77.3

Figure 10. 𝑉𝑤 responses, solid - test, dashed - identified

Table 3. Identified Wind Model
Parameter Value
𝜏𝑢𝑔 0.189

𝜏𝑣𝑔 0.306

𝜏𝑞𝑔 0.190

𝜏𝑟𝑔 0.175

𝑘
𝑢𝑔
𝑞𝑔 0.029

𝑘
𝑣𝑔
𝑟𝑔 -0.313
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Figure 11. Open-loop test. Estimation with wind model

Since we have no information on the coherence function, the
frequency ranges for identification were chosen where there
is good smooth data. The identification results are presented
in Table 2 and Figures 8-10. The numerical values of the
parameters for the dynamic wind model are given in Table 3,
and the interaction matrix for the dynamics of the wind and
the aircraft is provided in Eq. 63.

𝑴𝑔 =



0.004 0.055 0 −0.007
0 0.122 0 −0.47

0.067 0 0.623 0
0 0 0 0

0.023 0 0.456 −0.325
0 0 0 0


(63)

Estimation Method Validation with Dynamic Wind Model

The results of wind estimation with the wind model in the time
domain for open and closed loops are shown in Figures 11 and
12, respectively. The improvement is particularly noticeable
in the closed-loop test. Peaks of the estimate signal can be
observed in Figure 4, which are absent in Figure 12, and
the signal here is smoother. Furthermore, the results in the
frequency domain are presented in Figures 13 and 14. Using
the identified dynamic model, we were able to increase the
coincidence frequency of the horizontal wind components to
approximately 30 rad/sec. That is enough to determine the
characteristics of aviation turbulence, which is defined as the
aircraft reaction, i.e., the aircraft’s dynamic bandwidth limits
it.

Final Results

The final goal of our estimation is to get the wind magni-
tude and its meteorological direction. For example, the result
estimate of 𝑾0 obtained using a moving average with a one-
minute window for the closed-loop test is shown in Figure 15.
On the ground station monitor, the wind is represented by a
number inside the circle and the direction is indicated by an
arrow on the circle pointing toward the center. In this test, the

Figure 12. Closed-loop test. Estimation with wind model

(a) North wind component

(b) East wind component

(c) Vertical wind component

Figure 13. Open-loop test. Estimation with wind model

12



(a) North wind component

(b) East wind component

(c) Vertical wind component

Figure 14. Closed-loop test. Estimation with wind model

wind is estimated to be 10 knots with a direction from South
by East (SbE) to East. The maximum difference between the
wind sensor measurement and the estimate is 0.6 knots and
8.3 degrees in the direction. The root mean square errors are
equal to 0.3 knots and 4.2 degrees.

The estimation of aviation turbulence 𝜹𝑾 (𝑡) in the time-
domain can be used as a disturbance observer. For turbulence,
we can use the moving variance. However, the axes should be
chosen first, since the statistical characteristics of turbulence
are meaningless in the NED axes. For example, Figure 16 il-
lustrates the statical characteristics of 𝑪𝐵

𝐼
𝜹𝑾 for a one-minute

window moving variance for the closed-loop test in the body
frame. These estimates can be translated into turbulence in-
tensity levels and shown on the ground station monitor with
the appropriate symbol.

Figure 15. Sustained wind estimate

Figure 16. Statistical characteristics of turbulence

Some important practical notes

A helicopter is a vibration-producing machine. First, a vibra-
tion test is required, and where peaks are observed, appropriate
notch filters should be applied. Otherwise, helicopter vibra-
tions will be evaluated as turbulence effects.
We employed the same concept for calculating aerodynamic
forces and moments as used in the model stitching simulation
architecture. However, we do not use a look-up table in this
paper, but rather only one model that is closest to the current
aerodynamic regime. We should also be careful to use the
change in the current mass in relation to the base mass for
which the linear model was identified, as this is used in model
stitching simulation (Ref. 15). Equation Eq. 18 uses the
current mass of the helicopter 𝑚𝑐, while the tensor in Eq. 15
includes the base mass value 𝑚. The control vector values in
the trim also continue to use the basic one 𝑼0.
This method is acceptable for small changes in helicopter mass.
However, if the mass change is significant, this method of cal-
culating aerodynamic forces and moments can lead to substan-
tial errors and, consequently, errors in wind estimation. Since
the torque is nonlinearly dependent on mass, the lateral aero-
dynamic force from the tail rotor will not be a linear function
of the trim position control signal change in Eq. 22. Therefore,
we recommend using the trim state vector and control vector
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for the current mass if the helicopter’s current mass differs
significantly from its base mass. All the above remarks also
apply to changes in air density.
In the estimation algorithm, we explicitly calculate the aero-
dynamic forces and moments that can be output to the user.
Since the aerodynamic moment in steady flight should be zero,
this is a good indication of whether the model parameters used
𝑿0, 𝑼0, M are acceptable for the wind estimation.

CONCLUSIONS

In this paper, a new practical method for wind estimation is
proposed. The following conclusions can be drawn from this
work.

1. The study is based on the identified linear helicopter
model used for flight control design and utilizes a stan-
dard UA sensor kit. Therefore, the practical use of it is
straightforward for any UAS project.

2. By employing an Unscented Transform for nonlinear es-
timation, we can avoid the complexity of computing the
Jacobian and utilize the nonlinear model in its original
form.

3. The method allows for the estimation of wind speed and
direction, as well as the level of turbulence. These data
can be downlinked to the ground control station monitor
to inform the operator of the critical characteristics of the
wind at the current location of the helicopter. Addition-
ally, online estimates in the time domain can serve as a
disturbance observer.

4. Since total aerodynamic forces and moments are calcu-
lated within the nonlinear process, the accuracy of the
mass and air density is crucial for the effectiveness of this
method.

5. This method was validated through a hover flight test
using measurements from the ultrasonic wind sensor and
subsequently improved. The linear dynamical model of
the wind effect on the helicopter reaction was identified
to improve the estimation of aviation turbulence. Flight
tests have shown that sustained wind and its direction
can be estimated with an average error in wind strength
of 0.3 knots and wind direction of 4.2 degrees using a
one-minute moving average window.

6. In the future, the authors plan to validate this model with
different wind conditions, specifically when the wind
blows from various sides of the helicopter. The authors
also plan to continue flight tests and study the relationship
between identifying actual atmospheric disturbances and
identifying the control equivalent turbulence.

Author contact:
Sergey Nazarov sergey.n@campus.technion.ac.il
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