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Abstract
The effective natural transport of seeds in turbulent atmospheric flows is found across a myriad of
shapes and sizes. However, to develop a sensitive passive sensor required for large-scale (in situ)
flow tracking measurements, systems suffer from inertial lag due to the increased size and mass
needed for optical visibility, or by carrying a sensor payload, such as an inertial measurement unit
(IMU). While IMU-based flow sensing is promising for beyond visual line-of-sight applications,
the size and mass of the sensor platform results in reduced flow fidelity and, hence, measurement
error. Thus, to extract otherwise inaccessible flow information, a flow-physics-based tracer
correction is developed through the application of a low-order unsteady aerodynamic model,
inspired by the added-mass concept. The technique is evaluated using a sensor equipped with an
IMU and magnetometer. A spherical sensor platform, selected for its symmetric geometry, was
subject to two canonical test cases including an axial gust as well as the vortex shedding generated
behind a cylinder. Using the measured sensor velocity and acceleration as inputs, an
energized-mass-based dynamic model is used to back-calculate the instantaneous flow velocity
from the sensor measurements. The sensor is also tracked optically via a high-speed camera while
collecting the inertial data onboard. For the 1D test case (axial gust), the true (local) wind speed
was estimated from the energized-mass-based model and validated against particle image
velocimetry measurements, exhibiting good agreement with a maximum error of 10%. For the
cylinder wake (second test case), the model-based correction enabled the extraction of the velocity
oscillation amplitude and vortex-shedding frequency, which would have otherwise been
inaccessible. The results of this study suggest that inertial (i.e. large and heavy) IMU-based flow
sensors are viable for the extraction of Lagrangian tracking at large atmospheric scales and within
highly-transient (turbulent) environments when coupled with a robust dynamic model for inertial
correction.

1. Introduction

The mixing and dispersal of pollutants and chem-
ical agents, and the spread of toxins caused by nat-
ural or industrial disasters, are all governed by turbu-
lent processes in the atmosphere and oceans. Current
data acquisition techniques in the atmosphere, such
as weather balloons or wind masts, are insufficient
for resolving the velocity perturbations that comprise
these mixing phenomena due to their considerable
inertial lag. Furthermore, common Eulerian meas-
urements from sparse (fixed) sensors can contribute

to interpolation error when modelling flows between
available data. In contrast, networks of distributed
sensors capable of passively moving with the flow
offer a robust alternative for applications in atmo-
spheric sampling, environmental data collection and
even space exploration; see Barbieri et al (2019),
Chilson et al (2019), Lee et al (2019), andPandolfi and
Izzo (2013). And of course nature tends to inspire effi-
cient solutions, such as for the design of these small-
scale sensor platforms (Huang et al 2022). In partic-
ular, the flight mechanisms of wind dispersed seeds,
such as those inspired by dandelion and samaras, have
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been shown (Galler and Rival 2021, Bai et al 2022, El
Makdah et al 2022, Iyer et al 2022) to work effectively
as passive sensor platforms.

At atmospheric and oceanic scales, sparse meas-
urements are often coupled with numerically mod-
elled data through various data assimilation tech-
niques, where experimental measurements help
provide accurate inputs, such as boundary condi-
tions, which are often challenging tomodel (Neeteson
and Rival 2019). These techniques are growing
more useful for the study of complex flows, where
a Lagrangian-based perspective can better help to
understand the impacts of salient flow features (Rosi
et al 2014, Shnapp et al 2019, Serra et al 2020). For
instance, Lagrangian coherent structures (LCSs) have
been shown to influence material transport in the
polar vortex (Harvey et al 2021), and have been used
for wind hazard identification at airports (Knutson
et al 2020). Moreover, Lagrangian measurement tools
that provide high-quality sparse data over largemeas-
urement domains will be necessary as the application
of data assimilation techniques becomes increasingly
more computationally feasible (Ghorbanidehno et al
2015).

Recently, Kim et al (2021) demonstrated the
manufacturing process and aerodynamic testing of
micro-scale fliers inspired by wind-dispersed seeds.
Aiming towards applications requiring large spatial
domains, such as environmental monitoring and dis-
ease control, their micro-scale flier used a multi-
bladed platform to carry a sensor payload. In a separ-
ate study, a small-scale, samara-seed-inspired sensor
system for atmospheric characterization was capable
of collecting real-time data from 2000 sensors sim-
ultaneously (Bolt et al 2020). Air pressure, temper-
ature, and humidity measurements showed agree-
ment with reference measurement stations. However,
wind speed was not reported. Advances in wind velo-
city extraction by means of in situ distributed sens-
ing is of significant interest, where conventional sys-
tems (e.g. drone-mounted Pitot-static probes) tend
to suffer from poor spatial resolution, vibration, and
the observer effect, to name but a few issues, as dis-
cussed by Villa et al (2016). Therefore, alternative
wind-velocity measurement techniques that mitig-
ate the above issues associated with airborne sensor
vehicles/platforms are required for high-resolution
measurements over large spatial domains.

To that end, the unsteady aerodynamic response
of spherical, wind-dispersed seeds such as asclepias,
as examined by Galler and Rival (2021), offers a
promising foundation for the design of a respons-
ive sensor platform, where one might imagine the
sensor taking the place of the seed’s achene. With
complex shapes that may also be dense relative to the
carrier fluid (e.g. air), additional tools are required
for the accurate extraction of flow quantities such
as velocity and acceleration, or the identification of

coherent structures. However, to develop the tools
necessary for practical implementation of a seed-
inspired sensor platform, it is sensible to first abstract
the complex system to a simpler analogue. Take the
previously mentioned milkweed seed as a model. The
observations of Galler and Rival (2021) suggest that
the milkweed seedmay be abstracted to a solid sphere
for certain flow regimes due to the observed effect
of dynamic solidity. Such a simplification allows for
a more generalized approach to understanding the
behaviour of such a complex system, providing a
framework to build from later.

The present simplified test case applies gener-
ally to all flow tracers, including optical-based and
inertial measurement unit (IMU)-based measure-
ment tools, and therefore, from here on in, all flow
tracers and in situ flow-tracking sensors are referred
to simply as ‘flow sensors’ for consistency. The lar-
ger size and mass, required for optical visibility
(Hou et al 2021), or to carry onboard sensors, res-
ults in considerable inertial lag, and contributes to
flow-measurement error, especially when measur-
ing transient phenomena. In airborne applications,
where sensor lag is most prevalent, unsteady aerody-
namic considerations play a critical role in the sensor
dynamic response. Although an ideal sensor responds
with perfect fidelity to a change in the carrier flow,
for real-world sensors, minimizing mass while main-
taining responsive aerodynamic qualities allows the
sensors to approach this idealized behaviour.

For the purpose of measuring turbulent fluid
velocities at scales relevant to dispersal and mix-
ing, a simplified passive Lagrangian sensor platform
is considered. Large particles have been shown to
provide a suitable time-response for estimation of
mean flow properties over very large measurement
domains (see Rosi et al 2014, Toloui et al 2014, Nemes
et al 2017). However, velocity perturbations remain a
challenge due to the non-ideal time-response charac-
teristic of large sensors. As sketched in figure 1, when
an inertial sensor moves through a region of turbu-
lence it is unable to respond sufficiently quickly to
carrier flow pathlines. This imperfect sensor response
to flow perturbations results in measurement error.
A dynamic, model-based approach to estimating flow
measurement errorwas demonstrated by Faleiros et al
(2021), who estimated the velocity lag of soap bubbles
passing over an airfoil. As a natural extension towards
mitigating the error due to inertial lag, dynamicmod-
elling of the sensor’s motion allows for a correction
of the measured velocity, where the true flow velocity
can be backed out from measured sensor trajectories,
as shown qualitatively in figure 2.

Figure 2 depicts an arbitrary sensor with dia-
meter, D, subject to a time-varying gust with velo-
city u(t). The sensor velocity-response, U(t), and the
pathline of the sensor both contain error due to the
sensor inertia. The inertial lag can be corrected for
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Figure 1. (a) An inertial flow sensor travelling through a turbulent flow is unable to directly follow the fluid pathline due to sensor
inertial effects (lag).

Figure 2. (Left) Response of an inertial sensor to an arbitrary flow perturbation of time-varying velocity, u(t) and length scale, d.
Due to the inertia of the sensor, with diameter D, a lag in the velocity response, U(t), is observed, resulting in an erroneous
pathline of the sensor, relative to the flow. (Right) Transient flow quantities can be extracted using a dynamic model of the sensor
motion. Note that the drag coefficients is not only the quasi-steady quantity, but also a function of the acceleration number, a∗,
due to time-history effects.

analytically, assuming that the equation of motion of
the sensor can bemodelled dynamically. For example,
the force on the sensor, FD =m dU

dt , is a function of the
gust velocity, u(t), gust acceleration , du

dt , and sensor
drag coefficient, CD, which in turn is function of the
Reynolds number (Re) and acceleration number, a∗.
A robust dynamic model and sensor with high tem-
poral resolution thus allow for the inertial error to be
corrected for, and the true gust velocity and accelera-
tion to be extracted.

Model-based correction approaches have also
been employed to adjust ocean drifter measurements;
see Pazan andNiiler (2001) and Laurindo et al (2017).
In these cases, error is a result of one side of the float-
ing drifter being exposed to wind while the other side
is responding to hydrodynamic forcing below, affect-
ing the measurement of the true ocean velocities. Lag
due to the inertia of the drifter itself is not considered
since most drifters are designed to produce sufficient
drag to capture mean ocean current velocities (Pazan
and Niiler 2001).

In the current study, we correct for the time-
history effects present in a transient flow, where for
instance, the acceleration number, a∗, is defined as:

a∗ =
du
dtD

u2
, (1)

and which serves as an indicator of the local unstead-
iness, and directly affects the drag force on the sensor
body.

An additional challenge inherent to large-scale
measurement volumes is sensor visibility. An altern-
ative approach is needed for cases in which optical
access is impossible, or required sensor sizes are
impractical. Onboard IMUs are a promising tool for
high-resolution, distributedmeasurements over large
spatial domains. However, due to the intrinsic lag, a
dynamic model-based correction is required for use
of both large optical, or IMU-based sensors. This is
especially the case for the tracking of transient phe-
nomena, such as rapid accelerations or motion of
coherent flow structures.

The objective of the present study is thus to
demonstrate the feasibility of an IMU-based flow-
tracking system with transient correction. The
sensor-velocity correction is evaluated by quanti-
fying the residual error in the measured flow velocity
after the method of Galler et al (2021) is applied. In
the one-dimensional test case (gust), we demonstrate
the extraction of true flow velocity via the model-
based correction approach. For the second test case,
frequency spectra obtained from measurements of
the two-dimensional, periodic flow in the wake of a
circular cylinder are used to show how the correction
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enables extraction of flow timescales otherwise inac-
cessible to a large and heavy sensor. Thus, the pro-
posed research supports the development of a large-
scale, in situ flow-tracking measurement technique
for the resolution of transient phenomena.

Thus this current study endeavours to advance
large-scale, sensor-tracking techniques for their even-
tual implementation within data assimilation frame-
works. In lieu of high-speed cameras and a light
source, the sensor particles take on the role of the
sensor and acquire inertial and positional meas-
urements directly. The proposed system will con-
sist of a body of some optimized, potentially seed-
inspired geometry, based upon the physical principles
of unsteady force production, an IMU, including an
accelerometer, gyroscope, and magnetometer, and
the necessary communication equipment for data
transmission. For measurements over extreme dis-
tances, for example, in the order of kilometres, a
global positioning system for dead-reckoning may
also be included. A sensor capable of performing the
tracking onboard removes the need for an expens-
ive base station, and increases the potential size of
the measurement domain, theoretically to the limits
of remote data transmission. The following sections
outline the working principle of the in situ tech-
nique before demonstrating the approach via meas-
urements in a sharp axial gust and in the unsteady
wake of a circular cylinder.

2. Velocity extraction via model-based
inverse technique

Low-order aerodynamicmodels are often used to pre-
dict fluid forces on immersed bodies, typically using
characteristics of the applied flow, such as body rel-
ative velocity, as the input. For the purposes of cor-
recting the inertial measurements obtained by the
sensor system, a predictive aerodynamic model is
applied in the reverse sense. Using themeasured body
response as the input, the model is used to extract the
instantaneous surrounding flow instead. The follow-
ing subsections outline the aerodynamic model used
in this approach, the velocity correction algorithm,
and how the technique is applied to coherent struc-
ture identification.

2.1. Dynamic response of an immersed body
A sensor of radiusR andmassmwill experience a drag
force FD due to a local flow perturbation u(t). In turn,
the sensor will accelerate and move at a time-varying
velocity U(t). The net force on the system is defined
as follows:

Fnet =m
dU

dt
. (2)

Assuming buoyancy to be negligible, the net force is
then attributed only to the gravitational force and the
instantaneous drag force on the body.

Classically, Stokes flow is assumed for micron-
scaled tracer particles used in flow imaging (e.g.
particle image velocimetry [PIV]), which show near-
perfect flow fidelity (White and Corfield 2006). In
other words, the assumption of Stokes drag is gener-
ally appropriate for traditional sensor particles, which
typically operate in the lowReynolds number regimes
where the Stokes number is much less than one. For
sensors much larger than these typical micron-sized
particles, such as those carrying a sensor chip style
payload explored herein, the Stokes drag assump-
tion breaks down due to the combination of large
size and significant body density relative to air. In
such regimes, the energized-mass approach (Galler
et al 2021) can be applied, allowing for unsteady force
prediction in separated flow, as may occur when a
large and relatively heavy sensor lags behind the flow.
In a previous study, the energized-mass approach
was shown to apply for both sub-critical and super-
critical regimes, allowing robust use for the case of a
non-Stokesian sensor. The energized mass approach
defines the force on a body as:

F= ṁeU+meU̇, (3)

where me is the energized mass and U is the body
velocity relative to the fluid. The energized mass for
a sphere, normalized by the displaced fluid mass, can
be predicted as follows:

m∗
e =

{
K+ 3

2R

´ t
0 Us

∗ 1
2Re−

1
4 dt if ṁ∗

e (t)<= 3
8Cdss

m∗
e |t=τs +

3
8Cdss

´ t
τs

U
R dt otherwise t> τs,

(4)

where K is the potential-flow added-mass coeffi-
cient of the body, s∗ is displacement normalized
by body diameter, D, Cdss is the Reynolds-number-
dependent steady-state drag coefficient, defined as
Cdss = Fd/

1
2ρU

2πR2, and τ s is the period over which
the rate of change of energized mass reaches steady
state.

2.2. Low-order aerodynamic model for local flow
velocity extraction
The equations ofmotion for a rigid body are given by:

Fe =m
dU

dt
, (5)

Me = J
dΩ

dt
+Ω× JΩ, (6)

where U,Fe, J,Ω,Me are the translational velocity,
external force, inertia matrix, angular velocity, and
external moments, respectively. All elements in
equation (5) are resolved in the inertial frame, and
elements in equation (6) are resolved in the body-
fixed frame. In a one-dimensional (1D) case, assum-
ing the sphere’s mass is uniformly distributed, wind
is assumed to act in the direction opposite to gravity,
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Figure 3. Sketch of periodic vortex shedding in a cylinder wake. The local flow acceleration due to the alternating vortex shedding
provides a repeatable, oscillating flow test case, with length characteristic scale d and frequency f.

and the sphere’s rotation is set to be negligible, such
that equation (5) is reduced to:

m
dU

dt
= FD −mg, (7)

where FD is given by equation (3), and g is the accel-
eration due to gravity. All elements in equation (7)
are parallel to the direction of gravity. While rota-
tion is assumed to be negligible, such that there is no
net torque acting upon the sphere, in reality, slight
rotations will be present during the motion of the
sphere. Measuring these small rotations are useful for
the implementation of an orientation algorithm, as
discussed further in section 2.4.

In the present study, flow velocity was extracted
from equation (7) through a time-stepping approach.
At each instant in time, the measured body accelera-
tion is used as an input to calculate the instantaneous
energized mass, and thus, the instantaneous drag on
the body. The flow velocity can then be solved for
by integrating the flow acceleration extracted from
equation (7). As such, time is marched forward, using
the preceding time step as an input for the next. With
this approach, and the selected model, the calculated
flow velocity represents the uniform flow upstream of
the sphere, before it is affected by the body itself.

2.3. Flow-structure identification
Expanding the approach to 2D flows, the vortex shed-
ding associated with the von Kármán wake behind a
circular cylinder provides us with a sufficiently com-
plex flow to demonstrate how flow structures may
be resolved using the sensor system and model-based
correction. Periodic velocity fluctuations due to vor-
tex shedding in the cylinderwake provide for a canon-
ical case for testing in repeatable unsteady condi-
tions. Figure 3 shows the characteristic length and
time scales of a von Kármán wake aft of a cylinder.
The Strouhal number, defined as

St=
fd

U
, (8)

where f is the vortex shedding frequency, d the dia-
meter of the cylinder and U the flow velocity, is used

here to characterize this oscillating flow. For a high
aspect ratio circular cylinder at Reynolds numbers
between 103 and 106, the Strouhal number remains
constant at approximately St=0.2 (Roshko 1961).
Within this range, the vortex shedding frequency,
f, is easily predicted from measurements in the
wake.

Now let us consider the flow past a cylinder in a
vertical configuration (a counter-clockwise rotation
of figure 3). While the flow itself is unchanged from
the sketch of figure 3, the effect of gravity on the
flow sensor must not be ignored. The drag force pro-
duced by the flow sensor must exceed the product of
its mass and acceleration due to gravity for the sensor
to move upwards with the flow. However, in order to
demonstrate how the model-based correctionmay be
applied to flow-structure identification, gravity can
be exploited. In the cylinder wake, when the ver-
tical component of the drag force is balanced with
the force due to gravity, the sensor will hover at a
relatively constant distance above the cylinder. As a
result, the sensor response to the flow oscillations is
isolated from the response to the background flow.
Therefore, flow structures that are characterized by
velocity oscillations at some frequency may be identi-
fied by a single sensor collecting time-resolved inertial
measurements.

Zhao (2021) showed how with a sufficient gap
between the cylinder and a trailing sphere, there is
no effect on vortex formation in the cylinder wake.
As such, the sphere responds only to the oscillations
in the flow due to the cylinder wake. In the present
investigation, all trials were performed with sufficient
distance between the cylinder and the spherical sensor
so as to ensure the sensor did not influence the cylin-
der wake itself. As such, the characteristics of the flow
structures of interest, namely the vortex shedding fre-
quency and velocity amplitude, are not biased by the
presence of the sphere in the wake itself.

The following outlines the experimental meth-
ods and tools used to perform the measurements.
First, the sensor system and platformwill be outlined,
before details of the 1D and 2D gusts are discussed in
detail.
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Figure 4. Foam sphere with inertial measurement unit mounted at the centre of gravity.

Figure 5. (a) Wind tunnel setup for vertical gust production. The sensor is mounted above the iris mechanism, which is rapidly
opened to generate the gust. (b) The sensor is allowed to move freely during the gust, translating up and away from the nozzle
outlet.

2.4. IMU
A spherical housing, made from a styrofoam shell,
was selected to carry a sensor onboard. The foam
sphere was equipped with an IMU and a magneto-
meter that communicated via radio to a base station,
as shown in figure 4. Data collected by an InvenSense
MPU-9150 IMU and Asahi Kasei AK8975 magneto-
meter was transmitted to the base station using an
Atmel AT86RF233 radio transceiver. The IMU system
has a calibrated uncertainty of±3%. The base station
processes the IMU data for transfer to a data acquisi-
tion computer using a Freescale Kinetis ARMMicro-
controller (K2x series). The sphere with a diameter
D of 10 cm and mass m of 12.5 g, when loaded with
the sensor system, resulted in an effective density of
approximately 24 kgm−3 versus 1.225 kgm−3 in air
at standard temperature and pressure. The IMU and
radio chip were powered by a single cell LiPo battery,
withmass of 3 g. To fuse the sensor data, and properly
orient the body in space, the complementary filter of
Mahony et al (2008) is used, using a quaternion-based
orientation algorithm.

To validate the IMU measurements, the sphere’s
position was tracked via image processing using
OpenCV libraries and Python. A contrast-based

object identification scheme was employed, finding
the centroid of the white sphere against a black back-
drop. Since the motion of the sphere was 2D, only
one camera was needed to capture the translation.
The centroid positions were differentiated in time
to obtain velocity and acceleration of the sphere for
comparison against the data collected by the IMU.

Uncertainty in the IMUmeasurements was estim-
ated based upon the standard deviation in each of
the one- and two-dimensional gust studies. The time-
traces of each test run (for a respective study) were
temporally aligned using the gust-start time. The
time-traces were phase-averaged, and the standard
deviation was calculated to estimate the uncertainty
of the results.

2.5. Wind tunnel and gust generation
Experiments were performed in an unsteady open-jet
wind tunnel facility. The facility, sketched in figure 5,
has a cross sectional area of 11.4 cm × 11.4 cm at the
nozzle outlet, and flow conditioning through the set-
tling chamber to reduce freestream turbulence. Air
flow is produced using nine four-wire DC brush-
less fans controlled by a pulse width modulation sig-
nal produced by the microprocessor register of an
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Figure 6. (a) Wind tunnel setup for cylinder wake production. (b) The sensor is allowed to freely respond to the cylinder wake,
hovering approximately 1.5D above the cylinder.

Arduino UNO. A Photron Fastcam SA4 high-speed
camera, with a resolution of 1024× 1024 px, was used
to record the test article motion and fluid flow at a
frame rate of 1000Hz, as sketched in figure 5.

An iris-style aperture was used to generate gust
flow profiles. The rig was tension-loaded using a bun-
gee cord to rapidly actuate the aperture mechan-
ism, as sketched in figure 5. First, in its closed con-
figuration, the aperture blocks the oncoming flow.
Synchronized with the motion-tracking camera trig-
ger, the aperture opens, allowing the sensor to freely
respond to the gust.

To characterize the flow regime, the sphere’s
instantaneous Reynolds number is defined as

Res =
ρuTD

µ
, (9)

where ρ is the fluid density, uT is the terminal gust
velocity,D is the sensor diameter andµ is the dynamic
viscosity. Tests were performed at Res = 1.5e× 105.
Velocity was normalized by the terminal flow
velocity as

U∗ = U/uT, (10)

where U is the measured sensor velocity. Time was
normalized as follows

t∗ =
tuT
D

, (11)

where t is dimensional time.

2.6. Cylinder wake flow perturbations
The vertical wind tunnel was also set up for the cyl-
inder wake measurements. A cylinder with d=10 cm
diameter and 15D in width was mounted 3D above
the nozzle outlet, as sketched in figure 6. The cylinder
was placed at a slight offset from the centreline of

the jet to provide flow conditions allowing the sphere
to hover. As a result, the wake was deflected with a
minor tilt, as observed in the velocity-deficit region.
The Photron Fastcam SA4 high-speed camera, with a
resolution of 1024× 1024 px, was also used to record
the test article motion and fluid flow at a frame rate of
1000Hz. The Reynolds number for the cylinder wake
was defined as

Rec =
ρufd

µ
, (12)

where uf is the oncoming flow velocity. Tests were
performed at a Reynolds number of Rec = 1.5× 105,
providing an expected shedding frequency of approx-
imately 30Hz, based upon a Strouhal number of
St= 0.2.

Time-resolved, planar PIV was used to measure
the wake flow field (without the IMU sensor in posi-
tion). Again, a Photron SA-4 high-speed camera, with
resolution of 1024× 1024 px, was used to capture the
flow, and was operated at 3600Hz. A 60mJ-per-pulse
Photonics Nd:YLF high-speed laser was used to pro-
duce an approximately 2mm-thick laser sheet. Theat-
rical fog, with approximate particle diameter of 3µm,
was used as seeding. A Nikkor f= 50mm lens at aper-
ture f /4 was used, providing a field of view (FoV) of
approximately 3D× 3D in size. The bottom edge of
the FoV was aligned with the downstream edge of the
cylinder. Vector fields were obtained using LaVision’s
DaVis 8.4.0 2D-PIV algorithm. The obtained velo-
city vectors were spatially averaged over the region
traversed by the sphere (in subsequent testing) to
compute a velocity time history. Spectral information
was obtained via proper orthogonal decomposition
(POD). Vorticity fields were processed and POD coef-
ficients were obtained for the first 100modes. The fast
Fourier transform was then used to extract frequency
content corresponding to the flow features of interest.
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Figure 7. (a) Agreement is observed between computer vision (CV) tracking and the IMU-measured velocity. (b) Normalized
velocity versus convective time, where velocity was non-dimensionalized by the terminal gust velocity. Error bars represent one
standard deviation in the IMU data, which is propagated into the model correction. Significant lag between the sensor and the
applied gust is observed. Model-corrected velocity agrees well with direct measurements, allowing for extraction of the true flow,
despite sensor limitations.

3. Results and discussion

The following section outlines the results for both
the 1D and 2D test cases. A comparison between the
sensor response, the correction, and the true flow
are presented, and the efficacy of the correction is
evaluated. The frequency content extracted from PIV
measurements of the cylinder wake is compared to
measurements obtained by the sensor before the cor-
rection is applied.

3.1. Axial gust (1D test case)
Figure 7(a) presents motion tracking and IMU
measurements from the 1D velocity perturbation.
The observed agreement between IMU measure-
ments and motion-tracking validates the orientation
algorithm applied to the IMU data. In figure 7(b),
significant lag is observed between the sensor velo-
city response and direct flow velocity measurements.
When the dynamic model is applied, agreement is
observed between the corrected velocity and the flow
velocity measurements, demonstrating the effective-
ness of the inverse-model approach. Additionally,
figure 7(b) shows the resolution of the gust ramp
from t∗ = 0 to t∗ = 5. Compared to quadcopter
and other UAS-based systems that employ dynamic
model-based wind extraction, such as those presen-
ted in Adcock et al (2020), Segales et al (2020) and
González-Rocha et al (2020), the method presented
here is capable of extracting not only mean wind
speeds, but transient flow information as well. Fur-
thermore, application of a dynamic model is not lim-
ited to IMU data, as the same result can be obtained
with optical-based measurements of sensor velocity.
It should be noted that as a∗ (defined in equation (1))
increases, the effectiveness of the model will become
limited by the resolution of the chosen sensor system.
At the limits of the sampling rate and resolution of the

sensor, the number of data points that comprise the
acceleration period will diminish as a∗ becomes large.
As a result, the available model inputs for the period
of interest will be reduced, and so too, the accuracy of
the model correction.

3.2. Cylinder-wake signature (2D test case)
Time-averaged vorticity and velocity fields in the cyl-
inder wake are shown in figures 8(a) and (b), respect-
ively. Vorticity and velocity were normalized by the
following relations:

ω∗
z =

ωzd

uf
and v∗ =

uf −U

uf,
(13)

where U is the measured sensor velocity.
The upstream advection of vorticity is evident

in figure 8(a), where regions of opposite sign vorti-
city mark vortex motion. Significant lag in the sensor
response is expected due to the sensor size relative to
the vortex-wake structures.

Figure 8(b) clearly shows the slight tilt in thewake,
due to the offset of the cylinder from the centreline of
the jet. This was required for the sensor to hover in
the region of interest. Due to the similar width of the
wake compared to the spherical sensor (on the limit
of flow structures resolvable by the sensor) coupled
with the relative density between the sensor and the
fluid, significant lag between the sensor velocity and
the flow is expected, providing a sufficiently rich test
case since the sensor’s inertia dominates its dynamic
response.

In order to apply the model correction approach,
individual half-cycles were extracted from the velo-
city time history and then phase-averaged, as shown
in figure 9(a). Using a single half-cycle produces a
more stable velocity correction. Since the spherical
sensor translates from side to side, the shear layer sur-
rounding the body resets with each lateral movement.
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Figure 8. (a) Time-averaged vorticity field in the cylinder wake. Average sensor position is indicated by a translucent circle. Flow
structures with opposite-sign vorticity are observed convecting towards the top of the frame, and are observed to interact with the
spherical sensor. (b) The time-averaged vertical-component of velocity shows a tilting of the wake relative to the vertical axis due
to practical requirements of achieving sensor hover. Expected wake features are maintained. Average sensor position is indicated
by a translucent circle. The static cylinder is located below the x-axis at x/d= 0.

Figure 9. (a) Phase-averaged normalized velocity from minimum to maximum during one half-cycle. Shaded regions indicate
one standard deviation. (b) Sensor response compared to model correction and PIV velocity measurements. The amplitude of the
wake oscillations are recovered while the time-scale, τ , correlates with the vortex shedding frequency of the cylinder. Error bars
represent one standard deviation in the IMU data, which is propagated into the model correction. Fluctuations in the
PIV-measured velocity time history are a result of the highly turbulent wake flow in the area inhabited by the sensor.

However, the dynamic model predicts only continu-
ous shear layer growth. Thus, by exploiting the repeat-
ability of the vortex wake, it was assumed that over
one half-cycle, defined as the time between a velocity
minimum and maximum, the shear layer grows after
being shed in the opposite direction. A mean half-

cycle was used as input to the model correction, as
shown in figure 9(a).

The model was applied to the phase-averaged
IMU response to produce a corrected flow velocity,

as shown in figure 9(b). While the model-corrected
measurement is not in perfect agreement with the
velocity time-trace from PIV, the amplitude of the

flow-velocity oscillations is extracted directly from

the amplitude of the correction. The time scale of the
corrected response, τ , is defined as the time at which
the correction reaches within one standard deviation
of the velocity amplitude (Wei et al 2021). Using fτ =
1

τ
, a corrected frequency of 27Hz is obtained, indic-

ating the smallest scales to be extracted by the cor-
rected sensor response in the cylinder wake. Despite
the complex nature of themeasured wake, themodel-
based correction was able to extract the quantities
needed for flow-structure characterization.

In order to validate that the natural aerodynamic
response of the sphere in a steady flow does not
generate any background frequency response during
the perturbations in the cylinder wake, the sphere

9
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Figure 10. (a) Frequency response of a sphere in steady flow. Collapse across Reynolds number regimes was observed (average line
shown for clarity) and reveals a lack of dominant high frequencies. Therefore, the sphere does not exhibit a periodic response in
steady flow. (b) Mean frequency spectra from all POD modes shows low and high frequency content in the cylinder wake,
indicating scales of interest. Frequency spectra of IMU-velocity data corresponds with a low frequency peak present in the flow
while the high frequency content is not captured directly. However, the corrected frequency agrees with the high-frequency peak
obtained via PIV.

response was measured in a steady free-jet flow over
Reynolds number regimes ranging fromRe= 7× 104

to Re= 2× 105. The frequency content of the velocity
signal is presented in figure 10(a), where no domin-
ant high frequencies were observed. Since the sphere
does not exhibit any significant frequency response
in a steady flow, there is no background effect on the
response in the cylinder wake.

To characterize the flow structures and frequency
spectra of the cylinder wake, the results from a POD
analysis are examined. The power spectra of the POD
coefficients were used to extract the frequency con-
tent of the cylinder wake (Konstantinidis et al 2007).
Figure 10(b) presents the mean frequency spectra
obtained from the POD coefficients compared to
the frequency spectra of the measured sensor velo-
city. In the POD spectra, low-frequency and high-
frequency content are evident. The maximum power
was observed at f = 36Hz, which corresponds to the
vortex shedding frequency suggested by basic theory
(St ≈ 0.2), while the low-frequency content suggests
a larger scale present in the flow. A wide range of fre-
quency content was measured due to the turbulence
in the wake. So as to not ignore any frequency con-
tent in the POD spectra, all modes were included in
the analysis.

For the IMU spectra, a clear peak of 3.3Hz is
observed in the x and y axes, which is significantly
lower than the expected cylinder shedding frequency,
but in agreement with the low-frequency inform-
ation extracted from the POD analysis. The fre-
quency obtained by the correction, indicated by the
yellow circle, shows improved agreement with the
dominant frequency content of the flow. Thus, the

lag in sensor response has been corrected, allowing
for the expected vortex shedding frequency to be
extracted within 25% error, a 65% improvement rel-
ative to the direct sensor output (no aerodynamic cor-
rection).

4. Conclusions

In the present study, a bio-inspired IMU-based flow
measurement tool is characterized by using an inertial
sensor coupled to a dynamicmodel-based correction.
The working principle, and its proof of concept, are
presented through lab measurements of a rapid gust
and the wake behind a cylinder as canonical examples
of 1D and 2D flow perturbations.

Results from the 1D gust test case demonstrate
how a robust dynamic model enables the use of iner-
tial flow sensors. Application of the model correc-
tion significantly reduced the discrepancy between
velocity measurements obtained by the sensor and
the applied flow. Furthermore, the velocity time his-
tory of the gust was determined within a 10% error,
which would not have been possible without the use
of the energized-massmodel. Therefore, when optical
access is impossible, or nonideal sensors are required
for optical visibility, the coupling of inertial sensors
with a robust dynamic model allows for the extrac-
tion of large coherent flow features, as shownwith the
gust and vortex-wake test cases.

Furthermore, it was observed that the sensor was
capable of extracting low frequency content for the
cylinder wake test case, and the application of the
model-based correction increased the effective resol-
ution of the sensor considerably. The amplitude of
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the velocity oscillation via the correction was extrac-
ted within 25% of the measured value. Despite the
sensor’s large relativemass, which resulted in only low
oscillation frequencies, application of the robust low-
order dynamic model allowed access to higher fre-
quency content characteristic of the oscillating flow.
However, the mass of the sensor still greatly limited
the accuracy of the extracted velocity time-history
in the current study. Going forward, when a refined
velocity time-history of the flow is of interest, a reduc-
tion in the relative mass of the sensor would of course
allow for greater accuracy and resolution.

As we aim towards future applications within
a data assimilation framework, the sensor platform
may be optimized to provide an enhanced aerody-
namic response, using inspiration from the flight of
wind dispersed seeds such as the milkweed. Due to
limitations associated with low-order dynamic mod-
els, reducing the lag prior to model processing may
improve the capture of coherent structures in the
flow. Additionally, extension of the current airborne
sensor platform to waterborne applications could
be the subject of future studies involving significant
hardware development and testing. While the gen-
eral measurement and dynamic-correction approach
would remain the same, alternative data storage and
transmission techniques would be required since
radio waves do not propagate far underwater.

Moreover, additional development and testing is
required to tune the energized-mass framework for
seed-inspired geometries. In practice, the presented
system is intended for in-field deployment consisting
of swarms of numerous sensors, rather than a single
device such as the one used for in-lab testing. As such,
a flowmap comprising many tracks may be produced
for flow structure identification, as well as the extrac-
tion of transient flow information over large spatial
domains, i.e. in the order of 10m3 or more. To enable
such a vision, future studies that include field testing,
such as measurements of the atmospheric boundary
layer or the wakes of urban structures, will provide
insights for the practical application of the IMU-
based measurement technique.
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