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Wildland fires present significant challenges for aircraft emergency response operations,
including firefighting, surveillance, and cargo/crew transportation. The high temperature and
strong turbulence near or within fire-generated plumes can be hazardous or catastrophic for
manned and unmanned aircraft. In this paper, KHawk Zephyr3, a small fixed-wing unmanned
aircraft system (UAS), was sent to fly through fire-generated plumes during a prescribed grass
fire to collect the UAS response data in autopilot mode. During the fire plume encounters,
the unmanned aircraft experienced significant changes in acceleration, angular rate, attitude,
altitude, airspeed, and ground speed. Based on the collected UAS response data, two model-aided
wind velocity estimation algorithms, a 2-state extended Kalman filter (EKF) and a 9-state EKF,
were developed for the calculation of vertical wind velocity along the plume encounter flight
trajectory. Both simulation and flight test results showed the effectiveness of the two vertical
wind estimation algorithms. Based on simulation analysis, the 2-state EKF (inertial angles of
attack and sideslip) performs slightly better than the 9-state EKF for wind velocity estimation.
During the two selected UAS plume encounters, the updraft velocity within the fire generated
plumes is estimated to be in the range of 6-10 m/s at a height of approximately 115 meters above
the ground level.

Nomenclature

IMU = inertial measurement unit
UAS = unmanned aircraft system
EKF = extended Kalman filter
𝑏 = wingspan
𝑐 = chord length
𝐶𝐿0 , 𝐶𝐿𝛼

, 𝐶𝐿𝑞
, 𝐶𝐿𝛿𝑒

= components of aerodynamic lift coefficient
𝐶𝑌0 , 𝐶𝑌𝛽 , 𝐶𝑌𝑝

, 𝐶𝑌𝑟 , 𝐶𝑌𝛿𝑎
, 𝐶𝑌𝛿𝑟

= components of aerodynamic side force coefficient
𝑞 = dynamic pressure
𝑉𝑎 = airspeed
𝛼, 𝛽 = angle of attack (AOA), angle of sideslip (AOS)
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𝑎𝑥 , 𝑎𝑦 , 𝑎𝑧 = x-, y-, and z-axis body accelerations
𝑝𝑁 , 𝑝𝐸 , 𝑝𝐷 = UAS North-East-Down position
𝑝, 𝑞, 𝑟 = roll, pitch, and yaw rates
𝑢, 𝑣, 𝑤 = x-, y-, and z-axis body velocities
𝑊𝑁 ,𝑊𝐸 ,𝑊𝐷 = North, East, and Down wind velocities
𝑉𝑁 , 𝑉𝐸 , 𝑉𝐷 = UAS North-East-Down ground speed
𝜙, 𝜃, 𝜓 = roll, pitch, and yaw angles
𝛿𝑒, 𝛿𝑎, 𝛿𝑟 = elevator, aileron, and rudder deflection
𝛿𝑡 = throttle percentage

I. Introduction

Severe updrafts and downdrafts during wildland fires pose significant challenges for safe and efficient operations
of manned and unmanned aircraft such as firefighting, surveillance, and cargo/crew transportation. Similar strong

vertical air movements can be encountered by aircraft during emergencies or public good operations in convection
weather, microbursts, and near complex terrains and urban canyons. Accurate measurement or estimation of the
magnitude and fluctuation of these vertical flows is critical to the safe operation of the next generation of urban air
mobility aircraft in these challenging environments.

Extensive research has focused on estimating two-dimensional (2D) or three-dimensional (3D) wind velocities using
micro or small unmanned aircraft systems (UAS) within the aerospace engineering and meteorology communities.
The 3D wind velocities along the UAS flight path can be computed directly using the wind triangulation rule after
combining measurements from a multi-hole probe with a GNSS receiver and an inertial navigation system [1–3]. For
instance, the 3D wind velocity vectors, including the vertical wind velocities above ocean waves, were measured using a
military-grade UAS equipped with a 9-hole probe [4]. However, it is difficult and expensive to install and calibrate a
multi-hole probe on small UAS due to budget, size, and maintenance limitations.

An alternative approach is to perform wind estimation utilizing low-cost micro-electromechanical systems (MEMS)
sensors with stochastic filters. Various wind modeling approaches, such as the 1st and 2nd order random walk models
and the sinusoidal gust model, can be used for the modeling of wind dynamics [5]. An unscented Kalman filter (UKF)
was developed to estimate 3D wind velocities using UAS data from a Pitot tube, airflow mechanical vanes, and other
sensors [6]. In cases when direct flow angle measurements are unavailable, model-aided estimation filters can be devised
to estimate prevailing wind velocities using knowledge of aircraft dynamic models such as lift and side force coefficients
[7–9]. For instance, the aerodynamic force and moments model were integrated with Extended Kalman Filter (EKF) to
estimate the flow angles and 2D wind velocities without relying on an airspeed sensor in [10, 11]. Furthermore, an
EKF incorporating unsteady aerodynamics has been designed and validated to reconstruct 3D prevailing wind in [12].
Similarly, longitudinal unsteady aerodynamic model-based wind estimation methods were developed and validated
using flight test data over an artificial gust generator [13]. On the other hand, model-free methods utilize the sensor
data only, without incorporating the aircraft’s dynamic model, to produce wind estimates [14]. In summary, several
wind estimation methods have been used to estimate prevailing 2D or 3D wind velocities in normal weather conditions.
However, their efficacy has not been assessed in hazardous atmospheric conditions with strong updrafts or downdrafts,
such as those developed within or close to wildfire plumes, volcanic plumes, or severe storms.

In the wildland fire setting, atmospheric turbulence is notably intensified, posing challenges for UAS operations.
Studies indicate that when wildland fire interacts with the surrounding airflow, it may generate multiple large-scale,
high-energy gusts. Moreover, wildland fires not only establish their distinct flow patterns but also amplify existing
atmospheric turbulence [15]. Depending on the characteristics of the vegetation, fuels, landscape, and weather, the fire
plumes are typically structured into multiple core updrafts, which are caused by the rising heat from the fire. These
updrafts create zones of upward air movement, while downdrafts occur as cooler air descends. These vertical air
movements profoundly impact the fire’s rate of spread, intensity, and direction, ultimately shaping its behavior [16].
Strong vertical wind components can induce erratic fire behavior, including fire whirls or fire tornadoes [17].

In recent years, small UAS have become valuable tools for meteorological sensing, equipped with scientific payloads
like lidar, cameras, wind anemometers, and flow sensors. They are increasingly used in fire missions for fire ignition,
fire detection, and estimation of fire spread rate [18–20]. Fixed-wing UAS has also been deployed to collect volcanic
plume data using various sensors, and a plume detection metric was developed using flight and atmospheric data [21].
Alternatively, a quadcopter outfitted with sonic anemometer weather stations is deployed to measure temperature, relative
humidity, and wind speed at various altitudes during a prescribed wildland fire [22]. However, the high temperature and
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strong turbulence in fire plumes make in-situ atmospheric sensing challenging, resulting in few experimental studies on
sensing within wildland fire plumes. Simultaneous measurements of fire, smoke, and atmospheric structure are needed
for understanding the fire plume dynamics, as no datasets exist that connect fire-front metrics such as rate of spread,
heat release, flame intensity, and plume height to vertical wind velocities [23].

This paper focuses on model-based vertical wind velocity estimation using UAS fire plume encounter data. The
contributions include: 1) measurement of small UAS responses to strong updrafts and downdrafts within fire-generated
plumes while flying over a prescribed grass fire in autopilot path tracking mode, which provides great insights for the
safety of future aircraft operations in challenging active wildland fire environments, 2) development, comparison, and
evaluation of two model-aided algorithms for vertical wind estimation using UAS responses to wind changes, and 3)
estimation of vertical wind velocities within grassfire generated plumes using a small fixed-wing UAS, which is the first
time in the literature. In contrast, most wind estimation filters in the existing literature are validated under prevailing
winds with slowly varying dynamics. Moreover, the two developed wind estimation filters are aided by UAS dynamic
models identified earlier through the frequency domain system identification method [24]. These filters can be extended
to other UAS operations in complex wind fields such as urban canyons, mountain areas, ocean surface wind, etc.

The paper’s organization can be summarized as follows. In Sec. II, the problem of vertical wind velocity estimation
is formulated. Two UAS dynamic model based vertical wind velocity estimation algorithms are described in detail in
Sec. III. The UAS platform and the simulation evaluation of the filters are depicted in Sec. IV. Sec. V presents the
flight test data acquisition during fire plume encounters, analysis of the measured UAS response, and the results of
vertical wind velocity estimation. Finally, Sec. VI concludes the paper by summarizing key findings.

II. Problem Definition and Wind Estimation Basics
This section first introduces the research problem of UAS-based vertical wind velocity estimation, and then covers

the basics for UAS-based wind estimation.

A. Problem Statement
This paper focuses on the problem of vertical wind velocity estimation along the flight trajectory of a fixed-wing

UAS, which is equipped with a standard avionics sensing suite, including a regular Pitot tube, a GNSS receiver, and
inertial sensors. The target scenarios include updraft/downdraft velocity estimation during fire plume encounters, flight
close to buildings or mountains, volcano eruptions, and power plant flue gas emissions. An example trajectory for UAS
fire plume encounter flight is shown in Fig. 1, where multiple updrafts can be observed within the grass fire plumes. It is
worth emphasizing that a UAS can be impacted by updrafts, downdrafts, and other circulations during such flights.
The impact of severe changes in updraft/downdraft velocities will show up in the UAS control inputs and responses,
including measurements such as the air data (𝑉𝑎, 𝛼, 𝛽), the attitude (𝜙, 𝜃, 𝜓), accelerations (𝑎𝑥 , 𝑎𝑦 , 𝑎𝑧), angular rates
(𝑝, 𝑞, 𝑟), and ground speeds (𝑉𝑁 , 𝑉𝐸 , 𝑉𝐷). These measurements can also be used as the inputs for vertical wind velocity
estimation filters. Multiple methods can be used for this problem, including the direct method for UAS with flow
angle measurements [5], inertial AOA and AOS-based wind estimation, other stochastic filter (Extended Kalman Filter,
Unscented Kalman Filter, Particle Filter) based wind estimation, etc.

During UAS flights, the prevailing wind, gusts, and turbulence can be treated as disturbances to the aircraft’s
closed-loop system, which usually aims to track a reference path while maintaining the altitude as shown in Fig. 2.
Turbulent conditions may introduce fluctuations in airspeed and flow angles as the relative airflow around the UAS shifts.
For example, a sudden updraft, downdraft, or rapid change in the wind direction may alter the forces and moments acting
on the UAS. The wind impact may quickly show up in body accelerations (𝑎𝑥 , 𝑎𝑦 , 𝑎𝑧), as well as in the angular rates
(𝑝, 𝑞, 𝑟). These variations will consequently change the aircraft’s position and attitude. When these disturbances are big
enough, they will also show up in the control inputs (𝛿𝑎, 𝛿𝑒, 𝛿𝑟 , 𝛿𝑡 ) since the closed-loop system is trying to maintain
the reference flight path and attitude. Therefore, accurate wind and turbulence information is crucial for ensuring ride
quality and aviation safety.

B. Wind Estimation Basics
The 3D wind velocities along the aircraft flight trajectory can be estimated by subtracting the 3D airspeed from the

3D ground speed of the UAS [5]. It can be calculated using a combination of air triplets (𝑉𝑎, 𝛼, 𝛽) from a multi-hole
probe or reconstructed from airdata, inertial, and GNSS measurements. The wind estimation equation can be listed as
the following [5]:
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Fig. 1 Example flight trajectory for collection of UAS plume encounter datasets.

Fig. 2 Impact of wind and gust on UAS.


𝑊𝑁

𝑊𝐸

𝑊𝐷

 =

𝑉𝑁

𝑉𝐸

𝑉𝐷

 − 𝑅
𝑣
𝑏 (𝜙, 𝜃, 𝜓)


𝑉𝑎 cos𝛼 cos 𝛽
𝑉𝑎 sin 𝛽

𝑉𝑎 sin𝛼 cos 𝛽

 (1)

where 𝑅𝑣
𝑏

is the rotation matrix from the aircraft body frame to the NED frame:

𝑅𝑣
𝑏 (𝜙, 𝜃, 𝜓) =


cos 𝜃 cos𝜓 sin 𝜙 sin 𝜃 cos𝜓 − cos 𝜙 sin𝜓 cos 𝜙 sin 𝜃 cos𝜓 + sin 𝜙 sin𝜓
cos 𝜃 sin𝜓 sin 𝜙 sin 𝜃 sin𝜓 + cos 𝜙 cos𝜓 cos 𝜙 sin 𝜃 sin𝜓 − sin 𝜙 cos𝜓
− sin 𝜃 sin 𝜙 cos 𝜃 cos 𝜙 cos 𝜃

 . (2)

This direct wind estimation method is effective when accurate direct measurements of flow angles from multi-hole
probes or vanes are available and high-fidelity inertial sensors are used for orientation measurements. Vertical wind
velocity can also be estimated using a setup that includes an IMU, a GNSS receiver, and a standard Pitot tube when an
accurate UAS dynamic model is available, which is the focus of this paper.

III. Estimation of Vertical Wind Velocity
In this section, the vertical wind velocity estimation algorithms are explained in detail, including the airspeed scaling

and correction, a 2-state EKF based on inertial angles of attack and sideslip, and a 9-state EKF based on the body
airspeed vector and several other states.

A. Airspeed Scaling and Correction
The airspeed (𝑉𝑎) for a UAS can be calculated based on the measurements from a dynamic pressure sensor connected

to a Pitot tube, which is often installed at the nose or the wingtips of an aircraft. However, these measurements can
be noisy and biased, and further scaling and corrections are often needed for later wind estimation. The airspeed
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measurements can be calculated as :

𝑉𝑎 =

√︄
𝐾

2𝑃𝑑

𝜌
(3)

where 𝑃𝑑 is the dynamic pressure, 𝜌 is the air density, and 𝐾 is the correction factor for calibration error and ideal gas
assumption.

The air density (𝜌) for each flight can be further calculated based on real-time measurements from static pressure
and temperature sensors:

𝜌 =
𝑃𝑠

𝑅𝑇
(4)

where 𝑃𝑠 is the static pressure and 𝑇 is the air temperature. The correction factor 𝐾 can be estimated using an EKF-based
wind estimation algorithm [25–27], or calibrated in calm wind days using GNSS velocity measurements.

B. Inertial AOA/AOS based Vertical Wind Velocity Estimation
For UAS with a regular Pitot tube, inertial AOA and AOS can be estimated first through a model-based approach,

and then vertical wind velocity can be calculated. By combining Eqs. (1) and (2), the vertical wind velocity can be
calculated as

𝑊𝐷 = 𝑉𝐷 +𝑉𝑎 (sin 𝜃 cos𝛼 cos 𝛽 − sin 𝜙 cos 𝜃 sin 𝛽 − cos 𝜙 cos 𝜃 sin𝛼 cos 𝛽). (5)
The inertial AOA (𝛼) and AOS (𝛽) can be estimated using a recursive complementary filter or an extended Kalman

filter [7, 28, 29]. We propose to estimate the vertical wind velocities by utilizing the inertial AOA and AOS obtained
from a 2-state EKF. The overall inertial AOA/AOS based vertical wind velocity estimation algorithm is summarized in
Fig. 3. The vertical speed (𝑉𝐷) and the attitude angles (𝜙, 𝜃, 𝜓) are required to estimate the vertical wind velocity in
addition to the inertial AOA and AOS.

The state x and input u of the 2-state EKF are:

x = [𝛼 𝛽]𝑇 (6)

u = [𝑎𝑥 𝑎𝑦 𝑎𝑧 𝑝 𝑞 𝑟 𝜙 𝜃 𝑉𝑎]𝑇 (7)
The state propagation equations for the EKF can be written as:

¤𝛼 = 𝑞 − (𝑝 cos𝛼 + 𝑟 sin𝛼) tan 𝛽 + 𝑔(cos 𝜙 cos 𝜃 cos𝛼 + sin 𝜃 sin𝛼) − 𝑎𝑥 sin𝛼 + 𝑎𝑧 cos𝛼
𝑉𝑎 cos 𝛽

(8)

¤𝛽 =
1
𝑉𝑎

[−𝑎𝑥 cos𝛼 sin 𝛽 + 𝑎𝑦 cos 𝛽 − 𝑎𝑧 sin𝛼 sin 𝛽+

𝑔(sin 𝜃 cos𝛼 sin 𝛽 + cos 𝜃 sin 𝜙 cos 𝛽 − cos 𝜃 cos 𝜙 sin𝛼 sin 𝛽)] + 𝑝 sin𝛼 − 𝑟 cos𝛼
(9)

The measurement update equation is derived from the aircraft lift and side force equations [7]. The lift force on an
aircraft can be approximated using lift coefficients and the projection of gravity and thrust.

𝐿 = 𝐶𝐿𝑞𝑆 ≈
(
𝐶𝐿0 + 𝐶𝐿𝛼

𝛼 + 𝐶𝐿𝛿𝑒
𝛿𝑒 + 𝐶𝐿𝑞

𝑞𝑐

2𝑉𝑎

)
𝑞𝑆 = (𝑚(𝑎𝑥 sin𝛼 − 𝑎𝑧 cos𝛼) − 𝑇 sin𝛼) (10)

Since the thrust projection is much smaller than the lift during normal flight conditions, it can be removed for
simplification. Similarly, the update equation for the angle of sideslip (𝛽) can be derived by approximating the side
force equation.

𝑌 = 𝐶𝑌𝑞𝑆 ≈
(
𝐶𝑌0 + 𝐶𝑌𝛽 𝛽 + 𝐶𝑌𝑝

𝑝𝑏

2𝑉𝑎
+ 𝐶𝑌𝑟

𝑟𝑏

2𝑉𝑎
+ 𝐶𝑌𝛿𝑎

𝛿𝑎 + 𝐶𝑌𝛿𝑟
𝛿𝑟

)
𝑞𝑆 ≈ 𝑚𝑎𝑦 (11)

Then, the nonlinear measurement function (ℎ) and the measurement vector (𝑧) are:

h(x, u, 0) =
[
𝑚(𝑎𝑥 sin 𝛼−𝑎𝑧 cos 𝛼)

𝑞̄𝑆
− 𝐶𝐿𝛼

𝛼

𝛽

]
(12)

z = h(x, u, v) =


𝐶𝐿0 + 𝐶𝐿𝑞

𝑞𝑐

2𝑉𝑎
+ 𝐶𝐿𝛿𝑒

𝛿𝑒
1

𝐶𝑌𝛽

(
𝑚𝑎𝑦

𝑞̄𝑆
− 𝐶𝑌0 −

𝐶𝑌𝑝 𝑝𝑏

2𝑉𝑎
− 𝐶𝑌𝑟 𝑟𝑏

2𝑉𝑎
− 𝐶𝑌𝛿𝑎

𝛿𝑎 − 𝐶𝑌𝛿𝑟
𝛿𝑟

) (13)
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Fig. 3 The system diagram for inertial AOA & AOS-based vertical wind velocity estimation.

C. 9-state EKF-based Vertical Wind Velocity Estimation
As an alternative, a 9-state EKF can be used to estimate the vertical wind velocity together with other system states

using similar UAS dynamics equations [9]. It can simultaneously estimate the body-axis velocity components (𝑢, 𝑣, 𝑤),
attitude (𝜙, 𝜃, 𝜓), and wind velocity components (𝑊𝑁 ,𝑊𝐸 ,𝑊𝐷).

This filter uses the GNSS ground velocities (𝑉𝑁 , 𝑉𝐸 , 𝑉𝐷), body acceleration (𝑎𝑥 , 𝑎𝑦 , 𝑎𝑧), angular rates (𝑝, 𝑞, 𝑟),
and airspeed (𝑉𝑎) measurements as the filter inputs. It also uses UAS stability and control derivatives, including the lift
coefficients (𝐶𝐿), side force coefficients (𝐶𝑌 ), and UAS control surface deflections (𝛿𝑎, 𝛿𝑒, 𝛿𝑡 ). The state x and input u
of the 9-state EKF are:

x = [𝑢 𝑣 𝑤 𝜙 𝜃 𝜓 𝑊𝑁 𝑊𝐸 𝑊𝐷]𝑇 (14)

u = [𝑎𝑥 𝑎𝑦 𝑎𝑧 𝑝 𝑞 𝑟]𝑇 (15)

The propagation equations (Eqs. (16-19)) are based on the translational and rotational motion of the aircraft, and
the measurement equations (Eqs. 20 and 21) are based on the combination of the wind triangle equation, air triplets
calculation, and aircraft lift and side force equations. The air triplets [𝑉𝑎, 𝛼, 𝛽] are expressed as aircraft body-axis
velocity components [𝑢, 𝑣, 𝑤]. The wind dynamics are modeled as the random walk process such that wind acceleration
[ ¤𝑊𝑁 , ¤𝑊𝐸 , ¤𝑊𝐷]𝑇 is equal to zero mean Gaussian noise [9]. This random walk model has been shown to work for the
prevailing wind estimation, where the wind acceleration is typically assumed to be slow-varying. Consequently, the
wind acceleration terms in the velocity derivatives (Eq. (17)) can be neglected under the assumption of slow-evolving
wind dynamics. These assumptions might affect the filter performance in fast-changing complex wind field conditions
such as fire plumes, which will be discussed in later simulation and flight test results.

¤x =

[
¤𝑢 ¤𝑣 ¤𝑤 ¤𝜙 ¤𝜃 ¤𝜓 ¤𝑊𝑁

¤𝑊𝐸
¤𝑊𝐷

]𝑇
(16)


¤𝑢
¤𝑣
¤𝑤

 =

𝑟𝑣 − 𝑞𝑤
𝑝𝑤 − 𝑟𝑢
𝑞𝑢 − 𝑝𝑣

 +

𝑎𝑥

𝑎𝑦

𝑎𝑧

 +


−𝑔 sin 𝜃
𝑔 cos 𝜃 sin 𝜙
𝑔 cos 𝜃 cos 𝜙

 + 𝑅
𝑏
𝑣 (𝜙, 𝜃, 𝜓)


¤𝑊𝑁

¤𝑊𝐸

¤𝑊𝐷

 (17)


¤𝜙
¤𝜃
¤𝜓

 =

1 sin 𝜙 tan 𝜃 cos 𝜙 tan 𝜃
0 cos 𝜙 − sin 𝜙
0 sin 𝜙/cos 𝜃 cos 𝜙/cos 𝜃



𝑝

𝑞

𝑟

 (18)


¤𝑊𝑁

¤𝑊𝐸

¤𝑊𝐷

 =

0
0
0

 +𝑊𝑤𝑘
(19)

where𝑊𝑤𝑘
is zero mean white Gaussian noise.
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Then, the nonlinear measurement function h and the measurement z vector are:

h(x, u, 0) =



𝑢 cos𝜓 cos 𝜃 + 𝑣(− sin𝜓 cos 𝜙 + cos𝜓 sin 𝜃 sin 𝜙) + 𝑤(sin𝜓 sin 𝜙 + cos𝜓 sin 𝜃 cos 𝜙) +𝑊𝑁

𝑢 sin𝜓 cos 𝜃 + 𝑣(cos𝜓 cos 𝜙 + sin𝜓 sin 𝜃 sin 𝜙) + 𝑤(− cos𝜓 sin 𝜙 + sin𝜓 sin 𝜃 cos 𝜙) +𝑊𝐸

−𝑢 sin 𝜃 + 𝑣 cos 𝜃 sin 𝜙 + 𝑤 cos 𝜃 cos 𝜙 +𝑊𝐷

𝑢
𝑚(𝑎𝑥

𝑤√
𝑢2+𝑤2

−𝑎𝑧
𝑢√

𝑢2+𝑤2
)−𝑇 𝑤√

𝑢2+𝑤2

𝜌(𝑢2+𝑣2+𝑤2 )𝑆
2

− 𝐶𝐿𝛼
tan−1 ( 𝑤

𝑢
)

sin−1 ( 𝑣√
𝑢2+𝑣2+𝑤2 )


(20)

z = h(x, u, v) =



𝑉𝑁

𝑉𝐸

𝑉𝐷

𝑉𝑎

𝐶𝐿𝑜
+ 𝐶𝐿𝛿𝑒

𝛿𝑒 +
𝐶𝐿𝑞 𝑞𝑐

2𝑉𝑎
𝑚𝑎𝑦

𝑞̄𝑆
−𝐶𝑌0−

𝐶𝑌𝑝 𝑝𝑏

2𝑉𝑎
−𝐶𝑌𝑟𝑟𝑏

2𝑉𝑎
−𝐶𝑌𝛿𝑎

𝛿𝑎

𝐶𝑌𝛽


. (21)

D. EKF Process
This paper applies the EKF methodology detailed in [30]. The nonlinear discrete state space model (Eqs. (16 - 21))

can be written as:
x𝑘 = f(x𝑘−1, u𝑘−1,w𝑘−1) (22)

z𝑘 = h(x𝑘 , u𝑘 , v𝑘) (23)

where f is the nonlinear state function and wk and vk represents the process and measurement noise.
The EKF time update equations are given as

x̂−𝑘 = f(x̂𝑘−1, u𝑘−1, 0) (24)

𝑃−
𝑘 = 𝐴𝑘𝑃𝑘−1𝐴

𝑇
𝑘 +𝑊𝑘𝑄𝑘−1𝑊

𝑇
𝑘 (25)

and the EKF measurement update equations are:

𝐾𝑘 = 𝑃−
𝑘 𝐻

𝑇
𝑘 (𝐻𝑘𝑃

−
𝑘 𝐻

𝑇
𝑘 + 𝑅𝑘)−1 (26)

x̂𝑘 = x̂−𝑘 + 𝐾𝑘 (z𝑘 − h(x̂−𝑘 , u𝑘 , 0)) (27)

𝑃𝑘 = (𝐼 − 𝐾𝑘𝐻𝑘)𝑃−
𝑘 . (28)

𝐴,𝑊 , and 𝐻 are Jacobian matrices that can be calculated by

𝐴[𝑖, 𝑗 ] =
𝜕f[𝑖]
𝜕x[ 𝑗] (x̂𝑘−1, u𝑘−1, 0) (29)

𝑊[𝑖, 𝑗 ] =
𝜕f[𝑖]
𝜕w[ 𝑗] (x̂𝑘−1, u𝑘−1, 0) (30)

𝐻[𝑖, 𝑗 ] =
𝜕h[𝑖]
𝜕x[ 𝑗] (x̂

−
𝑘 , u𝑘 , 0). (31)

The EKF tuning process and the selection of initial covariance matrix P0, process noise covariance matrix Q, and
measurement noise covariance matrix R are discussed in Sec. V.C.2.

IV. UAS Platform and Simulation Evaluation
This section describes the UAS platform, its onboard avionics, the MATLAB-based simulation environment, and

simulation results for testing and verification of the vertical wind velocity estimation algorithms.
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A. UAS Platform
KHawk Zephyr3 UAS, shown in Fig. 4, was used as the experimental platform. It was developed in the Cooperative

Unmanned Systems Laboratory (CUSL) at the University of Kansas [24, 31]. It was built from the RiteWing RC
Zephyr3 kit [32]. The aircraft has two elevon servos for roll and pitch control and a pusher-type propeller driven by
an electric brushless motor for throttle control. The total takeoff weight is around 2.2 kg. Three 11.1V 2000 mAh
batteries supply the power, allowing up to 30 minutes of flight time. The detailed specifications are provided in Table
1. The KHawk Zephyr3 UAS utilizes a Pixhawk 2.4.8 autopilot running Arduplane firmware for inertial sensing,
communication, flight control, and data logging. Other onboard avionics include a Ublox-Lea 6h GNSS receiver, a Pitot
tube with an MPXV7002DP airspeed sensor, and two PeauPro82 GoPro Hero 4 Black cameras. The sensor update rate
is 5 Hz for the GNSS receiver and 50 Hz for the airspeed sensor, inertial measurements, and the aileron/elevator control
inputs. The pulse width modulation (PWM) signals from the Pixhawk to the actuator servos are recorded and processed
postflight for the calculation of surface deflection angles.

Table 1 KHawk Zephyr3 UAS specifications.

UAS Specifications KHawk Zephyr3
Mass 2.2 kg
Wingspan 1.22 m
Wing area 0.41 m2

Mean Aerodynamic Chord 0.31 m
Cruise Speed 15 − 17 m/s

Fig. 4 KHawk Zephyr3 UAS.

B. Simulation Results
A MATLAB-based 6-DOF nonlinear simulator for the KHawk Zephyr3 UAS was developed to model the UAS’s

response to wind [1]. The simulator utilizes the dimensionless stability and control derivatives identified using the
KHawk Zephyr3-R UAS flight test after minor adjustments [24]. Note that KHawk Zephyr3 and Zephyr3-R UAS were
built using the same wing kit (RiteWing RC Zephyr3), actuator servos, throttle motors, and batteries. The autopilot
board and the radio modem are different, which resulted in a slightly different inertial matrix. The elevons are slightly
different, but no significant changes in the model parameters are observed from the doublet response flight data of
Zephyr3, shown in Fig. 5. Theil’s Inequality Coefficient (TIC) is used to evaluate the overall fit. TIC values range
from 0 to 1, where 0 represents a perfect fit. The TIC for the longitudinal fit is 0.1, and the lateral dynamics is 0.24. A
standard guideline is that a TIC below 0.30 signifies an accurate fit [24]. The lift/side force coefficients used are shown
in Table 2. Additionally, a Proportional Integral Derivative (PID) based inner loop controller (roll and pitch hold) was
designed to emulate the onboard flight controller, with the controller gains tuned using step response flight test data.

Table 2 Selected lift and side force coefficients of Zephyr3 UAS.

𝐶𝐿0 𝐶𝐿𝛼
𝐶𝐿𝑞

𝐶𝐿𝛿𝑒
𝐶𝑌0 𝐶𝑌𝛽 𝐶𝑌𝑝

𝐶𝑌𝑟 𝐶𝑌𝛿𝑎

0.0993 3.8652 -0.0611 0.6640 0 -0.4063 0.2112 0.5675 0

To replicate wind conditions during plume encounter flights, a combination of 3D prevailing winds, a one-minus-
cosine vertical gust model, and the Dryden wind turbulence model (𝑢𝑔, 𝑣𝑔, 𝑤𝑔) is used in the simulator. The average
north, east, and down prevailing wind components are set to be 3 m/s, 1 m/s, and 0 m/s, respectively, along with the
Dryden wind turbulence (low altitude model). A one-minus-cosine vertical gust model (𝑤𝑠) is used with a gust length
of 8 seconds and a magnitude of 5 m/s to simulate the strong updraft within fire-generated plumes, in addition to the
prevailing wind and Dryden turbulence.
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Fig. 5 Comparison of the KHawk Zephyr3 UAS dynamic model with flight test data.

𝑊𝑁 = 3 + 𝑢𝑔 𝑊𝐸 = 1 + 𝑣𝑔 𝑊𝐷 = 0 + 𝑤𝑠 + 𝑤𝑔 . (32)

The UAS was commanded to maintain a steady-state straight-level flight (zero roll angle and trim pitch angle). The
airspeed was set at 20 m/s to ensure consistent flight conditions. The thrust was considered to remain constant during
the simulation. The UAS’s response to the wind and gust is depicted in Fig. 6.

0 10 20 30 40

Time(s)

20

25

S
p

e
e

d
(m

/s
)

Va

Vg

0 10 20 30 40

Time (s)

20

22

u
 (

m
/s

)

0 10 20 30 40

Time (s)

0

0.2

0.4

v
 (

m
/s

)

0 10 20 30 40

Time (s)

-4

-2

0

w
 (

m
/s

)

0 10 20 30 40

Time (s)

-0.2

0

0.2

 (
d

e
g

)

0 10 20 30 40

Time (s)

1

2

3

 (
d

e
g

)

Actual

Desired

0 10 20 30 40

Time (s)

14

14.5

15

 (
d

e
g

)

0 10 20 30 40

Time (s)

-1

0

1

p
 (

d
e

g
/s

)

0 10 20 30 40

Time (s)

-2

0

2

q
 (

d
e

g
/s

)

0 10 20 30 40

Time (s)

-1

0

1

2

r 
(d

e
g

/s
)

0 10 20 30 40

Time (s)

0

1

2

a
x
 (

m
/s

2
)

0 10 20 30 40

Time (s)

-0.2

0

0.2

a
y
 (

m
/s

2
)

0 10 20 30 40

Time (s)

-12

-10

-8

a
z
 (

m
/s

2
)

0 10 20 30 40

Time (s)

-1.5

-1

e
 (

d
e

g
)

0 10 20 30 40

Time (s)

-0.04
-0.02

0
0.02
0.04

a
 (

d
e

g
)

Fig. 6 UAS responses to the simulated wind field within fire plumes.

The inertial angle of attack (𝛼) and angle of sideslip (𝛽) are estimated using the 2-state EKF described in Sec. III.B,
as illustrated in Fig. 7a. The 3D wind velocity was then estimated using Eq. (1), and the results are shown in Fig. 7b.
The tuning of the process noise matrix and measurement noise matrix for both filters are kept as the same for simulation
and flight test results as described in detail in Sec. V.C.2. This method demonstrated accurate estimation of the inertial
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AOA and AOS, as well as the 3D prevailing wind. The RMS error for the inertial AOA and AOS are less than 0.2 deg,
as summarized in Table 3. The estimated angle of attack (𝛼) exhibited higher frequency variations compared to the true
values, reflected in the estimated𝑊𝑁 . The RMS error for the vertical wind velocity is less than 0.1 m/s, proving the
efficacy of the filter in simulation.
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(a) Estimated inertial AOA and AOS.
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(b) Estimated 3D prevailing wind.

Fig. 7 Comparison of estimated inertial AOA, AOS, and 3D prevailing wind using the 2-state EKF.

Similarly, the 9-state EKF was used to estimate the 3D wind velocity, the body airspeed components, and the UAS
attitude, as detailed in Section III.B. The RMS errors, excluding the convergence phase for the inertial AOA and AOS
and 3D wind estimates, are summarized in Table 3. It can be observed that the performance of the 2-state EKF-based
wind estimation is slightly better than that of the 9-state EKF. This is partially due to the estimation error for pitch
and yaw angles (about 2 degrees). In addition, the estimated yaw angle has a constant bias which is reflected in the
estimation error of𝑊𝐸 . One possible reason is that the wind velocity is assumed to be a random walk in the 9-state
EKF, which is applicable under steady atmospheric wind conditions. Besides, introducing discrete gusts adds nontrivial
wind acceleration to the system, which may contribute to the performance degradation of this EKF in specific scenarios.
The inaccuracies in wind modeling and attitude estimation affect state estimates due to the coupling between states.

Table 3 Estimation errors.

RMSE 𝛼 RMSE 𝛽 RMSE𝑊𝑁 RMSE𝑊𝐸 RMSE𝑊𝐷

2 State EKF 0.1761 deg. 0.0646 deg. 0.4934 m/s 0.1312 m/s 0.0603 m/s
9 State EKF 0.1109 deg. 0.1023 deg. 0.38 m/s 1.755 m/s 0.9427 m/s

V. UAS Plume Encounter Flight Test and Wind Estimation Results
This section describes the UAS plume encounter flight test, the data set, and the vertical wind estimation results

using two discussed methods: 1) the 2-state EKF (inertial AOA and AOS) based method and 2) the 9-state EKF-based
method.

A. Plume Encounter Data Acquisition
A flight test was conducted from 12:51 pm to 1:01 pm (Central Day Time) on April 08, 2019, during a prescribed

grassfire at the Baldwin Woods Preserve, Kansas, to collect the UAS fire plume encounter data. The temperature
at 12:52 pm was 23 degrees Celsius, the relative humidity was 34%, and the ambient wind during the take-off was
approximately 2.57 m/s from the south (200 deg), according to the closest airport weather station (KANSAS ASOS at
Lawrence) [33]. The prescribed burn area was approximately 440 m long and 190 m wide. During the burn, the KHawk
Zephyr3 UAS was deployed to measure fire perimeter and wind velocities simultaneously [31]. The UAS was flown
in automatic mode to track a desired altitude of 115 m above ground level at a cruise airspeed of 17.5 m/s. During
the experiment, the UAS followed a racing car pattern consisting of two straight stretches and two semi-circular arcs.
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The UAS was flown into the fire plumes during the straight portions for safety considerations. The flight trajectory,
including the locations where the fire plume was encountered, is illustrated in Fig. 8. A ground image of the fire plume
and a UAS aerial photo taken within fire generated plumes are shown in Fig. 9, where strong updrafts, downdrafts, and
circulations can be observed.

Fig. 8 Trajectory of KHawk Zephyr3 UAS during plume encounter flight test.

B. UAS Response during Fire Plume Encounter
During the flight test, the UAS flew into the fire plumes multiple times. Two UAS fire plume encounters with

significant state deviation from steady state flight were identified (𝑉𝑎, 𝑎𝑥 , 𝑎𝑧 , 𝑞, and 𝜃). The 3D UAS flight trajectories
during the fire plume encounters are depicted in Fig. 10, where the blue triangle shows the start point. During the
plume encounters, the UAS altitude changed by more than ±10 m within a 10-second period, although the desired
altitude was kept at 115 m. The measured UAS responses during two fire plume encounters are shown in Figs. 11 and
12. It can be observed from Fig. 11 that the UAS encountered the fire plume at around 399 s, which is marked by a
surge in airspeed (𝑉𝑎) from 17.8 to 22.5 m/s. Simultaneously, the body z acceleration (𝑎𝑧) increased from -9.4 to -22.7
m/s2 (2g up acceleration) and body x acceleration (𝑎𝑥) rose by 2.2 m/s2. The angular rates also changed significantly,
with the pitch rate reaching to 25 deg/s within 2 seconds and the roll rate increasing to 60 deg/s. During this plume
encounter, the throttle remained about the same, and the elevators and ailerons changed more than 1.5 degrees from the
trim values. The first plume encounter lasted for about 5 seconds (399 - 404 s). Upon exiting the plume, fluctuations in
these parameters decrease notably.

Similar UAS responses can be noticed from the second plume encounter data shown in Fig. 12. A comparable
trend can be identified in the body z acceleration (𝑎𝑧), body x acceleration (𝑎𝑥), and pitch rate (𝑞). The UAS remains
within the fire plume for 15 seconds (485 - 500 s). During this encounter, the longitudinal states (𝑉𝑎, 𝑎𝑥 , 𝑎𝑧 , 𝑞, and
𝜃) fluctuated rapidly, and the airspeed (𝑉𝑎) changed by 6.5 m/s. Notable tracking errors are observed between the
desired and actual attitude angles during both plume encounters. Note that the change in pitch rate preceded the elevator
deflections in both plume encounters, suggesting that the inner loop controller is attempting to counter-react to the
fire-generated updrafts/downdrafts.
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(a) Ground photo. (b) Aerial photo captured by the onboard RGB camera.

Fig. 9 Ground and aerial photos of UAS flying through fire generated plumes.

(a) Encounter 1 (396 - 406 s). (b) Encounter 2 (483 - 508 s).

Fig. 10 3D UAS flight trajectory during fire plume encounters.

C. Wind Estimation Results

1. Preprocessing of Airspeed Measurements
The airspeed measurements were preprocessed before being fed to the two wind estimation algorithms. The

correction factor 𝐾 in Eq. (3) was estimated using an EKF [25]. It was determined using ground weather station
wind measurements from a Campbell Scientific CSAT3b 3D wind sonic anemometer (RMSE < 0.3 m/s), which were
corrected for altitude using the wind profile power law. Additionally, the calculated correction factor was checked using
four other flight data sets on different days, which had varying atmospheric temperature and static pressure values.
The airspeed measurements are also filtered using a 4 Hz Butterworth filter. The corrected airspeed, raw airspeed
measurements, and the GNSS ground velocity of the plume encounter flight are shown in Fig. 13.

2. Tuning of the EKF
Tuning of the noise covariance matrices of an EKF can be a complex and time-consuming process due to the

involvement of multiple states and inputs. In this paper, the IMU measurement noise covariance matrices (𝜎𝑎𝑥
, 𝜎𝑎𝑦

, 𝜎𝑎𝑧
,

𝜎𝑝 , 𝜎𝑞 , 𝜎𝑟 , 𝜎𝜙 , 𝜎𝜃 ) were computed through ground testing and other covariances were tuned manually. In the 9-state
EKF, the ability to estimate wind variation is dictated by the magnitude of the white noise in the random walk model,
which can be treated as the cutoff frequency of the wind variations that can be effectively captured [26]. The noise
covariance matrices (𝜎𝛼, 𝜎𝛽 , 𝜎𝑉𝑁

, 𝜎𝑉𝐸
, 𝜎𝑉𝐷

, 𝜎𝑊𝑁
, 𝜎𝑊𝐸

, 𝜎𝑊𝐷
, 𝜎𝑍5 , 𝜎𝑍6 ) were tuned by comparing the estimated wind

velocity with measurements from CSAT3b 3D wind sonic anemometer using another UAS flight data set. The tuning
flight test was conducted on a separate day, with the mean prevailing wind of𝑊𝑁 = 4.5 m/s,𝑊𝐸 = 1.6 m/s, and𝑊𝐷 = 0.5
m/s, based on the same ground wind anemometer. To ensure accuracy, the wind speed measured by the ground weather
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Fig. 11 UAS responses during fire plume encounter 1 (396 - 406 s).

Fig. 12 UAS responses during fire plume encounter 2 (483 - 508 s).
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Fig. 13 Airspeed correction and scaling.

station was corrected for altitude using the wind profile power law [5]. The tuning objective is to minimize the RMS
error between the estimated wind velocities and the corrected weather station measurement. This approach significantly
reduces the overall tuning effort. The selected process and measurement noise matrices for both the 2-state EKF and
the 9-state EKF are provided in Table 4. It is important to note that the process noise covariance matrix (𝑄) and the
measurement noise covariance matrix (𝑅) were both assumed to only have nonzero diagonal components. Additionally,
the initial state covariance 𝑃0, representing the state vector x, was set as an identity matrix in this paper as a general case.

Table 4 Selected 2-State and 9-State EKF tuning parameters.

2-State EKF 9-State EKF
Process noise Q Process noise Q

𝜎2
𝑎𝑥

0.00892 (m/s2)2 𝜎2
𝑎𝑥

0.00892 (m/s2)2

𝜎2
𝑎𝑦

0.00892 (m/s2)2 𝜎2
𝑎𝑦

0.00892 (m/s2)2

𝜎2
𝑎𝑧

0.00892 (m/s2)2 𝜎2
𝑎𝑧

0.00892 (m/s2)2

𝜎2
𝑝 0.0004242 (rad/s)2 𝜎2

𝑝 0.0004242 (rad/s)2

𝜎2
𝑞 0.0004432 (rad/s)2 𝜎2

𝑞 0.0004432 (rad/s)2

𝜎2
𝑟 0.0003972 (rad/s)2 𝜎2

𝑟 0.0003972 (rad/s)2

𝜎2
𝜙

0.0035 (rad)2 𝜎2
𝑊𝑁

0.01732 (m/s)2

𝜎2
𝜃

0.0036 (rad)2 𝜎2
𝑊𝐸

0.01732 (m/s)2

𝜎2
𝑊𝐷

0.01732 (m/s)2

Measurement noise R Measurement noise R
𝜎2
𝛼 0.00001752 (rad)2 𝜎2

𝑉𝑁
0.00222 (m/s)2

𝜎2
𝛽

0.00001752 (rad)2 𝜎2
𝑉𝐸

0.00222 (m/s)2

𝜎2
𝑉𝐷

0.00222 (m/s)2

𝜎2
𝑍5

0.0000682 (rad)2

𝜎2
𝑍6

0.0000682 (rad)2

3. Inertial AOA/AOS based Vertical Wind Velocity Estimation
The inertial angle of attack and angle of sideslip were estimated using the 2-state EKF described in Sec. III.B,

shown in Fig. 14. It can be observed that both flow angles exhibit higher-magnitude oscillations when the UAS enters
the fire plume. During the first encounter (399 - 403 s), the maximum changes in AOA and AOS were 11.1 deg and
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16.4 deg, respectively, primarily due to fire-induced turbulence. In contrast, the estimated inertial AOA only fluctuated
between 2.2 and 2.6 deg outside the fire plume during the straight legs. In the second encounter (483 – 508 s), the UAS
flew into a multicore updraft, with the first one between 485 and 495 s and the second one from 499 to 506 s. The
updraft at 485 s was stronger, resulting in maximum changes of 10.1 deg in AOA and 21.6 deg in AOS.
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(a) Encounter 1 (396 - 406 s).
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(b) Encounter 2 (483 - 508 s).

Fig. 14 Estimated inertial AOA and AOS during fire plume encounters (2-state EKF).

Then, the estimated inertial angle of attack (𝛼) and angle of sideslip (𝛽) are utilized to calculate the vertical wind
velocities, shown in Figs. 15 and 16. The maximum estimated vertical wind velocity reached to 8.2 m/s and 8.3 m/s for
the first and second encounters, respectively. The upward wind components along the flight trajectory are shown in
Figs. 15b and 16b. During the first and second fire plume encounters, the changes of vertical wind velocities are as
big as 9.81 m/s and 9.66 m/s, respectively. A pattern of downdraft-updraft-downdraft can be observed for both plume
encounters, which showed the strong circulation within the fire-generated plume. Additionally, the north and east wind
velocity components (𝑊𝑁 and𝑊𝐸) were also estimated, shown in Fig. 17. It can be observed that the horizontal wind
magnitude and direction changed rapidly when the UAS flied inside the fire plumes. This matches with the trend from
the tower weather station wind measurements during another prescribed grass fire from the literature [34]. It is worth
emphasizing that it is challenging to measure the ground truth for vertical wind velocities within fire generated plumes
for error quantification.
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(a) Estimated vertical wind
(- represents updraft).

(b) Estimated𝑊𝑢 along the flight trajectory
(+ represents updraft).

Fig. 15 Estimated vertical wind velocity along the flight trajectory during fire plume encounter 1 (2-state EKF).
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Fig. 16 Estimated vertical wind velocity along the flight trajectory during fire plume encounter 2 (2-state EKF).
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(b) Encounter 2 (483 - 508 s).

Fig. 17 Estimated northward and eastward wind components (2-state EKF).

4. 9-State EKF-based Vertical Wind Velocity Estimation
The 9-state EKF was further used for the estimation of the 3D wind velocity. The estimated states for both encounters

are shown in Figs. 18 and 19. It can be observed that the maximum estimated vertical wind velocity reached to 4.56 m/s
and 9.89 m/s during the two encounters which is slightly different than the results of the 2-state EKF. One reason causing
that is the attitude estimation difference between the 9-state EKF and the Pixhawk estimates, with a bigger disagreement
on the pitch angle as shown in Fig. 18. Another reason for this discrepancy is that the EKF assumes a random walk
wind model throughout the flight and neglects the rotational components (𝑝𝑔, 𝑞𝑔, 𝑟𝑔) of wind velocity. This assumption
is reasonable under normal atmospheric conditions where the wind changes gradually. However, during fire plume
encounters with strong updrafts or downdrafts, the vertical and horizontal wind velocities can change abruptly, so the
random walk model may not capture the wind variations accurately. This may lead to underestimating of the vertical
wind velocities and discrepancies in attitude estimation. A comparison between the estimation results for both methods
is shown in Fig. 20. It can be seen that the overall trends for both methods are similar.

In summary, the maximum updraft velocity for this tallgrass prescribed fire is estimated to be in the range of 6-10
m/s at an altitude of 115 m. This value highlights the significant power generated by such wildland fires. The response
of the UAS during these encounters indicates that fire plumes can induce rapid and substantial changes not only in
airspeed but also in pitch rate, roll rate, and horizontal and vertical accelerations. Two wind estimation methods were
evaluated using the plume encounter flight test data. The 2-state EKF-based method probably provides more accurate
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Fig. 18 Estimated airspeed components, attitude and 3D wind during encounter 1 (9-state EKF).
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Fig. 19 Estimated airspeed components, attitude and 3D wind during encounter 2 (9-state EKF).

vertical wind velocity estimation results than the 9-state EKF-based wind estimation approaches, if the error trend is
similar to simulation results.

D. Discussion and Uncertainty Analysis
Estimation inaccuracies can arise from various factors, including sensor resolution, measurement accuracy, update

rate, and modeling errors. Each sensor has inherent limitations. For instance, an IMU may have bias and experience
drift over time, a GNSS receiver may be affected by signal interference and outage, and a Pitot tube may be prone to
calibration errors and environmental conditions. The IMU and GNSS error dynamics in the simulation environment,
described in Section .IV.B, are modeled as zero-mean Gaussian noise. The simulation environment can be improved by
modeling the IMU and GNSS error dynamics using stochastic models (e.g., Markov, Gauss Markov model, etc.), which
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Fig. 20 Comparison of estimated vertical wind velocities.

are more realistic to flight conditions.
Another important factor contributing to the filter efficacy is the modeling of the wind dynamics. The 9-state EKF

assumes a random walk wind model and neglects gust induced rotation rates (𝑝𝑔, 𝑞𝑔, 𝑟𝑔), which is reasonable under
atmospheric conditions with slowly varying wind dynamics. Also, neglecting wind acceleration in the body velocity
derivatives can lead to performance degradation. However, during fire plumes or discrete gust encounters, wind velocity
and direction may change abruptly, limiting the model’s accuracy.

Additionally, the selection of wind velocity covariance matrix during the tuning of the 9-state EKF can significantly
influence the filter’s accuracy, as these parameters depict the wind acceleration, with larger values indicating a higher
rate of change in the wind dynamics. The tuning process can be more efficient if external wind velocity measurements
such as LiDAR or SODAR are available.

To quantify the uncertainty in vertical wind velocity estimation, the Gaussian error propagation method is applied to
the 2-state EKF-based vertical wind velocity estimation as it demonstrated a better performance. Assuming that the
airspeed (𝑉𝑎), vertical velocity (𝑉𝐷), AOA (𝛼), AOS (𝛽), roll angle (𝜙), and pitch angle (𝜃) measurements/estimates are
independent and follow a Gaussian distribution, the variance of the standard error of𝑊𝐷 can be expressed as:

𝜎2
𝑊𝐷

=

𝑛∑︁
𝑖=1

(
𝜕𝑊𝐷

𝜕𝑥𝑖
𝜎𝑥𝑖

)2
(33)

where 𝑥𝑖 represents the variables [𝑉𝐷 , 𝑉𝑎, 𝛼, 𝛽, 𝜙, 𝜃] and 𝜎𝑥𝑖 denotes their corresponding uncertainties.
Using the measured RMS sensor errors, estimation errors of the flow angles, and the Gaussian error propagation

equation, the estimated error standard deviation of vertical wind velocity(𝜎𝑊𝐷
) is ±0.4539 m/s. This estimate reflects

the combined effect of all sensor uncertainties and highlights the potential limitations of the vertical wind velocities
estimation method.

VI. Conclusion and Future Work
This paper presents a UAS plume encounter dataset, including accelerations, angular rates, attitude, altitude,

airspeed, and ground speed, and the estimation of vertical wind velocities along the UAS flight trajectory using
UAS-dynamic-model-based approaches. A KHawk Zephyr3 UAS was deployed to fly over fire plumes produced by
a prescribed tallgrass burn in Kansas while in the automatic waypoint tracking mode. During the plume encounters,
aggressive accelerations (20 m/s2 change in vertical acceleration) and rotations (60 deg/s change in pitch rate) were
observed. Furthermore, two model-based algorithms were developed to estimate vertical wind velocities along the flight
trajectory. Based on our filters, the vertical wind velocities within the fire plumes ranged from 6 to 10 m/s at a height of
about 115 meters above the ground level. The developed 2-state EKF (inertial AOA and AOS) based vertical wind
velocity estimation method slightly outperforms the 9-state EKF, based on simulation studies.
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Future work will include further validations of the vertical wind velocity estimation using the flight path reconstruction
method, identification of the noise characteristics of the IMU and GNSS sensors, and introduction of new propagation
models for the wind dynamics (Gauss Markov, plume dynamics model, etc.) generated by fire plumes (e.g., wind
acceleration) to improve the filter performance.
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