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I. Introduction

Small uncrewed air vehicles (UAVs) are used for a number of applications including package delivery [1],

infrastructure inspection [2], crop monitoring and smart spraying [3], and terrain mapping [4]. Another compelling

application is atmospheric sensing [5–9]. A UAV might be used, for example, to measure the thermodynamic state

(pressure, temperature, and humidity, or PTH) and the kinematic state (wind velocity) of the atmospheric boundary

layer (ABL). Using UAVs to sample the ABL can aid numerical weather prediction and help scientists understand

climatological or topological phenomena such as variations in flow over complex terrain [6, 8, 10]. UAVs have also been

used to measure wind in the wake of a marine vessel to validate computational fluid dynamics (CFD) models [11–16].

Additionally, wind field estimates can be incorporated into flight path planning and control [17], and the wind may even

be exploited to improve energy efficiency [18–20]. The urban air mobility (UAM) concept [21], where small aircraft

take off and land at urban vertiports, increases the need for accurate, real-time wind field measurements to support safe,

reliable flight.

While UAV-based measurements of atmospheric properties like PTH involve direct sampling using dedicated

onboard sensors, wind inference methods may involve either direct or indirect measurements. Direct measurements are

taken with multihole pressure probes, for example, or sonic anemometers that are mounted on a UAV [22]. Indirect

measurements are obtained by inferring wind velocity from the disturbed (i.e., uncommanded) aircraft motion caused

by the ambient wind. Considerations for direct measurements are the cost and accuracy of the sensors and their

placement on the UAV so that, for example, the aircraft’s propulsion system does not corrupt the measurements. Indirect

measurements are the focus of this survey. They are computed using standard operational sensors, such as the inertial

measurement unit (IMU) and a global navigation satellite system (GNSS) receiver, thus adding no additional cost,

weight, or complexity to the aircraft.
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As described above, indirect wind measurement methods use the aircraft as the wind sensor as opposed to direct

wind estimation where an aircraft is equipped with a dedicated wind sensor. Indirect wind estimation methods can

be further categorized as model-based, model-free, or a combination of the two. Model-based wind estimation uses

aircraft operational sensor measurements fused with the aircraft dynamic model to determine wind velocity. In contrast,

model-free methods use only the operational sensor suite without knowledge of the aircraft dynamic model to compute

estimates of the wind. Model-free methods may require an aircraft to execute specific maneuvers to obtain wind

estimates whereas model-based wind estimation methods typically do not impose restrictions on the flight path. Different

estimation approaches can be used with the model-based or model-free methods including linear or nonlinear observers

and machine learning methods. Machine learning methods require direct wind measurements in order to train the

estimation algorithm. This paper is focused on approaches that do not require direct wind measurements, either before

or during wind estimation, except for the purpose of validating results. Specifically, this paper focuses on the use of

deterministic (Luenberger) observers, Kalman filters (KFs), extended Kalman filters (EKFs), and unscented Kalman

filters (UKFs) for wind estimation.

Existing surveys on wind sensing are concerned with wind field representation, onboard sensors, and fixed-wing

UAV motion in wind [23] or on direct measurements and tilt-angle-based wind sensing using multirotor UAVs [24].

While [23] and [24] discuss indirect wind estimation, specific wind estimation algorithms are not explored in detail.

This survey is intended to provide a comprehensive review of indirect wind estimation using both types of small UAV,

including a discussion of common algorithms. The paper describes the wind field and various wind field assumptions,

summarizes the aircraft equations of motion in wind noting differences between the equations for fixed-wing and

multirotor UAVs, describes four common state estimation approaches, reviews indirect wind inference methods making

a distinction between model-based and model-free methods, and describes the implementation of the KF, EKF, and

UKF schemes for simulated flight in wind of a small, fixed-wing UAV. The focus on estimators and their implementation

clearly illustrates how assumptions about the wind field, the aircraft equations of motion, and different estimation

schemes affect wind estimates. A comparison of the filters exposes some implementation challenges and illustrates

differences in estimation accuracy.

The paper is organized as follows. Models for flight in wind are described in Section II. The dynamic equations

of an aircraft including wind disturbances are given in Section III. A summary of the different filters used in wind

estimation schemes is provided in Section IV. A description of existing work on wind estimation methods separated into

model-based and model-free methods is presented in Section V. Implementation of model-based wind estimation for a

simulated fixed-wing UAV subject to two-dimensional von Kármán turbulence, using a KF, EKF, and UKF, is described

in Section VI. Conclusions and suggestions for continuing work are presented in Section VII.
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II. Description of the Wind Field
Wind estimation schemes that use measurements obtained from UAVs are often informed by assumptions made

about the wind field. For example, a model-based estimator might assume that the wind velocity is steady and uniform

so that wind estimates are only updated based on measurements. Or the estimator might assume that the wind velocity

varies as a random walk. Here, we describe some common assumptions about wind fields, which may inform the choice

of wind model incorporated in the estimator. First, we review some standard reference frames that are used to describe

wind and aircraft motion.

A. Reference Frames

Describing the wind field and related assumptions, and later defining an aircraft’s motion in wind, first requires a

definition of the relevant reference frames. In this paper, all reference frames are right-handed with mutually orthogonal

axes. We consider four frames: the inertial, the earth-fixed, the body-fixed, and the atmosphere-fixed reference frames

[25–27].

• The inertial reference frame is represented by the orthonormal triad {𝒊𝑥 , 𝒊𝑦 , 𝒊𝑧}. Its origin and orientation are

arbitrary, but the frame does not accelerate relative to the distant stars, so Newton’s laws of motion hold in this

frame.

• The earth-fixed reference frame is represented by the orthonormal triad {𝒆𝑥 , 𝒆𝑦 , 𝒆𝑧}. The origin of the earth-fixed

reference frame is located at an arbitrary (non-polar) point on Earth’s surface, with the positive 𝒆𝑥 axis pointing

towards geographic north, the positive 𝒆𝑦 axis pointing east, and the positive 𝒆𝑧 axis pointing down, completing

the orthonormal frame. In this case, the reference frame is called a North-East-Down (NED) frame. For flight

mechanics applications, it is common to assume the earth reference frame is inertial. Because we consider wind

velocity measurement over short time and space scales, we adopt that assumption here.

• The body-fixed reference frame, represented by the orthonormal triad {𝒃𝑥 , 𝒃𝑦 , 𝒃𝑧}, has its origin fixed at the

aircraft’s center of gravity. The positive 𝒃𝑥 axis points towards the front of the vehicle (e.g., out the nose, for

a fixed-wing aircraft), the positive 𝒃𝑦 axis points to the right side, and the positive 𝒃𝑧 axis points through the

underside of the aircraft. We let 𝑹IB denote the proper rotation matrix that maps free vectors from the body-fixed

frame to the earth-fixed frame (which we have taken to be inertial); transformations between these two frames are

discussed in Section III.

• The atmosphere-fixed reference frame is represented by the orthonormal triad {𝒂𝑥 , 𝒂𝑦 , 𝒂𝑧}. When the atmosphere

is, or is assumed to be, at rest relative to the Earth, then the earth-fixed and atmosphere-fixed frames are the

same. If the atmosphere is in uniform motion with constant velocity relative to the earth-fixed frame, then the

atmosphere-fixed frame moves relative to the earth-fixed frame with the same constant velocity.
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B. Wind Velocity Vector Field

Wind velocity is modeled as a vector-valued random process. It can be decomposed into (i) a deterministic mean

value that varies slowly in time and space and (ii) random time- and space-varying fluctuations from this mean value.

Let 𝑾 (𝑷, 𝑡) denote the wind field at the inertial position 𝑷 = [𝑥, 𝑦, 𝑧]T and time 𝑡. Then

𝑾 (𝑷, 𝑡) = 𝑾̄ (𝑷, 𝑡) + 𝑾̃ (𝑷, 𝑡) (1)

where 𝑾̄ (𝑷, 𝑡) is the slow varying deterministic mean wind velocity vector and 𝑾̃ (𝑷, 𝑡) = [𝑊̃𝑥 , 𝑊̃𝑦 , 𝑊̃𝑧]T is the random

fluctuation.

Associated with any given point 𝑷 and time 𝑡, there is a 3×3 correlation matrix 𝑹(𝑷, 𝑡, 𝜻 , 𝜏) defined as the ensemble

average of the outer product of 𝑾̃ (𝑷, 𝑡) with 𝑾̃ (𝑷 + 𝜻 , 𝑡 + 𝜏), where 𝜻 and 𝜏 are the spatial and temporal correlation

variables, respectively. The components of the correlation matrix are

𝑅𝑖 𝑗 (𝑷, 𝑡, 𝜻 , 𝜏) =< 𝑊̃𝑖 (𝑷, 𝑡)𝑊̃ 𝑗 (𝑷 + 𝜻 , 𝑡 + 𝜏) > (2)

for 𝑖, 𝑗 ∈ {𝑥, 𝑦, 𝑧}, where < ·, · > denotes the ensemble average.

The component functions 𝑅𝑖 𝑗 provide an incomplete description of the wind turbulence, modeled as a random

process, but it is common to characterize turbulence using the information contained in 𝑅𝑖 𝑗 . The functional form of

these component functions and the corresponding parameter values depend on meteorological conditions, terrain, and

other factors. Atmospheric turbulence is often well characterized by one or more of the following assumptions [26,

Ch. 13].

Assumption 1 Common Assumptions Concerning Atmospheric Turbulence

a) The joint probability density functions underlying the correlation functions (2) are Gaussian.

b) The process is stationary: 𝑅𝑖 𝑗 does not depend on time 𝑡 for 𝑖, 𝑗 ∈ {𝑥, 𝑦, 𝑧}.

c) The process is homogeneous: 𝑅𝑖 𝑗 does not depend on position 𝑷 for 𝑖, 𝑗 ∈ {𝑥, 𝑦, 𝑧}.

d) The process is isotropic: 𝑅𝑖 𝑗 does not depend on the orientation of the frame in which the wind vector is defined.

Equivalently, the mean-square velocity components are equal in every direction: ⟨𝑊̃2
𝑥⟩ = ⟨𝑊̃2

𝑦⟩ = ⟨𝑊̃2
𝑧 ⟩ = 𝜎2.

At low altitudes, atmospheric turbulence varies with height, thus Assumption 1d does not hold. The rate of change of

the wind velocity as seen by a particle moving along a trajectory 𝑷(𝑡) is

𝑑

𝑑𝑡
𝑾 (𝑷, 𝑡) =

(
𝜕

𝜕𝑡
𝑾̄ (𝑷, 𝑡) + ∇𝑾̄ (𝑷, 𝒕) · 𝑑𝑷

𝑑𝑡

)
+
(
𝜕

𝜕𝑡
𝑾̃ (𝑷, 𝑡) + ∇𝑾̃ (𝑷, 𝑡) · 𝑑𝑷

𝑑𝑡

)
(3)

where ∇ denotes the gradient with respect to three-dimensional position.
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The nature of the aircraft’s flight can produce additional simplifications to Eq. (3). For fixed-wing aircraft flying

straight and level at a constant altitude and speed, the position of the aircraft typically changes much faster than the

spatial profile of the velocity fluctuations. In this case, the turbulent fluctuations can be treated as a frozen pattern

advecting with the mean wind velocity 𝑾̄ [26, Ch. 13]. This assumption is referred to as Taylor’s frozen turbulence

hypothesis. Kaimal and Finnigan remark that Taylor’s hypothesis can be adopted for any in situ sensor as it is assumed

that the turbulent eddies “change imperceptibly” as they are convected by the mean wind past the sensor [28, pg. 33].

While turbulence is neither frozen nor transported at mean wind speeds, the lifetime of an eddy is long compared to the

travel time across a sensor. Experimental investigations find good agreement between atmospheric measurements made

with moving and stationary probes when it is assumed that eddies are convected by the mean wind without deforming.

Thus, Taylor’s hypothesis can be adopted for static or slowly moving objects, such as a hovering rotary-wing aircraft, as

well as for fixed-wing airplanes in fast, forward flight through turbulence. Summarizing these points, one may adopt one

or more of the following assumptions.

Assumption 2 Steady Mean Wind, Uniform Mean Wind, and Frozen Turbulence

a) The mean wind velocity does not vary with time: 𝜕
𝜕𝑡
𝑾̄ (𝑷, 𝑡) = 0, thus 𝑾̄ (𝑷, 𝑡) = 𝑾̄ (𝑷).

b) The mean wind velocity does not vary with position: ∇𝑾̄ (𝑷, 𝑡) = 0, thus 𝑾̄ (𝑷, 𝑡) = 𝑾̄ (𝑡).

c) (Taylor’s hypothesis.) Random fluctuations from the mean wind velocity vary only in space: 𝜕
𝜕𝑡
𝑾̃ (𝑷, 𝑡) = 0, so

that 𝑾̃ (𝑷, 𝑡) = 𝑾̃ (𝑷).

Assumptions 2a and 2b together imply that 𝑾̄ is a constant vector. In reality, the mean wind will always vary over a

flight. If one adopts a steady, uniform flow model for the wind estimation problem, these variations must be captured by

measurement updates in the model-based estimator. More commonly in wind estimation, the dynamics of the total wind

velocity are assumed to be driven by Gaussian white noise. For the case characterized by Assumption 2, one has

𝑑

𝑑𝑡
𝑾 (𝑷, 𝑡) = 𝑑

𝑑𝑡

(
𝑾̄ + 𝑾̃ (𝑷)

)
= ∇𝑾̃ (𝑷) ¤𝑷 = 𝒘̃𝑊 (4)

where the stochastic wind velocity fluctuation 𝑾̃ is assumed to be a Wiener process whose generalized derivative 𝒘̃𝑊 is

continuous-time white noise [29, Ch. 3]. In other words, the perturbations in wind velocity from its steady, uniform

mean value are modeled as a random-walk process. Note that 𝒘̃𝑊 captures the combined effect of the variability in

the frozen turbulence field and the velocity of the aircraft through that flow field. The model (4) is a commonly used

representation of fluctuations from a constant, uniform mean wind, though a given wind estimation algorithm may or

may not incorporate this representation.
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III. Aircraft Equations of Motion in Wind
The dynamic equations for an aircraft in wind are presented here, together with assumptions about the aircraft and

its motion. The following assumptions are common in formulating an aircraft flight dynamic model [26, 30]:

Assumption 3 Rigid Body Equations of Motion in Wind

a) The aircraft mass is constant.

b) The aircraft is a rigid body.

c) The surface of the Earth is flat.

d) The specific force of gravity is constant.

e) The Earth is fixed in inertial space.

Assumption 3e implies that the inertial and earth-fixed frames are equivalent. The aircraft’s inertial position in the

NED frame is denoted 𝑷 = [𝑃𝑥 , 𝑃𝑦 , 𝑃𝑧]T. Its orientation can be described using conventional roll-pitch-yaw Euler

angles 𝚯 = [𝜙, 𝜃, 𝜓]T. In terms of these angles, the rotation matrix that maps free vectors from the body-fixed frame to

the inertial frame is

𝑹IB =

©­­­­­­­«
cos 𝜃 cos𝜓 cos𝜓 sin 𝜃 sin 𝜙 − cos 𝜙 sin𝜓 cos𝜓 sin 𝜃 cos 𝜙 + sin 𝜙 sin𝜓

cos 𝜃 sin𝜓 sin 𝜙 sin 𝜃 sin𝜓 + cos 𝜙 cos𝜓 sin 𝜃 cos 𝜙 sin𝜓 − sin 𝜙 cos𝜓

− sin 𝜃 cos 𝜃 sin 𝜙 cos 𝜃 cos 𝜙

ª®®®®®®®¬
(5)

The matrix 𝑹BI mapping free vectors from the inertial frame to the body frame is 𝑹BI = 𝑹−1
IB = 𝑹T

IB. The matrix

𝑳IB (𝚯), which relates the body angular velocity vector 𝝎 to the aircraft’s attitude rate vector ¤𝚯 in Eq. (10b) below, is

𝑳IB =

©­­­­­­­«
1 sin 𝜙 tan 𝜃 cos 𝜙 tan 𝜃

0 cos 𝜙 − sin 𝜙

0 sin 𝜙 sec 𝜃 cos 𝜙 sec 𝜃

ª®®®®®®®¬
(6)

The velocity of the aircraft with respect to the inertial frame can be written as the vector sum of the vehicle’s air-relative

velocity and the wind velocity. The angular velocity vector may be decomposed similarly. Writing these vectors in the

body frame, we have:

𝒗 = 𝒗r + 𝑹T
IB𝑽w (7a)

𝝎 = 𝝎r + 𝝎w (7b)

where 𝒗 = [𝑢, 𝑣, 𝑤]T and 𝝎 = [𝑝, 𝑞, 𝑟]T are the linear and angular velocity, respectively, 𝒗r = [𝑢r, 𝑣r, 𝑤r]T and

6



𝝎r = [𝑝r, 𝑞r, 𝑟r]T are the air-relative linear and angular velocity, and 𝑽w = 𝑾 (𝑷, 𝑡) = [𝑉w,𝑥 , 𝑉w,𝑦 , 𝑉w,𝑧] is the velocity

of the wind expressed in the inertial frame at a given inertial position 𝑷 of the aircraft and time 𝑡. The term 𝝎w merits

further discussion.

The spatial gradient of the wind velocity along the trajectory of the aircraft can be expressed in the body-fixed frame

of reference as follows:

∇𝒗w = 𝑹T
IB∇𝑾𝑹IB =



𝜕𝑢w
𝜕𝑥

𝜕𝑢w
𝜕𝑦

𝜕𝑢w
𝜕𝑧

𝜕𝑣w
𝜕𝑥

𝜕𝑣w
𝜕𝑦

𝜕𝑣w
𝜕𝑧

𝜕𝑤w
𝜕𝑥

𝜕𝑤w
𝜕𝑦

𝜕𝑤w
𝜕𝑧


(8)

where 𝒗w = [𝑢w, 𝑣w, 𝑤w]T is the wind velocity vector expressed in the body-fixed reference frame and displacements 𝑥,

𝑦, and 𝑧 are with respect to the body frame. The spatial gradient matrix in Eq. (8) can be decomposed into a symmetric

part and a skew-symmetric part. The symmetric part represents dilation, which is typically ignored in engineering

models of atmospheric turbulence, and especially in flight dynamics applications. The skew-symmetric part represents

rotating flow, which results in an effective body angular rate 𝝎w = [𝑝w, 𝑞w, 𝑟w]T felt by the aircraft. (Note that this flow

nonuniformity may arise in the mean flow, the turbulent fluctuations, or both.) Because an aircraft has a physical size

and shape, unlike a particle, one finds in practice that the rotational flow effect is dominated by certain aspects of the

aircraft geometry. For a fixed-wing aircraft, for example, whose shape and scale are predominantly determined by the

wing and fuselage, it is reasonable to take [31]

𝑝w = −𝜕𝑤w
𝜕𝑦

𝑞w =
𝜕𝑤w
𝜕𝑥

𝑟w =
𝜕𝑣w
𝜕𝑥

(9)

The following system of equations approximates the motion of a rigid aircraft in wind [30]:

¤𝑷 = 𝑹IB𝒗 (10a)

¤𝚯 = 𝑳IB𝝎 (10b)

¤𝒗 = 𝒗 × 𝝎 + 1
𝑚
𝑭𝐴( ¤𝒗r, 𝒗r,𝝎r, 𝜹) +

1
𝑚
𝑹T

IB𝑭𝐺 (10c)

¤𝝎 = 𝑰−1 (𝑰𝝎 × 𝝎) + 𝑰−1𝑴𝐴( ¤𝒗r, 𝒗r,𝝎r, 𝜹) (10d)

where 𝑭𝐴 = [𝑋,𝑌, 𝑍]T is the aerodynamic force vector including thrust and 𝑴𝐴 = [𝐿, 𝑀, 𝑁]T is the aerodynamic

moment about the center of gravity, both expressed in the body-fixed frame. These aerodynamic terms depend on the

air-relative velocity and angular velocity, as well as the control input vector 𝜹. They may also depend on the air-relative

acceleration, either through “added mass” effects [32] or, more typically, through quasisteady corrections for unsteady

effects. (For fixed-wing aircraft, for example, it is common to incorporate a lift force and pitch moment due to plunge
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acceleration.) Note that the inertial vector 𝑭𝐺 = [0, 0, 𝑚𝑔]T representing the aircraft weight is transformed to the body

frame in Eqs. (10). The symmetric, positive definite matrix:

𝑰 =

©­­­­­­­«
𝐼𝑥𝑥 −𝐼𝑥𝑦 −𝐼𝑥𝑧

−𝐼𝑥𝑦 𝐼𝑦𝑦 −𝐼𝑦𝑧

−𝐼𝑥𝑧 −𝐼𝑦𝑧 𝐼𝑧𝑧

ª®®®®®®®¬
is the matrix of moments of inertia computed in the body-fixed frame. For fixed-wing aircraft whose 𝑥-𝑧 plane is a

plane of symmetry, 𝐼𝑥𝑦 = 𝐼𝑦𝑧 = 0. For multirotor aircraft, it is commonly assumed that 𝐼𝑥𝑦 = 𝐼𝑦𝑧 = 𝐼𝑥𝑧 = 0.

Equations (10) reflect approximations beyond those enumerated in Assumption 3. For example, Eq. (10c) omits a

force due to flow nonuniformity; see Eq. (14) in [32]. Also, additional dynamic equations would be required to capture

unsteady aerodynamics, should these effects play an important role [33, 34].

The aerodynamic force and moment models – i.e., the explicit expressions for 𝑭𝐴 and 𝑴𝐴 – are presented differently

for fixed-wing and multirotor aircraft in standard references because of the fundamental differences in how motion is

generated and controlled. For a fixed-wing aircraft, thrust is generated along the direction of the body 𝑥-axis. The

resulting aerodynamic lift created by the wing supports the weight and effects turning motions through small adjustments

in the aircraft attitude caused by control moment actuators (i.e., the control surfaces). For multirotor vehicles considered

within the references cited in this paper, the propulsors generate thrust along the body 𝑧-axis, directly supporting both

the aircraft weight and its translational motion through combined and differential thrust. For multirotor aircraft with

canted rotor arms, the force generated along the rotor hub axis can be decomposed into components, one of which will

act along the body 𝑧-axis. Aircraft that are capable of both rotary and fixed-wing flight – e.g., “lift-plus-cruise” aircraft

– are capable of both horizontal and vertical propulsion and operate in three flight regimes: rotary, wing-borne, and

transitional flight. The aerodynamic force and moment models for transitional flight may include elements from both

rotary and wing-borne flight dynamic models.

For a fixed-wing aircraft, the aerodynamic force and moment are typically represented in non-dimensional form, to

separate the effect of dynamic pressure and aircraft size and geometry from other force and moment dependencies. The

aerodynamic force and moment coefficients are represented using dimensionless stability derivatives [30], which can be

determined by applying model identification methods to flight test data [35–39].

For multirotor aircraft, the aerodynamic force and moment terms are often left in dimensional form. A detailed

derivation of a multirotor aerodynamic force and moment model can be found in [40, 41], for example, where the

rotor blades are considered to be rigid and rigidly fixed to the rotor hub. Aerodynamic force and moment models

for multirotors and helicopters can include additional modes of blade motion such as flapping and coning, further

complicating the flight dynamic model; a discussion of helicopter aerodynamics in wind can be found in [11], for
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example.

IV. Estimators
The selection of an estimation algorithm is guided by aircraft model assumptions and computational considerations.

This section reviews common model assumptions and estimator choices described in the literature about wind estimation

using UAVs and identifies some advantages and disadvantages of these assumptions and choices.

A. Augmented Aircraft Equations of Motion in Wind

Model-based wind estimation requires a dynamic model for the aircraft motion and wind velocity. Here, we augment

the nonlinear equations (10) with the wind model (4) and replace the total velocity 𝒗 with Eq. (7a):

¤𝑷 = 𝑹IB𝒗𝒓 + 𝑽w (11a)

¤𝚯 = 𝑳IB𝝎 (11b)

¤𝒗r = 𝒗r × 𝝎 + 1
𝑚
𝑭𝐴( ¤𝒗r, 𝒗r,𝝎r, 𝜹) +

1
𝑚
𝑹T

IB𝑭𝐺 − 𝑹T
IB𝒘̃W (11c)

¤𝝎 = 𝑰−1 (𝑰𝝎 × 𝝎) + 𝑰−1𝑴𝐴( ¤𝒗r, 𝒗r,𝝎r, 𝜹) (11d)

¤𝑽w = 𝒘̃W (11e)

The system (11) is a continuous-time, nonlinear system. For a deterministic observer, Eq. (11e) is replaced with ¤𝑽w = 0

and the term 𝑹T
IB𝒘̃W vanishes in Eq. (11c). For nondeterministic observers such as the KF, EKF, and UKF, the terms

𝑹T
IB𝒘̃W in Eq. (11c) and 𝒘̃W in Eq. (11e) will appear as process noise; see Eq. (18). This will be discussed in Sec. VI

where model-based wind estimation using a fixed-wing aircraft is implemented using a KF, EKF, and UKF. Estimation

algorithms that incorporate a system dynamic model are typically implemented in discrete time. A continuous-time

system such as (11) may be discretized by implementing a zero-order hold, for example, on the system inputs. Then, a

numerical integration scheme such as Euler or Runge-Kutta integration may be used to obtain model updates. In addition

to being implemented in discrete time, many observer structures assume the system dynamics are linear. Equations (11)

may be linearized about a given state and input, such as a nominal steady motion or just the most current state and input

values, however the domain in which this model is an accurate approximation of (11) will be limited. Following is an

overview of the observers algorithm considered here.

B. Deterministic Observer

In cases where measurement noise is absent from a dynamic system, one can construct a Luenberger observer [42]

to estimate the states of a discrete-time dynamic system as done in [43–45] for wind estimation. The dynamic model of
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a linear time-varying system in the absence of direct throughput and process and measurement noise is

𝒙(𝑖) = 𝑨(𝑖 − 1)𝒙(𝑖 − 1) + 𝑩(𝑖 − 1)𝒖(𝑖 − 1) (12a)

𝒚(𝑖 − 1) = 𝑪 (𝑖 − 1)𝒙(𝑖 − 1) (12b)

where 𝒙(𝑖) ∈ R𝑛 denotes the state vector, 𝒖(𝑖) ∈ R𝑚 is the vector of inputs, 𝒚(𝑖) ∈ R𝑝 is the vector of outputs,

𝑨(𝑖) ∈ R𝑛×𝑛 is the state matrix, 𝑩(𝑖) ∈ R𝑛×𝑚 is the control input matrix, and 𝑪 (𝑖) ∈ R𝑝×𝑛 is the output matrix. The

output model in (12) includes no direct throughput of the input 𝒖(𝑖), but one may easily extend the deterministic model

to incorporate direct throughput. For the nondeterministic models discussed below, one may include direct throughput

with some additional effort as described in [46, §4.4]. The integer 𝑖 ∈ {1, . . . , 𝑁} denotes the sample index up to some

total number of measurements 𝑁 . For a constant sample time Δ𝑡, the time that has elapsed since time 𝑡 = 0 is (𝑖 − 1)Δ𝑡.

In order to estimate the state of this linear system, the pair (𝑨(𝑖),𝑪 (𝑖)) must be observable. For the pair to be observable

on the finite time interval from time step 𝑖 = 0 to 𝑖 = 𝑁 , the matrix

O(0, 𝑁) =
𝑁∑︁
𝑖=0

𝚽
T (𝑖, 0)𝑪T (𝑖)𝑪 (𝑖)𝚽(𝑖, 0)

must be positive-definite [47] where 𝚽(𝑖, 0) is the discrete-time state transition matrix

𝚽(𝑖, 0) =
𝑖−1∏
𝑗=0

𝑨( 𝑗)

If the pair (𝑨(𝑖),𝑪 (𝑖)) is observable, then the measurements can be used to reconstruct the state using the Luenberger

observer defined by

𝒙̂(𝑖) = 𝑨(𝑖 − 1)𝒙̂(𝑖 − 1) + 𝑳(𝑖 − 1) (𝒚(𝑖 − 1) − 𝒚̂(𝑖 − 1)) + 𝑩(𝑖 − 1)𝒖(𝑖 − 1) (13a)

𝒚̂(𝑖 − 1) = 𝑪 (𝑖 − 1)𝒙̂(𝑖 − 1) (13b)

where 𝒙̂ is the state estimate and 𝒚̂ is the corresponding output. For a well-designed observer, the observer gain 𝑳(𝑖) is

chosen such that the observer error 𝒆(𝑖) = 𝒙̂(𝑖) − 𝒙(𝑖) converges to zero as 𝑖 approaches infinity, so that the estimate

𝒙̂(𝑖) approaches the true state 𝒙(𝑖). The observer error can be rewritten as 𝒆(𝑖) = (𝑨(𝑖 − 1) − 𝑳(𝑖 − 1)𝑪 (𝑖 − 1))𝒆(𝑖 − 1)

using (12) and (13). The origin is a uniformly exponentially stable equilibrium of the observer error equation if and only

if a symmetric matrix sequence 𝑸(𝑖) ∈ R𝑛×𝑛 exists for all 𝑖 such that 𝜂I ⪯ 𝑸(𝑖) ⪯ 𝜌I and

(𝑨(𝑖) − 𝑳(𝑖)𝑪 (𝑖))T𝑸(𝑖 + 1) (𝑨(𝑖) − 𝑳(𝑖)𝑪 (𝑖)) − 𝑸(𝑖) ⪯ 𝜈I
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for some finite positive constants 𝜂, 𝜌, and 𝜈 [48]. The matrix sequences 𝑳(𝑖) and 𝑸(𝑖) must be chosen to satisfy the

above conditions. Following [48, Thm 29.2], the matrix sequence 𝑸(𝑖) may be chosen as

𝑸(𝑖) = 𝚽
T (𝑖 − 𝑙 + 1, 𝑖 + 1)O(𝑖 − 𝑙 + 1, 𝑖 + 1)𝚽(𝑖 − 𝑙 + 1, 𝑖 + 1) (14)

for some positive integer 𝑙 and for all 𝑖. Define the following 𝛼-weighted variant of the observability Gramian:

O𝛼 (0, 𝑁) =
𝑁∑︁
𝑖=0

𝛼4(𝑙−𝑁+1)𝚽
T (𝑖, 0)𝑪T (𝑖)𝑪 (𝑖)𝚽(𝑖, 0)

For a constant value 𝛼 > 1, the observer gain

𝑳(𝑖) =
[
𝚽

T (𝑖 − 𝑙 + 1, 𝑖 + 1)O𝛼 (𝑖 − 𝑙 + 1, 𝑖 + 1)𝚽(𝑖 − 𝑙 + 1, 𝑖 + 1)
]−1

𝑨−T (𝑖)𝑪T (𝑖) (15)

ensures uniform exponential stability of the observer error 𝒆(𝑖) with rate 𝛼. See Chapters 23 and 29 of [48] for more

details about stability and state estimation for discrete-time linear, time-varying systems.

Figure 1 shows the Luenberger observer divided into initialization, model-based prediction, and measurement-based

correction steps. As stated earlier, 𝒙̂ and 𝒚̂ denote the estimated state and output in Figure 1. For the system (12), the

state 𝒙 and output 𝒚 are deterministic. In the following sections, concerning the KF, EKF, and UKF, the state 𝒙 and the

output 𝒚 will be subject to random inputs. For these systems, the notation 𝒙̂ and 𝒚̂ will indicate conditional probabilities,

as defined and discussed in Section IV.C.

Fig. 1 The Luenberger observer split into initialization, model-based prediction, and measurement-based
correction steps where 𝒙̂0 is the initial state estimate. See [42], for example.

C. Kalman Filter

The KF is used to estimate the state of a non-deterministic, discrete-time, linear dynamic system. The general form

of this system follows, including equations for both the output 𝒚 and the (noisy) measurement 𝒛 and omitting direct
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throughput from both as discussed earlier:

𝒙(𝑖) = 𝑨(𝑖 − 1)𝒙(𝑖 − 1) + 𝑩(𝑖 − 1)𝒖(𝑖 − 1) + 𝚪(𝑖 − 1)𝒘̃(𝑖 − 1) (16a)

𝒚(𝑖) = 𝑪 (𝑖)𝒙(𝑖) (16b)

𝒛(𝑖) = 𝒚(𝑖) + 𝒗̃(𝑖) (16c)

where 𝚪(𝑖) ∈ R𝑛×𝑞 is the disturbance input matrix, 𝒘̃(𝑖) ∈ R𝑞 is the process noise vector, 𝒛(𝑖) ∈ R𝑝 is the measurement

vector, and 𝒗̃(𝑖) ∈ R𝑝 is the vector of measurement noise. For a KF, the measurement and process noise are assumed to

be Gaussian, zero mean, white noise sequences [49]. The random forcing 𝒘̃ makes the system non-deterministic. When

estimating the states of a non-deterministic system, we define the state estimate 𝒙̂ at a time step 𝑖 as the expected value

of the random variable 𝒙 at 𝑖 given the measurement 𝒛 at 𝑘 ≤ 𝑖. This conditional probability is denoted

𝒙̂(𝑖 |𝑘) = 𝐸{𝒙(𝑖) |𝒛(𝑘)}

The state estimate 𝒙̂ has an associated covariance

𝑷(𝑖 |𝑘) = 𝐸{[𝒙(𝑖) − 𝒙̂(𝑖 |𝑘)] [𝒙(𝑖) − 𝒙̂(𝑖 |𝑘)]T|𝒛(𝑘)}

for 𝑘 ≤ 𝑖. The steps of Kalman filtering, as described in [49], are shown in Figure 2. The steps are grouped into three

categories: initialization, prediction, and correction. The matrix 𝑷0 is the covariance of the initial state estimate 𝒙̂(0|0).

The covariance matrix sequences 𝑸(𝑖) and 𝑹(𝑖) of the zero-mean, white, Gaussian process and measurement noise,

respectively, are assumed to be known.

KF-based wind estimation is used in [19, 50–53]. These estimation schemes assume the UAV is operating about some

nominal trajectory, such as wings-level, constant-altitude flight for fixed-wing UAVs or hovering flight for multirotors.

An example of KF-based wind estimation using a fixed-wing UAV is provided in Section VI.

D. Extended Kalman Filter

The EKF is an adaptation of the KF’s linear minimum mean square error estimation algorithm to nonlinear systems.

In the EKF, nonlinear terms in the state and output equations are linearized at each time step about the current state
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Fig. 2 KF algorithm based on the linear system (16) split into three steps, where I is the 𝑛 × 𝑛 identity matrix.
See [49], for example.

estimate and input. Consider the discrete-time nonlinear dynamic system

𝒙(𝑖) = 𝒇
(
𝒙(𝑖 − 1), 𝒖(𝑖 − 1), 𝒘̃(𝑖 − 1)

)
(17a)

𝒚(𝑖) = 𝒉
(
𝒙(𝑖)

)
(17b)

𝒛(𝑖) = 𝒚(𝑖) + 𝒗̃(𝑖) (17c)

where the vector fields 𝒇 and 𝒉 are assumed to contain once continuously differentiable nonlinear functions of the states,

process noise, and inputs. The measurement and process noise are assumed to be Gaussian, zero mean, white noise

sequences. Figure 3 shows the steps of EKF implementation for the system (17).

Wind estimation using an EKF is described in [54–60]. Since the EKF requires linearization at each time step, it

can be computationally expensive and difficult to implement in real-time wind field estimation. However, the EKF

relaxes the requirement that the system state remain within a small neighborhood of a nominal state provided the local

linearization approximates the nonlinear dynamics with sufficient accuracy during each sample interval.

E. Unscented Kalman Filter

The unscented Kalman filter (UKF) provides another approach to nonlinear estimation for non-deterministic systems.

First described by Julier and Uhlmann in [61], the UKF is based on the unscented transformation which is a method for

approximating a random variable that undergoes a nonlinear transformation. The UKF does not require the computation

of Jacobian matrices, which can make its implementation simpler [62]. For the system (17), the state vector 𝒙 is a

random variable, with expected value 𝒙̂ and covariance 𝑷𝑥𝑥 , which is propagated through the nonlinear functions 𝒇
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Fig. 3 EKF algorithm based on the nonlinear system (17) split into three steps with recursive linearization. See
[49], for example.

and 𝒉. The unscented transformation involves selecting 𝑛-dimensional vectors, called sigma points, around 𝒙̂ and then

computing weights associated with each sigma point based on the statistics of 𝒙. For the system (17), the 2(𝑛 + 𝑞) + 1

sigma points are [63]:

𝝌0 = 𝒙̂

𝝌 𝑗 = 𝒙̂ +
√︁
(𝑛 + 𝑝 + 𝑞 + 𝜆)𝑷𝑥𝑥 , 𝑗 = 1, . . . , 𝑛

𝝌 𝑗 = 𝒙̂ −
√︁
(𝑛 + 𝑝 + 𝑞 + 𝜆)𝑷𝑥𝑥 , 𝑗 = 𝑛 + 1, . . . , 2𝑛

𝝌 𝑗 = 𝒙̂ 𝑗 = 2𝑛 + 1, . . . , 2𝑛 + 2𝑞

𝝌𝑤
𝑗
= 0, 𝑗 = 0, . . . , 2𝑛

𝝌𝑤
𝑗
=
√︁
(𝑛 + 𝑝 + 𝑞 + 𝜆)𝑸, 𝑗 = 2𝑛 + 1, . . . , 2𝑛 + 𝑞

𝝌𝑤
𝑗
= −

√︁
(𝑛 + 𝑝 + 𝑞 + 𝜆)𝑸, 𝑗 = 2𝑛 + 𝑞 + 1, . . . , 2𝑛 + 2𝑞

where 𝜆 = 𝛼2 (𝑛 + 𝑞 + 𝜅) − (𝑛 + 𝑞) is a sigma point scaling parameter. The scaling parameter 𝜆 depends on two

other parameters, 𝛼 and 𝜅, where 𝛼 is a small, positive value reflecting the spread of the sigma points (typically,

10−4 < 𝛼 < 1) and 𝜅 is a secondary scaling parameter tuned to reduce prediction error [61]. For a Gaussian distribution,

it is recommended to set 𝜅 = 0 [63].
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Fig. 4 UKF algorithm based on the nonlinear system (17) split into three steps using computed sigma points
and weights. See [63], for example.

The general steps of the UKF including initialization, prediction, and correction are provided in Figure 4, where

each of the weights 𝑊𝑚
𝑗

and 𝑊𝑐
𝑗

for each vector of sigma points are

𝑊𝑚
0 =

𝜆

𝑛 + 𝑞 + 𝜆

𝑊𝑐
0 =

𝜆

𝑛 + 𝑞 + 𝜆
+ 1 − 𝛼2 + 𝛽

𝑊𝑚
𝑗 = 𝑊𝑐

𝑗 =
1

2(𝜆 + 𝑛 + 𝑞)

for 𝑗 = 1, . . . , 2𝑛 + 2𝑞 and where 𝛽 is used to incorporate knowledge of the distribution of 𝒙. The authors of [63] note,

for example, that a Gaussian distribution is best represented by 𝛽 = 2. Compared to the EKF algorithm, the UKF

algorithm requires the additional step of computing sigma points and weights; the computational cost is about twice

that of an EKF. As noted earlier, though, the approach does not require the computation of Jacobian matrices and the

UKF exhibits other performance and accuracy advantages. Examples of wind estimation using a UKF can be found in

[62, 64–68].
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V. Summary of Existing Work on Wind Estimation
As discussed in Section I, wind field estimation using UAVs can be accomplished by measuring the relative wind

velocity directly or by inferring the wind velocity from the aircraft motion. Wind estimates obtained using indirect

methods, the focus of this survey, are validated by comparing the obtained estimates with a truth source, such as a direct

measurement obtained using a dedicated sensor installed on the aircraft [69]. Given the measurements or estimates of

the inertial velocity and the air-relative velocity, the wind velocity can be obtained from the wind triangle relationship in

Figure 5, as expressed in Eqn. (7a).

Fig. 5 Illustration of the wind triangle including AoA and AoS.

The wind field can be separated into steady and turbulent wind components, as discussed in Section II.B. Turbulence

models can be incorporated into wind estimation algorithms. They are also used to construct realistic wind simulations

as truth models to evaluate the quality of wind estimates obtained using different algorithms. When considering

turbulent wind field effects on aircraft motion, the Dryden and von Kármán turbulence models for clear air turbulence

are commonly used [24]. Turbulence models can be incorporated into indirect wind estimation schemes, such as in [66]

and [70] where wind is incorporated using the Dryden turbulence model. Other turbulence models exist, such as the

Kaimal [71] and Mann [72] turbulence models, but to the authors’ knowledge they have not been employed for wind

estimation using UAVs. Turbulent wind can also be modeled as a simple Gauss-Markov sequence as in [73].

Indirect wind estimation methods using UAVs to solve the wind triangle relationship can be categorized as model-

based and model-free. Model-based methods use the aircraft’s kinematic and dynamic equations to estimate components

of the wind vector whereas model-free methods do not require knowledge of the aircraft’s dynamic model. These

methods are coupled with different types of estimators to compute components of the wind vector and they require
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measurements from various operational sensors onboard a UAV. The UAVs used for wind estimation are typically

equipped with a GNSS receiver that provides position and velocity with respect to the NED frame, an IMU that provides

the aircraft’s specific acceleration and angular velocity, a magnetometer that provides heading, and a Pitot probe to

measure airspeed. Additionally, aircraft may be instrumented with flow vanes or multihole Pitot probes to obtain angle

of attack (AoA) and angle of sideslip (AoS) measurements. A sensor that provides airspeed, AoA, and AoS is referred

to as an air data sensor (ADS).

Existing work on wind estimation formulations and different estimation techniques is summarized in Table 1. Table 1

also includes work where model-based and model-free methods are combined for wind estimation. Combined methods

seek to use some knowledge of an aircraft’s aerodynamic model and to alleviate some restrictions from model-free

estimation methods such as the requirement for persistently exciting aircraft motions to resolve 3D air relative velocity

when 3D measurements are not available.

A. Model-based Methods

Model-based wind estimation methods rely on knowledge of the aircraft flight dynamic model. Developing this

model can involve ground testing to determine inertial properties, wind tunnel testing to determine propulsion models

[64], and experimental and computational model identification to determine the aerodynamic force and moment structure

and parameters [44, 74, 75]. Model-based wind estimation schemes can be applied to deterministic or non-deterministic

systems which use linear or nonlinear dynamic models. Other methods of wind estimation include optimization

techniques, which rely on solving nonlinear optimal control problems, and include multi-objective optimization and

model predictive static programming (MPSP) [76, 77].

References [9, 78–80] introduce tilt-based methods (denoted “Tilt” in Table 1) for wind estimation using multirotor

aircraft. The tilt-based wind estimation scheme is based on the deviation of the multirotor attitude from a trim hover

condition. It is assumed that the deviation is a result of a wind disturbance. This method requires only attitude and

position data from the GNSS and IMU sensors onboard the multirotor aircraft. Palomaki et al. compare direct wind

measurements using a sonic anemometer mounted on a hexacopter to indirect model-based estimation using attitude data

from a quadcopter using only hovering flight [78]. Segales et al. fly the CopterSonde, a multirotor aircraft developed

for remote sensing in the atmospheric boundary layer, to obtain experimental 2D estimates of the wind based on tilt

measurements [9]. The wind velocity is calculated using pitch angle measurements by programming the CopterSonde

to hover in “wind vane” mode where it orients itself to face the wind, keeping its roll angle near zero. Neumann et al.

identify a quadcopter aerodynamic model with wind tunnel testing and perform tilt-based real-time wind estimation

[79]. They solve the wind triangle relationship for the wind velocity using GNSS-based inertial velocity measurements

and estimate air-relative velocity using the identified aerodynamic model with IMU and magnetometer measurements.

Shelekhov et al. estimate atmospheric turbulence using three commercial off-the-shelf multirotor aircraft in hover at
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different vertically spaced points [80]. The time histories and spectral content of the quadcopter wind estimation results

are compared with measurements from three anemometers placed at different altitudes.

In [43–45] the wind is modeled as a deterministic process and the linearized equations of motion of the system are

used to obtain wind estimates using a deterministic observer. González-Rocha et al. [43] present three quadrotor models:

a kinematic particle model, a dynamic particle model, and a rigid body model. They obtain 2D wind velocity estimates

using the two particle models by directly solving the wind triangle relationship for wind velocity using measurements of

inertial and air-relative velocity from GNSS, IMU, magnetometer, and barometer data. In [44], the authors compare

wind velocity estimates obtained using the three quadcopter models to measurements from a sonic anemometer. The

rigid body model given by the system (10) is linearized about steady straight and level forward flight and the state is

augmented to include the wind velocity, assuming the wind to be slowly varying compared to the aircraft motion. It

was found that increasing the fidelity of the model resulted in more accurate wind speed estimates, with the rigid body

model providing the best wind speed estimates. In [45] the rigid body model is used to estimate wind velocity with a

quadcopter in hover and in steady ascent where the quadcopter aerodynamic force and moment models were identified

using stepwise regression and output error parameter estimation using flight test data. This study also assumed the

wind to be slowly varying compared to the aircraft and compared wind velocity estimates in hover and steady ascent to

wind velocities measured using sound detecting and ranging (SoDAR). The dynamic particle model of a multirotor

is also used in [51] where wind estimation assuming a slowly varying wind field relative to the aircraft is presented

using a KF along with a parameter identification method to estimate the drag model of the aircraft. Xiang et al. present

quadcopter-based wind estimation using a KF where estimates were obtained experimentally with the quadcopter in

steady flight in a straight line and in a steady hover [52]. The estimates obtained in hover were in closer agreement with

measurements obtained using digital anemometers attached to masts in the test environment.

Model-based wind estimation methods using either KFs or EKFs are applied in [19, 51–53, 55, 57–59, 75, 81].

Both types of filter rely on linearizing the nonlinear system equations. For the KF, the nonlinear equations of motion are

linearized about a nominal state. For the EKF, the nonlinear system is linearized about the current state estimate at each

time step. Torgesen et al. estimate steady and turbulent air wake stream components using an error-state Kalman filter

for a hexacopter tethered behind a cruising vessel [12]. Langelaan et al. [19] assume a polynomial structure for the

wind to simplify the parameter estimation method which allows implementation of a KF for state estimation. In [19],

the motivation for obtaining wind estimates is to be able to query the wind field in real-time to facilitate autonomous

dynamic soaring. Petrich et al. use a two-state KF that initially generates a GNSS-based position estimate and then

estimates orientation, airspeed, angular rate, and 3D wind velocity based on measurements from an IMU and an air data

sensor under the assumption of a constant wind field [53]. Chen et al. design an invariant-EKF (IEKF) that leverages

the invariant dynamics of quadcopter kinematics and translational dynamics to obtain estimates with errors that are

realistic with respect to the symmetries exhibited by the system [55]. Lie et al. present a wind estimation method
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that relies only on GNSS and inertial navigation system (INS) measurements using a cascaded EKF structure under

the assumption of small AoA and constant thrust [57]. In [58], Sun et al. propose wind estimation, where the wind

is modeled as a random walk process, using a tail-sitter UAV that is able to operate in three flight regimes: rotary,

transitional, and wing-borne flight. They use the cascaded EKF structure from [57]. Tian et al. propose an estimation

method modeling the wind as a random walk process using two EKFs where the first EKF estimates AoA and AoS and

the second estimates air-relative velocity, orientation, and wind velocity using measurements from GNSS, IMU, and a

Pitot probe [59]. In [75], Halefom et al. investigate the benefits of including unsteady aerodynamics in a model-based

wind estimator for a small, fixed-wing aircraft, and present the outcomes of an experimental implementation. The study

involves the design of an extended Kalman filter for two motion models derived from flight data, one accounting for

unsteady effects and another that does not. The resulting wind estimates are then compared with the local wind velocity

reconstructed from measurements obtained from an air data sensor equipped with wind vanes and a Kiel probe. Pappu

et al. use an EKF to estimate wind gusts with a quadcopter in hover using only GNSS, IMU, and control actuation

sensors assuming that gusts can be represented by filtered white noise [81].

The UKF is used for model-based wind estimation in [62, 64–66, 68, 82]. The UKF does not require analytical

linearization of the nonlinear equations of motion about a nominal state. Condomines et al. present wind estimation and

aircraft parameter identification based on flight experiments using a fixed-wing UAV where a square root UKF-based

approach is proposed for simultaneous aircraft air-relative velocity and wind velocity estimation assuming the spatial

gradient of the wind field to be zero [64]. Larrabee et al. investigate the use of a stand-alone UKF and a cooperative

UKF for a leader-follower formation of fixed-wing aircraft where the follower senses the wake of the leader [65]. Rhudy

et al. estimate wind velocity and acceleration components assuming the wind acceleration is a random walk process

using a UKF in [62] and in [68] UKF-based wind estimates are compared under two different models for the random

wind variations: (1) a random walk and (2) a Gauss-Markov process. Lee et al. use a square-root UKF for wind

and aircraft state estimation where the aircraft is exposed to time-varying prevailing wind and turbulence modeled

using the Dryden turbulence model and both the wind velocity and its derivative are estimated [66]. Cooper et al.

perform quadcopter wind estimation with a UKF where the motivation is to use wind estimates in a source localization

algorithm in two scenarios: (1) a hovering quadcopter and (2) a quadcopter that hovers for 10 seconds then moves to a

sequence of two waypoints, loitering at each for 10 seconds [82]. In this work, a flight dynamic model is identified

which incorporates rotor blade flapping motion using blade element theory.

Optimization techniques such as model predictive static programming (MPSP) and multi-objective optimization

are also employed in model-based wind estimation in [76, 77] and [83], respectively. Hong et al. use tracking MPSP

(T-MPSP) in [76] and generalized MPSP (G-MPSP) in [77] to estimate 3D wind without requiring any airspeed

measurements. In [76], the wind vector is estimated by considering it to be an input to the aircraft model that results in

reduced error between the aircraft’s measured and predicted kinematic states. The G-MPSP approach in [77] considers
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the wind as a virtual input to the model and uses measurements from a previous finite horizon of 0.2 seconds to reduce

terminal errors using the measured and predicted states. In [83], Velasco-Carrau et al. use multi-objective optimization

(MO) for wind estimation and aircraft model identification where an aircraft model structure is provided and MO

provides wind speed estimates that are used in model structure determination to correct airspeed-dependent terms and

minimize the defined cost functions.

Other model-based wind estimation methods include frequency-based wind gust estimation using a nonlinear

disturbance observer [84], wind gust estimation with a quadrotor in a quasi-hover using an unknown input observer

(UIO) [85], direct computation of the wind velocities [86], wind velocity estimation using Gaussian process regression

(GPR) [87], estimating time-varying wind parameters from quadrotor data using finite time estimation (FTE) [88], wind

velocity and aircraft aerodynamic coefficient estimation using a moving horizon estimator (MHE) [70], and ambient

wind estimation using an active particle filter (APF) from radio-controlled (RC) helicopter data [11].

B. Model-free Methods

Wind estimation methods that do not require a flight dynamic model are referred to as model-free methods.

Model-free methods typically rely on airspeed measurements from a Pitot probe and inertial velocity from GNSS. These

methods are attractive because they do not require a lengthy model identification effort. However, model-free estimation

methods typically require persistent excitation of the aircraft motion to resolve the air-relative velocity from the scalar

airspeed measurement provided by the Pitot probe. Model-free wind estimation with UAVs is used in [50, 56, 60, 89, 90].

The combination of operational sensors available on an aircraft guides the selection of a wind estimation approach.

The different combinations of operational sensor suites and wind estimation methods described in the literature reviewed

here are shown in Table 2. Model-free wind estimation methods typically rely only on GNSS and Pitot probe data,

as described in [50] and [56]. Balmer et al. adopt a KF to obtain wind estimates [50]. They assume a constant wind

field and provide their algorithm with pseudo-measurements of AoA and AoS to calculate the air-relative velocity.

These pseudo-measurements are the equilibrium values of AoA and AoS for the aircraft, assuming that pitch and yaw

stability ensures only small deviations from these equilibrium values. This approach allows the authors to remove the

requirement for persistent excitation or attitude variations typically seen in model-free wind estimation. Cho et al.

describe model-free wind estimation where the aircraft is equipped with a single GNSS antenna/receiver and a Pitot

probe [56]. They assume a constant 2D wind field and enforce persistent excitation of the aircraft motion, in the form of

banking turns and circling maneuvers, to resolve the air-relative velocity and the wind velocity using an EKF.

In addition to GNSS and Pitot probe measurements, instrumentation for model-free wind estimation can include

IMU, magnetometer, and/or ADS data. Reference [89] describes wind estimation from data obtained using a fixed-wing

UAV equipped with a multihole Pitot probe, an IMU, and a GNSS receiver. The authors compare the accuracy of

estimates obtained when incorporating the air-relative velocity measurements in the filter with the accuracy of estimates
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obtained when omitting flow sensor data and using persistent excitation. Zhang et al. require GNSS, IMU, Pitot probe,

and barometric pressure measurements for online calibration of a Pitot probe and wind field estimation with a quadcopter

in hovering flight [60]. Witte et al. use GNSS, IMU, magnetometer, and a multihole Pitot probe data from a fixed-wing

UAV to obtain wind velocity estimates where the GNSS measurements provide inertial velocity and the multihole Pitot

probe provides the three components of air-relative velocity. These measurements, along with an attitude estimate from

the IMU and magnetometer, allow one to solve the wind triangle for the wind velocity [90]. In [67], Rhudy et al. present

four different formulations for wind estimation using a UKF with two model-free methods, one of which is based on

the work in [56], and two model-based methods. They use GNSS, IMU, and ADS measurements in their estimation

algorithms.

C. Combined Methods

In the literature reviewed here, the combined wind estimation methods used either EKFs [54], deterministic observers

[91], or moving horizon estimators [17, 70]. Wenz et al. use an EKF with GNSS, IMU, and Pitot probe measurements to

obtain steady wind and turbulent fluctuation estimates [54]. Attitude changes are required during the flight to maintain

observability. Borup et al. implement a nonlinear observer for model-free wind estimation, eliminating the persistent

excitation requirement by incorporating a simple aerodynamic model that is updated using propeller speed and Pitot

probe measurements [91]. The authors note that the simple, assumed aerodynamic model introduces errors into the

estimates. Benders et al. use a moving horizon estimator and combine wind velocity-based path planning with wind

velocity estimation where wind is modeled using the Dryden turbulence model [17]. This method requires aircraft

attitude changes during the flight to maintain observability. It is considered a combined method as the aerodynamic

coefficients of the aircraft are determined online rather than beforehand. Wenz et al. [70] model the wind using the

Dryden turbulence model and obtain wind velocity and turbulence estimates using a moving horizon estimator where

persistent excitation is required to distinguish between changes in aerodynamic coefficients and the wind velocity.

VI. Implementation
In this section, we demonstrate the implementation of a wind estimation scheme using the KF, EKF, and UKF.

These filters are widely used estimation tools which play a role in many of the papers discussed here. Although some

authors report better results using alternative algorithms, the KF, EKF, and UKF serve as useful illustrations of the

general estimation process. For tutorial purposes, we have implemented model-based, indirect wind estimation using a

fixed-wing UAV for which a motion model has been identified from flight test data. The aircraft is equipped with an

IMU, GPS receiver, and pitot-static probe that provide the measurements required to estimate the extended state (i.e.,

the state of aircraft motion and the wind velocity). Using the flight dynamic model, we obtain simulated flight data for

which the aircraft experiences input perturbations and wind disturbances. We then implement various filters to obtain

21



Table 1 Summary of reviewed indirect wind estimation formulation and filtering methods using small UAVs.
The symbols denote the type of aircraft used: = fixed-wing, = multirotor, and = lift+cruise. The
symbol † indicates wind estimation approaches that were validated using experimental flight test data.

Model-based Model-free Combined
Kalman Filter

Hattenberger et al.† [51]
Langelaan et al.† [19]

Xiang et al.†[52]
Petrich et al.† [53]

Balmer et al.† [50]

Extended Kalman Filter
Chen et al. [55] (IEKF)

Lie et al.† [57]
Pappu et al.† [81]
Sun et al. † [58]
Tian et al.† [59]

Torgesen et al.† [12]
Halefom et al.† [75]

Cho et al.† [56]
Rautenberg et al.† [89]

Zhang et al.† [60]
Wenz et al. [54]

Unscented Kalman Filter
Condomines et al.† [64]

Cooper et al. [82]
Larrabee et al.† [65]

Lee et al. [66]
Rhudy et al.† [62, 67, 68]

Rhudy et al.† [67]

Deterministic Observer
Asignacion et al.† [84]

Gonzalez-Rocha et al.† [43–45]
Borup et al. [91]

Other
Azid et al.† [85] (UIO)

Hong et al. [76] (T-MPSP)
Kumar et al.† [11] (APF)

Langelaan et al. [86]
Marinescu et al.† [87] (GPR)

Meier et al.† [92]
Neumann et al.† [79] (Tilt)
Palomaki et al.† [78] (Tilt)

Perozzi et al. [88] (FTE)
Salazar et al.† [93]

Segales et al.† [9] (Tilt)
Shelekhov et al.† [80] (Tilt)

Velasco et al.† [83]
Wenz et al.† [70] (MHE)

Witte et al.† [90]
Benders et al. [17](MHE)
Wenz et al.† [70](MHE)
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Table 2 Indirect wind estimation formulations by operational sensor suite, where ∗ indicates reference also uses
linear optical sensor arrays, ∗∗ indicates reference also uses control inputs, ∗∗∗ indicates reference also uses a
range sensor, † indicates reference uses a barometer and vision-based prose, and ‡ indicates reference also uses a
multihole Pitot probe.

Model-based Model-free Combined
IMU

Segales et al. [9]
IMU and magnetometer

Palomaki et al. [78]
GNSS and Pitot probe

Hattenberger et al. [51]
Hong et al. [76]

Balmer et al. [50]
Cho et al. [56]

GNSS and IMU
Cooper et al.∗∗ [82], Pappu et al.∗∗ [81]
Phelps et al. [13], Salazar et al. [93]

Sun et al. [58], Tian et al. [59]
Torgesen et al.† [12], Velasco-Carrau et al.∗∗ [83]

Xiang et al.[52]
GNSS, IMU, and magnetometer

Chen et al. [55], Perozzi et al. [88]
Kumar et al.∗ [11]

GNSS, IMU, barometer, and magnetometer
Gonzelez-Rocha et al. [43–45], Neumann et al. [79]

Shelekhov et al. [80], Halefom et al. [75]
GNSS, IMU, and Pitot probe

Condomines et al. [64]
Lie et al. [57]

Rautenberg et al. [89]
Benders et al. [17]
Borup et al. [91]

Wenz et al. [54, 70]
GNSS, IMU, Pitot probe, and magnetometer

Azid et al. [85], Langelaan et al. [19, 86]
Marinescu et al. [87], Meier et al. [92]

Witte et al.‡ [90]
Zhang et al. [60]
(w/ barometer)

GNSS, IMU, and ADU
Larrabee et al. [65]∗∗∗, Petrich et al. [53]

Rhudy et al. [62, 67, 68]
Rhudy et al. [67]

GNSS, IMU, ADU, and magnetometer
Lee et al. [66]

estimates of the wind velocity. Specifically, we compare wind velocity estimates obtained using either a KF, EKF, or

UKF. The wind field is generated using the two-dimensional von Kármán turbulence model. The simulated data serve

as truth data for comparing the filter results.
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A. Augmented Dynamic Model of the Aircraft for Wind Estimation

To illustrate indirect, model-based wind estimation, we start by considering the dynamics of a fixed-wing aircraft in

wind. The wind velocity𝑽W is appended to the aircraft state in the 15×1 augmented state vector 𝒙 = [𝑷,𝚯, 𝒗r,𝝎,𝑽w] T.

The equations of motion of the augmented system are

¤𝑷 = 𝑹IB𝒗r + 𝑽w + 𝒘̃𝑃 (18a)

¤𝚯 = 𝑳IB𝝎 + 𝒘̃Θ (18b)

¤𝒗r = 𝒗r × 𝝎 + 1
𝑚
𝑭𝐴(𝒗r,𝝎, 𝜹) + 1

𝑚
𝑹T

IB𝑭𝐺 + 𝒘̃𝑣r (18c)

¤𝝎 = 𝑰−1 (𝑰𝝎 × 𝝎) + 𝑰−1𝑴𝐴(𝒗r,𝝎, 𝜹) + 𝒘̃𝜔 (18d)

¤𝑽w = 𝒘̃W (18e)

where the 4 × 1 input vector 𝜹 = [𝛿e, 𝛿a, 𝛿r, 𝛿rps] comprises the conventional elevator, aileron, rudder, and thrust

commands. The vector 𝒘̃ = [𝒘̃𝑃 , 𝒘̃Θ, 𝒘̃𝑣r , 𝒘̃𝜔 , 𝒘̃W]T represents the process noise. The 3 × 1 vectors 𝒘̃𝑃 and 𝒘̃Θ are

process noise signals that account for error due to the linearization of Eqs. (18a) and (18b). Similarly, the 3 × 1 process

noise vectors 𝒘̃𝑣r and 𝒘̃𝜔 account for the error due to the linearization of Eqs. (18c) and (18d) as well as aerodynamic

modeling error in 𝑭𝐴 and 𝑴𝐴. Additionally, 𝒘̃𝑣r accounts for the term 𝑹T
IB𝒘̃W in Eq. (11c), where, 𝒘̃W is a 3 × 1 vector

described in Section II.B. The vectors 𝑭𝐴 and 𝑴𝐴 are the aerodynamic force and moment, which are modeled using

dimensionless coefficients as follows:

𝑭𝐴 =
1
2
𝜌 | |𝒗r | |2𝑆

©­­­­­­­«
𝐶𝑋 (𝒗r,𝝎, 𝜹)

𝐶𝑌 (𝒗r,𝝎, 𝜹)

𝐶𝑍 (𝒗r,𝝎, 𝜹)

ª®®®®®®®¬
+ 𝐷4𝜌𝜂𝑒𝜂𝑛𝛿

2
rps

©­­­­­­­«
𝐶𝐽 (𝜹)

0

0

ª®®®®®®®¬
𝑴𝐴 =

1
2
𝜌 | |𝒗r | |2𝑆

©­­­­­­­«
𝑏𝐶𝑙 (𝒗r,𝝎, 𝜹)

𝑐𝐶𝑚 (𝒗r,𝝎, 𝜹)

𝑏𝐶𝑛 (𝒗r,𝝎, 𝜹)

ª®®®®®®®¬
where 𝑐 is the mean aerodynamic chord, 𝑏 is the wingspan, 𝑆 is the aircraft wing surface area, 𝜌 is the air density, 𝜂𝑒 is

the efficiency constant of the aircraft’s propellers, 𝜂𝑛 is the number of propellers of the aircraft, and 𝐷 is the diameter of

the aircraft’s propellers. The non-dimensional thrust, aerodynamic force, and aerodynamic moment vectors are given by

[𝐶𝐽 , 0, 0] T, [𝐶𝑋, 𝐶𝑌 , 𝐶𝑍 ] T and [𝐶𝑙 , 𝐶𝑚, 𝐶𝑛] T which depend on air-relative velocity, air-relative angular velocity, and

the control inputs. The non-dimensional aerodynamic force and moment models for the aircraft considered in this paper
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are

𝐶𝐽 = 𝐶𝐽0 + 𝐶𝐽 𝐽 + 𝐶𝐽2𝐽2 (19a)

𝐶𝑋 = 𝐶𝑋0 + 𝐶𝑋𝛿𝑒
𝛿𝑒 + 𝐶𝑋𝛼

𝛼 (19b)

𝐶𝑍 = 𝐶𝑍0 + 𝐶𝑍𝑞
𝑞 + 𝐶𝑍𝛼

𝛼 (19c)

𝐶𝑚 = 𝐶𝑚0 + 𝐶𝑚𝑞
𝑞 + 𝐶𝑚𝛿𝑒

𝛿𝑒 + 𝐶𝑚𝛼
𝛼 (19d)

𝐶𝑌 = 𝐶𝑌𝑝
𝑝 + 𝐶𝑌r𝑟 + 𝐶𝑌𝛿𝑎

𝛿𝑎 + 𝐶𝑌𝛿r 𝛿r + 𝐶𝑌𝛽 𝛽 (19e)

𝐶𝑙 = 𝐶𝑙𝑝 𝑝 + 𝐶𝑙𝛿𝑎
𝛿𝑎 + 𝐶𝑙𝛽 𝛽 (19f)

𝐶𝑛 = 𝐶𝑛r𝑟 + 𝐶𝑛𝛿𝑎
𝛿𝑎 + 𝐶𝑛𝛿r 𝛿r + 𝐶𝑛𝛽 𝛽 (19g)

where the nondimensional terms in Eq. (19) are

𝛼 = tan−1
(
𝑤r
𝑢r

)
𝛽 = sin−1

(
𝑣r

| |𝒗r | |

)
𝑝 =

𝑝𝑏

2 | |𝒗r | | 𝑞 =
𝑞𝑐̄

2 | |𝒗r | | 𝑟 = 𝑟𝑏
2 | |𝒗r | | 𝐽 =

| |𝒗r | |
𝛿rps𝐷

Numerical values for the coefficients are determined for the particular aircraft considered here through experimental

model identification ∗.

B. Measurement Model for Wind Estimation

As described in Section IV, the implementation of the KF, EKF, and UKF includes a measurement model. Here, we

assume that the aircraft’s inertial position and attitude are measured along with the translational and angular velocity

with respect to inertial space, expressed in the body reference frame. The 12 × 1 measurement vector 𝒛 = 𝒚(𝒙) + 𝒗̃ and

the augmented state 𝒙 = [𝑷,𝚯, 𝒗r,𝝎,𝑽W] T have a nonlinear relationship, where the measurement model 𝒚(𝒙) is

𝒚 =

©­­­­­­­­­­­«

I3 03 03 03 03

03 I3 03 03 03

03 03 I3 03 𝑹T
IB

03 03 03 I3 03

ª®®®®®®®®®®®¬
𝒙 (20)

and 𝒗̃ is a 12 × 1 vector of measurement noise.
∗MTD2 model details available at https://github.com/NSL-VT/Flight-Dynamic-Models/tree/master/MTD2
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C. Initialization and Tuning of Process and Measurement Covariance

The KF, EKF, and UKF were initialized and tuned using the values provided below, where the (SI) units have been

suppressed for brevity. The filters are initialized such that the first twelve initial state estimates are the initial values of

the aircraft state in the simulations, and the wind state is set to zero, i.e.,

𝒙̂(𝑡0) filters = [ 𝒙P (𝑡1) sim , 𝒙Θ (𝑡1) sim , 𝒙v (𝑡1) sim , 𝒙𝜔 (𝑡1) sim , 03]

= [12.54,−95.66,−214.73,−0.03, 0.06,−0.25, 11.98, 2.84, 0.89, 0.005, 0.001,−0.002, 03]

The input history 𝜹(𝑡𝑘), and the measurement history 𝒛(𝑡𝑘) are given by

𝜹(𝑡𝑘 : 𝑘 ∈ {0, 1, . . . , 𝑁 − 1}) filters = 𝜹(𝑡𝑘 : 𝑘 ∈ {1, 2, . . . , 𝑁}) sim

𝒛(𝑡𝑘 : 𝑘 ∈ {0, 1, . . . , 𝑁 − 1}) filters = 𝒚(𝑡𝑘 : 𝑘 ∈ {1, 2, . . . , 𝑁}) sim + 𝒗̃

where 𝑁 is the number of data points collected, and 𝒗̃ is a zero-mean Gaussian measurement noise vector with covariance

matrix 𝑹. The measurement noise covariance matrices in the two simulated turbulence conditions are

𝑹filters, sim1 = 10−6 · I12

𝑹filters, sim2 = diag
( [

10−1, 10−1, 10−1, 10−4, 10−4, 10−4, 10−2, 10−2, 10−2, 10−6, 10−6, 10−6] )
where “sim1” and “sim2” refer to the low and high turbulence simulation conditions, respectively. The initial state

estimate error covariance matrices 𝑷(𝑡0) are

𝑷(𝑡0)filters, sim1 =

©­­­«
𝑹filters, sim1 012×3

03×12 0.01 · I3

ª®®®¬
𝑷(𝑡0)filters, sim2 =

©­­­«
𝑹filters, sim2 012×3

03×12 0.01 · I3

ª®®®¬
The process noise covariance matrix 𝑸 of the zero-mean Gaussian process noise vector 𝒘̃ for all filters is set to

𝑸filters =
©­­­«
𝑸𝑠12×12 012×3

03×12 𝑸𝑤3×3

ª®®®¬
where 𝑸𝑠 = 0.001 · I12, and 𝑸𝑤 = 0.1 · I3. The UKF parameters 𝛼, 𝛽, and 𝜅 discussed in Section IV.E were set to
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𝛼 = 0.01, 𝛽 = 2, and 𝜅 = 0.

D. Example Aircraft

The flight dynamic model used here describes the motion of the My Twin Dream (MTD), an RC twin-engine,

electrically powered, foam-structured, fixed-wing aircraft manufactured by My Fly Dream. The aircraft is powered by a

four-cell 14.8 V 6750 mAh Lithium-polymer battery with counter-rotating twin propellers. See Figure 6. The mass

Table 3 MTD aircraft properties.

Property Symbol Value Units
Mass 𝑚 3.311 kg
Mean aerodynamic chord 𝑐̄ 0.254 m
Projected wing span 𝑏 1.80 m
Wing planform area 𝑆 0.457 m2

Number of propellers 𝜂𝑛 2 —
Propeller efficiency 𝜂𝑒 90 %
Propeller diameter 𝐷 0.254 m
Roll moment of inertia 𝐼𝑥𝑥 0.319 kg-m2

Pitch moment of inertia 𝐼𝑦𝑦 0.267 kg-m2

Yaw moment of inertia 𝐼𝑧𝑧 0.471 kg-m2

Product of inertia 𝐼𝑥𝑧 0.024 kg-m2 Fig. 6 My Twin Dream (MTD) aircraft.

Table 4 MTD aircraft aerodynamic parameters.

Term 𝜃 ± 𝜎 Term 𝜃 ± 𝜎 Term 𝜃 ± 𝜎

𝐶𝑋0 +0.009 ± 0.026 𝐶𝑍0 -0.255 ± 0.074 𝐶𝑚0 +0.008 ± 0.006
𝐶𝑋𝛼

+0.282 ± 0.000 𝐶𝑍𝛼
-4.436 ± 0.015 𝐶𝑚𝛼

-0.444 ± 0.027
𝐶𝑋𝛿𝑒

+0.051 ± 0.025 𝐶𝑍𝑞
-12.540 ± 0.030 𝐶𝑚𝑞

-14.019 ± 3.363
𝐶𝐽0 +0.116 ± 0.000 𝐶𝑚𝛿𝑒

-0.415 ± 0.058
𝐶𝐽 -0.040 ± 0.000
𝐶𝐽2 -0.131 ± 0.000

Term 𝜃 ± 𝜎 Term 𝜃 ± 𝜎 Term 𝜃 ± 𝜎

𝐶𝑌𝛽 -0.410 ± 0.115 𝐶𝑙𝛽 -0.035 ± 0.004 𝐶𝑛𝛽 +0.083 ± 0.020
𝐶𝑌𝑝

+0.221 ± 0.133 𝐶𝑙𝑝 -0.386 ± 0.041 𝐶𝑛r -0.119 ± 0.029
𝐶𝑌r +0.230 ± 0.547 𝐶𝑙𝛿𝑎

-0.137 ± 0.010 𝐶𝑛𝛿𝑎
+0.013 ± 0.009

𝐶𝑌𝛿𝑎
+0.118 ± 0.011 𝐶𝑛𝛿r -0.068 ± 0.006

𝐶𝑌𝛿r +0.136 ± 0.030

and geometric properties of the MTD are shown in Table 3, and its aerodynamic parameters, as identified from flight

test data, are shown in Table 4. The aerodynamic parameters obtained from flight data are uncertain. We adopt the

nominal parameter values for the simulations discussed here.

E. Aircraft Simulation in Turbulent Wind Field

To demonstrate KF-, EKF- and UKF-based wind estimation, we simulate the motion of the MTD in turbulent wind,

using the nominal parameter values in Tables 3 and 4. We adopt the two-dimensional von Kármán turbulence model
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and apply proportional feedback control, designed to keep the aircraft in straight and level, constant altitude flight.

The effective flow angular velocity, represented by 𝝎W in Eqn. (7b), was assumed to be zero. In all simulations, the

nominal airspeed is 𝑉t = | |𝒗r | | = 20 m/s. The 2D von Kármán turbulence model is characterized by power spectral

density functions of spatial frequencies Ω1 and Ω2. Assuming that the nominal aircraft motion is due North, the gust

spectrum components in the North, East, and down directions are, respectively,

Ψ11 (Ω1,Ω2) =
𝜎2

6𝜋
(1.339𝐿)2 1 + (1.339𝐿Ω1)2 + 11

3 (1.339𝐿Ω2)2[
1 + 1.3392𝐿2 (Ω2

1 +Ω2
2)
]7/3 (21a)

Ψ22 (Ω1,Ω2) =
𝜎2

6𝜋
(1.339𝐿)2 1 + 11

3 (1.339𝐿Ω1)2 + (1.339𝐿Ω2)2[
1 + 1.3392𝐿2 (Ω2

1 +Ω2
2)
]7/3 (21b)

Ψ33 (Ω1,Ω2) =
4𝜎2

9𝜋
(1.339𝐿)4 (Ω2

1 +Ω2
2)

[1 + 1.3392𝐿2 (Ω2
1 +Ω2

2)]7/3
(21c)

where 𝐿 is the turbulence length scale in feet, 𝜎 is the turbulence intensity in feet per second, and Ω1,2 have units of

radians per foot. The simulated wind conditions were for the turbulence length scale 𝐿 = 25 ft, turbulence intensity for

the low and high turbulence simulations of 𝜎 = 0.5 and 𝜎 = 25 ft/s, respectively, and over spatial frequencies Ω1 and

Ω2 ranging from 10−4 to 1 rad/ft. Motion histories from two simulations are illustrated in Figures 7a and 7b. In the first

simulation, the turbulence intensity 𝜎 = 0.5 ft/s was selected to keep the wind disturbance small; see Figure 7a. In the

second simulation, the turbulence intensity 𝜎 = 25 ft/s was selected so that the wind disturbance was large enough to

cause significant deviations from the nominal motion; see Figure 7b.

(a) (b)

Fig. 7 Simulated flight trajectory of the MTD aircraft subject to (a) small intensity and (b) large intensity
two-dimensional von Kármán turbulence.
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F. Results and Discussion

To implement KF-based wind estimation, the system (18) must be linearized about an equilibrium condition

𝒙∗ = [𝑷∗,𝚯∗, 𝒗∗r ,𝝎
∗,𝑽∗

W]T and a nominal control input 𝜹∗ = [𝛿a, 𝛿e, 𝛿r, 𝛿rps]. We chose the following values that

correspond to steady, straight and level, constant-altitude flight:

𝒙∗ = [01×3, 0,−0.189,−0.133, 19.36, 0, 0.33, 01×6]T

𝜹∗ = [0, 0, 0, 220]T
(22)

The EKF does not require linearization about a nominal state and input, but the formulation involves recursive

linearization about each state estimate in the discrete sequence, as discussed in Section IV.D. Similarly, the UKF

does not require linearization about a nominal state and input, but employs a sampling approach that captures the

nonlinear state distribution through a set of carefully chosen sigma points, as discussed in Section IV.E. Note that the

system (18) is a continuous-time system, whereas the filter descriptions in Section IV are provided for discrete-time

systems. A sampled-data implementation is used here to implement the KF, EKF, and UKF. Additionally, the nonlinear

measurement model (20) is used directly to implement the EKF and UKF; the measurement equation is linearized about

𝒙∗ to implement the KF.

Figures 7a and 7b show the two simulated flights for which wind estimation results obtained using the KF, EKF, and

the UKF schemes are shown in Figures 8 and 9, respectively. Because the true wind velocity is known, one may also

view the estimation error shown in Figures 10 and 11. These figures indicate that the three filters perform similarly,

providing accurate wind estimates in the relatively benign wind field for the flight data simulated in Figure 7a. For

the data in Figure 7b, the EKF and UKF-based wind estimates outperform the KF. This result is expected because the

aircraft is perturbed significantly from the nominal trajectory used to obtain the linear model in the KF. While the EKF

and UKF provide more accurate wind estimates than the KF in Figure 9, they have their own limitations. The EKF is

sensitive to the initial state estimate error, for example, and to the process noise covariance. Incorrect initialization or a

poor choice of process noise covariance matrix can cause the estimate produced by the filter to diverge. The UKF and

the EKF perform similarly in providing accurate wind estimates on the simulated flight data. A possible reason for this is

that the aerodynamic model used in the filter is known accurately, i.e., the same aerodynamic force and moment models

that were used to simulate the data were used in the filters. When these methods are implemented on experimental flight

data, the identified aerodynamic model does not capture perfectly the aerodynamic forces and moments experienced by

the aircraft. The EKF will be prone to error in this case as the EKF requires taking the Jacobian of the equations of

motion which introduces error from linearization. The UKF does not require this linearization and instead relies on

propagated sigma points, thus making the UKF less susceptible to error from model uncertainty when implementing a

model-based wind estimation scheme on experimental flight data.
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(a) (b)

Fig. 8 Wind estimates from the simulated flight shown in Figure 7a where MS indicates the directly measured
wind velocity (a) without and (b) with measurement noise.

(a) (b)

Fig. 9 Wind estimates from the simulated flight shown in Figure 7b where MS indicates the directly measured
wind velocity (a) without and (b) with measurement noise.

VII. Conclusion
This paper presents a tutorial survey of literature on indirect wind estimation using small multirotor and fixed-wing

UAVs, distinguishing between model-free and model-based methods. A general description of the wind field is provided,

along with dynamic equations that approximate the motion of a UAV in wind. The paper reviews existing work on
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(a) (b)

Fig. 10 Wind estimate error from the simulated flight shown in Figure 7a where the measured wind velocity (a)
includes or (b) does not include measurement noise.

(a) (b)

Fig. 11 Wind estimate error from the simulated flight shown in Figure 7b where the measured wind velocity (a)
includes or (b) does not include measurement noise.

model-based and model-free wind estimation formulations and includes a tutorial review of the more commonly

used estimation algorithms. The paper describes assumptions that are commonly used when implementing a wind

estimation algorithm, as well as the physical and mathematical implications of these assumptions. The survey reflects

the observation that model-based wind estimation methods using a Kalman filter, extended Kalman filter, unscented
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Kalman filter, or deterministic observer, for example, are more prevalent in the literature than model-free wind estimation

methods. The survey closes with results of model-based wind estimation using simulated flight data for a fixed-wing

UAV traversing a two-dimensional von Kármán flow field. Simulation data, for which the wind velocity is exactly

known, are helpful in comparing the performance of various estimation schemes. Results for three different estimators –

a Kalman filter, an extended Kalman filter, and an unscented Kalman filter – for simulated flight through two different

intensities of turbulence help to illustrate the relative merits of the three approaches. The simpler Kalman filter

performs comparably to the extended Kalman filter and an unscented Kalman filter in a benign wind field, while the

extended Kalman filter and the unscented Kalman filter perform better under significant disturbances, provided the filter

parameters and vehicle motion allow for a convergent extended state estimate. The implementation of model-based wind

estimation in Section VI uses a fixed-wing aircraft model, but a multirotor model may be used as well. The aerodynamic

force and moment models would need to be changed accordingly. It is expected that the wind estimation results will be

similar to those shown in this paper using the Kalman filter, extended Kalman filter, and unscented Kalman filter in the

two different intensities of simulated turbulence. As model-based wind estimation relies on identifying a correct model

for a UAV, an area for future investigation is to understand how uncertainty in the model impacts wind velocity estimates

and how to reduce the negative effects of this model uncertainty in various wind estimation schemes. Additional work

in model-free wind estimation might further explore the need for persistent excitation and its implications for aircraft

motion planning. Finally, future wind estimation schemes could explicitly incorporate more accurate turbulence models

for the given operating environment (e.g., the atmospheric boundary layer) to improve accuracy.
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