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Interest in flying insect robots (FIR) can be attributed to the potential benefits of such plat-
forms. From search and rescue operations, farming automation, and military applications to space
exploration these robots have ample use cases. These robots draw inspiration from their natural
counterparts. The main goal of this thesis is to develop FIRs with improved agility, control, and ma-
neuverability. Key contributions include automated trimming, precise voltage-to-torque mapping,
novel drag-based longitudinal actuation, first principle model identification, model-based control,
and discrepancy modeling of system dynamics. These advancements aim to revolutionize micro-
aerial robotics and eventually enable applications in search and rescue, environmental exploration,
and disaster response.

FIRs are hand-assembled, leading to manufacturing inconsistencies. This results in two major is-
sues, (1) initial rapid rotation and tumbling instead of straight takeoff due to inherent manufacturing
torques, and (2) unknown mapping between input voltage and generated torque, causing inconsis-
tent control responses. Correcting for inherent torques, typically around 1uNm, is challenging due
to the lack of precise sensors. Current methods are error-prone and time-consuming. This research
introduces a torque measurement device using feedback from motion capture cameras, automating
the correction process without user intervention or damaging airborne flights. Validation on two
robots showed improved takeoff stability in open-loop flights.

Manufacturing inconsistencies also contributes to varied voltage-to-torque mapping between



different robots. This complicates building a generalized controller for tasks like hovering. Using
an updated torque measurement device, this research measured torque via static angular deflections.
The obtained mapping was validated and led to successful vertical takeoffs in open-loop flights.

This dissertation also addresses the problem of insufficient pitch torques generated with flapping-
wing robots. Flying robots, including quadrotors, tilt their thrust vector forward or backward to
achieve longitudinal motion. Flying insect robots relies on piezo-actuated flapping wings because
of unfavorable downward size scaling in motor-driven propellers. The pitch torque for these robots
is generated by moving the mid-stroke position of the wings, essentially by flapping the wings in the
front or back of the body. This tilts their thrust vector to achieve longitudinal motion. Piezoelectric
actuators, however have a limited bending capacity on the piezo layer limiting the maximum for-
ward and backward movement of flapping wings. This, in turn, limits the extent to which the robot
can flap its wing to the front or back of the body. This research proposes to use a paddling-type
motion of the wings in combination with pitch torque to achieve higher agility in the longitudinal
motion. In the paddling motion, the wings are flapped faster in the forward stroke than in the back-
ward stroke to generate net backward drag force or vice versa. For the first time, the longitudinal
movement from a stable hovering position is shown in free flight solely using paddling-type motion.

This dissertation also addresses modeling and optimal control of flapping-wing robots. Flying
insect robots require a fast, responsive control system for sophisticated maneuvers. Traditional PID-
type feedback control, with manually tuned gains, is insufficient. This research implemented the first
optimal control demonstration on an FIR using a first principle model, enabling computationally
efficient onboard control. Using an LQR, stable hovering and trajectory tracking were demonstrated
on a 150 mg FIR, achieving translational velocities up to 25 cm/s.

This research was further continued to enable high-speed maneuvers on these robots. As high
speed maneuvering is critical for efficient exploration but are often not possible on these robots due
to complicated unsteady flapping wing aerodynamics, manufacturing uncertainties, and rapid wear.
This research used discrepancy modeling via sparse identification of non linear dynamics (SINDy)
to learn stroke-averaged translational models from free-flight data. Besides drag coefficients, we

found that 20% of the discrepancy in the longitudinal direction is due to input pitch torque, and



30% of the discrepancy in the lateral direction is due to input roll torque. After compensating these
discrepancies a model was developed, leading to a 49% increase in hovering precision and a 21%
increase in trajectory tracking precision, with speeds up to 26.5 cm/s. This work can enable high-
speed, time-optimal maneuvers for insect-sized flapping-wing robots.

The research presented in this thesis has the potential to make flying insect robots (FIRs) more
practical for real-world use cases. Key advancements include enhanced maneuverability through a
new actuation capability and improved model identification enabling fast trajectory tracking poten-
tially leading to more efficient flights. Dynamic modeling and implementation of optimal control
opens avenues for optimization under actuator constraints in different environmental conditions.
Additionally, the development of a drag model and the establishment of a torque-to-translation
speed relationship facilitate high-speed, precise control, making these robots suitable for navigating

confined spaces in future.
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Chapter 1
INTRODUCTION

Research in insect-sized robotics has advanced significantly over the past decade, with contribu-
tions in fabrication, controls, power, and sensing. Starting with the first feedback-controlled flying
insect robot (FIR) demonstrated in [74], various designs of similar size and weight have emerged,
including Robobee Xwing [59], quad wing [48], Bee++ [7], robots powered by dielectric elastomer
actuators [18, 17] and UW Robofly [30]. All the experiments presented in this thesis are performed
on UW Robofly.

Fabrication of these robots has been improved by reducing part count [30], introducing pre-
stacked actuators [60] that reduce variability in actuator performance, and standardizing the manu-
facturing process [29]. On the controls front, state-of-the-art controllers for FIRs primarily utilize
adaptive PID flight control systems for hovering [24]. Maneuvering beyond hover, such as perch-
ing [52] and somersaulting [17], requires a sliding mode controller combined with iterative learning
of trajectory parameters. Recent research has introduced optimal control strategies like modular
Model Predictive Control (MPC) [32], which combines high-level MPC with a low-level controller
for torque management. Additionally, data-driven MPC approaches like Tube-MPC [107] show
promise for optimizing actuator constraints and trajectory tracking for complex maneuvers such as
ramps and infinity loops.

There has also been significant work on studying the dynamics of flapping-wing robots. In [91],
the effect of the relative position between the aerodynamic center and the center of gravity on in-
trinsic attitude stability of the FIR was studied, and [82] provided a better understanding of the
dynamics of a flapping-wing mechanism. In [27], a nonlinear aerodynamics model of the robot with
attached air dampers was identified. In [45], it was shown that a linearized time-invariant model is

sufficient to predict the robot’s behavior with reasonable accuracy over a large operating range.



1.1 Challenges Addressed in This Thesis

1.1.1 Manual Trimming

Trimming small flapping-wing robots like FIRs involves unique challenges:

» Fast Dynamics: As the size scale decreases, rotational acceleration rates increase, making the

dynamics of small vehicles, such as FIRs, particularly fast and unstable [67, 20].

* Variability in Performance: FIRs’ flapping mechanisms, due to their novelty, small size,
and complexity, show greater variability in performance than slightly larger quad-rotor heli-
copters, necessitating larger compensatory trims. Without trimming, the first open-loop flights

often result in rapid inversion and crashes. Our trimming device addresses both challenges.

1.1.2  Input Torque Mapping

Measuring torques generated by FIRs is difficult because the torques are too small for off-the-shelf
sensor hardware. The smallest commercially available multi-axis torque sensor, the ATT Nanol7
Titanium, has a resolution of 8 uNm, which is too high for accurate FIR torque measurements.
Capacitive torque sensors have been used in the past but require expensive, specialized hardware

and have not yet demonstrated two-axis measurement at a small scale [45].

1.1.3 Limited Actuation

Controlling FIRs is challenging due to their highly nonlinear dynamics, variability between robots,
rapid wear and tear, and a high torque-to-moment of inertia ratio (approximately 103 rad/sec?).
Natural fliers like moths and dragonflies use complex wing dynamics for precise maneuvers, but
replicating this in 150 mg robotic systems is difficult. FIRs are highly underactuated, using only
two piezoelectric actuators to control six degrees of freedom, and rely on passive wing hinges for

energy efficiency and robustness, limiting direct control over wing angle of attack.



1.1.4  Model Identification and Optimal Control

Current control approaches [24] for FIRs require significant ad-hoc tuning and are task-specific [17,
52], failing to consider actuator, state, and environmental constraints. Advanced maneuvers like
perching and flipping require parameter learning specific to each task. Model-based controllers have
either not shown enough evidence for maneuvers beyond hovering [32] or are too computationally

intensive [107] for sub-150 mg robots.

1.1.5 Achieving Time Optimal Flights

Power autonomy is crucial for making FIRs fully autonomous, but current research have resulted in
power autonomous flying times of less than one second [62, 59]. As research in power autonomy
progresses, designing precise controllers for high-speed maneuvers becomes essential. Increased
flying speeds make aerodynamic effects more significant, and flapping wings at the insect scale

exhibit highly nonlinear, unsteady aerodynamics, complicating time-optimal flight.

1.2 Contributions

While addressing the challenges mentioned above, the contrubutions in this thesis are listed as

* We developed a method to simultaneously map the input signal of the piezoelectric actuators
with the output thrust and torque of the robot. This would ultimately be used for writing more

accurate controllers.

* We bridge the gap between flapping wing robots and their biological counterparts by intro-

ducing an additional mode of actuation—Ilongitudinal force.

* We developed and validated a first-principle model by comparing it with high-speed trajectory
data collected from a sub-150 mg robot. Using that model we present LQR implementation

of controlled flight on an FIR.

» Using discrepancy modeling we identified translational forces from the high speed free flight
data. The translational forces represent aerodynamic model of the robot, affect of actuating

torques, tether stiffness, and affect of translational speed on net thrust.



Chapter 2
TRIMMING

2.1 Rapid, Automated Trimming of Insect-Sized Flying Robots

For this work, we define the torque trimming process as finding a trim torque, T;, that exactly can-
cels the non-zero bias torque T,. A bias torque T, can arise from a) manufacturing inconsistencies,
b) wear, and c) if there is damage to the FIR. The bias torque varies from robot to robot, as well
as with changes in the payload carried by the robot, like a camera [6], boost converters for on-
board power in [62], or an array of photovoltaic cells in [59], making trimming necessary for each
robot. This study introduces a newly developed apparatus designed for the precise, rapid, and auto-
matic trimming of flapping-wing robots. This purpose-built device employs closed-loop feedback
to achieve the trimming process efficiently. As the wings flap, the apparatus utilizes real-time Euler
angles data to continuously update the trim values, effectively countering bias torques. The primary
T{)’”C

" and the roll bias torque ‘L’l:(’”.

goal is to minimize two crucial quantities: the pitch bias torque
Through this precise trimming, the robot is capable of achieving near-vertical lift-off, placing the
flying system’s state within the stability basin of our closed-loop free-flight controller. The subse-
quent sections comprehensively describe the apparatus’s design, operation, and testing, highlighting

its effectiveness in achieving stable and controlled flight for the flapping-wing robot.

2.1.1 Trimming About an Elastic Rotation Axis

We begin by introducing the underlying physics of a flying robot attached to a trimming device of
our design, whose basic form is shown in Fig. 2.2(b). The principle of operation relies on the fact
that the device constrains the robot to rotate around a single axis while keeping all other degrees
of freedom fixed. The axis is subject to a spring-like restoring torque so that the robot remains
upright at equilibrium. In our device, there are two such axes—pitch and roll—so that both can be
trimmed simultaneously. When the wings are flapped, they in general, produce both a thrust and a

torque. Our device is designed so that applied torque, such as an undesirable bias torque 7, results



Figure 2.1: Robofly-expanded used in the experiments performed in this research (U.S. penny coin

shown for scale).

in rotation in proportion to its magnitude. Whereas its design insures that thrust has no effect on
rotation, regardless of magnitude. Trimming the robot then consists of determining the direction
and magnitude of compensating trim torque 7, that reduces rotation approximately to zero.

In our device, we use an integrating feedback control loop to find the compensatory trim torque

7;. The dynamical equation for how the system’s rotation angle evolves with time is:
JO=1,—k®—cOb+T 2.1)

Here J is the moment of inertia of the combined robot-trimming device system, 6 is the rotation
angle, 7, and 7; are the bias torque, and trim torque respectively, k; is a spring-like stiffness constant
(derived below), and c is a rotational damping coefficient due to aerodynamic drag forces on the

flapping wings and damping in the flexure joints. We can solve for the angle at steady-state, giving

0 (T +1). (2.2)

1
Tk
This shows that the only way to make the angle zero is to make 7, = 7;. This provides a means
to determine that the robot is trimmed, without the need to know the exact value of k. Practical
design considerations limit the range of k;, which we address below. If we can measure the angle 6

of the robot in the trimming device, for example by using a motion capture camera or an on-board

accelerometer, then we can use an integral controller to integrate this error in time to drive it to zero:

q:m/%%—mm, 2.3)
0
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Figure 2.2: (a) A 2D representation of forces and torques acting on the robot attached to a single-
axis version of the trimming device. The robot is constrained to rotate freely around a single axis;
assuming Or can be made small, the trim device rotates in response to a bias torque, which can be
corrected by adding a compensatory trim torque. (b) A 3D representation of the rotation axes of the

two-axis trimming device reported here, which allows trimming roll and pitch axes simultaneously.

where k; is the integral controller constant and 6, is the desired angle, which is zero in our case.

This concept can be used for finding both roll and pitch trim torques.

2.1.2  Mechanisms of Torque Actuation

For torque trimming, we are not concerned with the exact mechanism by which a bias torque 7,
arises, but we must have the means to compensate for it using a trim torque 7;. In both quad-rotor
and flapping-wing platforms, pitch and roll torques can be actuated approximately independently. In
a quad-rotor, if rotor speeds are changed, the resulting differential force between propellers causes
a torque (Fig. 2.3-b). Roll torques in the FIRs are produced through a similar means, by increasing

the thrust magnitude of one wing (77) relative to the other wing (73),

Troi1 = (T1 — T2)D.
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Figure 2.3: (a) Free-body diagram of a robot allowed to rotate around a single axis. A counterbal-
ance my, and torsional spring kr due to flexure stiffness cause a restoring moment to keep the robot’s
mass mg to rest at a near-vertical inclination at equilibrium. (b) A comparison of the mechanisms
by which quad-rotor aircraft and the Robofly actuate pitch and roll torques. The centers of the

aerodynamic thrust are denoted by a ® with a size proportional to thrust magnitude

A pitch torque is produced by altering the position of the stroke-averaged center of aerodynamic
thrust (Fig. 2.3-b),
Tpitch = (Tl + TZ)d

For a vehicle actuated by other means, such as four electrohydrodynamic thrusters [92], actuation is

very similar to quad-rotor devices.

2.1.3 Trimming Device Design

We chose as our performance specification a maximum bias torque error of 0.3 uNm. This is mo-
tivated by the estimated torque uncertainty induced by the thin wire tether that provides power and
control signals to the robot. While it is hard to provide a simple model of its effect due to its widely
variable conformation, one reasonable model for the tether is a torsional spring. Experiments per-

formed in [50] indicated that a 45° rotation causes a torque of approximately 0.3 tNm, which we set



as our

We then used our performance
target to design the size of the flexure
joints. Flexures were made of 12 um
polyimide film (‘“kapton’). The bend-
ing stiffness of the flexure joint, is
calculated by using k; = % [77].
Here, ¢ is the thickness of the flexure
material, L is the length of the flex-
ure joint (500 um), w is the width of
the joint (3 mm) and E is Young’s
modulus of 2.5 Gpa. At these val-
ues, the resulting flexure stiffness is
2.16 uNm/rad. The same value of
flexure stiffness is used for both roll
and pitch joints. With this stiffness,
a bias torque of 0.3 uNm produces
a rotation of approximately 8°. This
is easily measured by the motion cap-
ture arena, which can measure angles
to within approximately 1°, indicat-

ing that our device can provide the

maximum €rTor.
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Figure 2.4: (a) The roll link of the trimming device. The link
is folded around the castellated joint so the fly can be held
perpendicular to the roll flexure and parallel to the ground.
(b) The pitch link of the device. Its attached to the roll link
via protrusions on top. (c) The whole assembly of trimming
device, the fly is attached to the pitch link on the bottom. (d)
Trimming device attached with the support columns, align-

ment fixtures and balancing weight.

necessary accuracy. Note that we chose the counter-balance mass and position (Fig. 2.3a) so that

myply =~ mplg so that their equivalent stiffness counteracted the “negative stiffness” caused by the

robot’s COM being above the flexure rotation axis. To mitigate buckling, all flexures were loaded

in tension rather than compression. The remaining rigid structure was machined from inexpensive,

rigid 254 um fiberglass (FR4), which sandwiched the polyimide flexure material on both sides, fol-

lowing “smart composite microstructure” fabrication methods first introduced in [57]. A rigid part

connects the two perpendicular pitch and roll flexures, which are designed so that their rotation axes
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Figure 2.5: Results from trials on two different Robofly devices in the trimming device. Left axes
show the angles of the two rotation axes as measured by motion capture, which are driven to zero
by the integrating action of the feedback controller. Right axes show how the compensating bias

voltages evolve in time as the trimming device settles on the correct trim values.

are as close as possible to the robot’s COM (Fig. 2.4 (b)), up to 10 mm for the pitch axis. This can
cause an error torque if the true thrust vector direction deviates from vertical, violating assumption
1. Adaptive controllers, e.g. in [74, 48], typically estimate this to be about 2°. This results in an
error of approximately 0.3uNm, within the specification. The width of the roll link is minimized, at

just 15 mm, so that it does not affect airflow from the wings.

2.1.4 Trimming Controller

The motion capture system (four Primel3 cameras, OptiTrack, Inc., Salem, OR) sends the orien-

tation of the trimming device in quaternion form over Ethernet at 240 Hz. A computer running
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Figure 2.6: (a) Video-composite images taken from an un-trimmed open-loop takeoff of Robofly
(offset voltage V, and voltage differential A at 0 V). (b) Open-loop of the same robot using trim
values derived from the trimming device from the trimming procedure in Fig. 2.5(top). The robot
lifts off nearly vertically, producing clearly-discernible slack in the kevlar restraining filament at the

top. The vertical flight indicates that the vehicle has been properly trimmed.

Simulink Real-Time (Mathworks, Natick, MA) performs control computations and produces an
analog voltage waveform that is amplified using piezo amplifiers (Trek model 2205). The control
computer calculates Euler angles roll 6, and pitch 6, from the quaternion, with a convention match-
ing those of the flexures in the trimming device. The displacement of the wings varies linearly with

the voltage applied to the piezo actuators, with the voltage signal to the left and right wings being

Vi(t) = (A+SA)sin(r)+V,+V,/2

V(1) = (A—8A)sin(r)+V,+Vy/2,

respectively. Thrust varies approximately linearly with flapping amplitude [88]. Here, A is the
baseline voltage amplitude, w is the flapping frequency, and V}, is the piezo bias voltage. Roll torque
is varied by varying 8A, the amplitude difference between left and right wings. Pitch torque is varied
by varying V,, the mean voltage of the sinusoid. To avoid actuator breakage, the controller includes

saturation blocks to limit the range of these inputs [116].

2.1.5 Trimming Results

Voltage commands from the integral controller and output angles measured by motion capture for

two different Robofly devices are shown in Fig. 2.5. In both cases, trim voltages appear to asymp-
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totically reach steady-state values within approximately 10 s. The resulting trim values are a pitch
offset voltage V,=-8 V and amplitude differential 6A=3 V for the first and V,=-5 V, 6A=-17 V for
the second. These results show that the system can arrive at a calibration regardless of the polarity
of the bias torque.

To establish whether trimming was successful, we compared open-loop flights before and af-
ter trimming. In both cases, the wings were driven with a flapping frequency of 150 Hz and an
amplitude of 180 V. The device was constrained by a thin Kevlar thread to minimize crashes. For
un-trimmed flights, V, = V; = 0. Using the trim voltages obtained from the trimming device, the
robot can take off nearly vertically, indicating a properly-trimmed device (Fig. 2.6 (b)). Similarly,
the second Robofly exhibited an equivalent transition from tumbling to vertical flight after trim-

ming.
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Chapter 3
MAPPING

The text of this chapter is a draft of a journal paper, which is under review. In this work,
we reduce the complexity of controlling flapping-wing flying insect robots by introducing a high
resolution device that can map control voltages to robot thrust, roll torques, and pitch torques. This
is the first device capable of 3-axis simultaneous force-torque measurement for robots of this scale.
Our findings indicate that the relationships between the control voltages and the output torques are
linear and have minimal cross-axis coupling, and the upward thrust is not significantly impacted by
roll and pitch control. These findings validate current control approaches and can be used to better
model the dynamics of similar robots.

Weber, A., Dhingra, D. and Fuller, S. A flexured-gimbal 3-axis force-torque sensor reveals min-

imal cross-axis coupling in an insect-sized flapping-wing robot, RAL 2025 (Under review).
3.1 Abstract

The mechanical complexity of flapping wings, their unsteady aerodynamic flow, and challenge of
making measurements at the scale of a sub-gram flapping-wing flying insect robot (FIR) make
its behavior hard to predict. Knowing the precise mapping from voltage input to torque output,
however, can be used to improve their mechanical and flight controller design. To address this
challenge, we created a sensitive force-torque sensor based on a flexured gimbal that only requires
a standard motion capture system or accelerometer for readout. Our device precisely and accurately
measures pitch and roll torques simultaneously, as well as thrust, on a tethered flapping-wing FIR
in response to changing voltage input signals. With it, we were able to measure cross-axis coupling
of both torque and thrust input commands on a 180 mg FIR, the UW Robofly. We validated these
measurements using free-flight experiments. Our results showed that roll and pitch have maximum
cross-axis coupling errors of 8.58% and 17.24%, respectively, relative to the range of torque that is

possible. Similarly, varying the pitch and roll commands resulted in up to a 5.78% deviation from
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the commanded thrust, across the entire commanded torque range. Our system, the first to measure
two torque axes simultaneously, shows that torque commands have a negligible cross-axis coupling

on both torque and thrust.

3.2 Introduction

Flying insect-sized robots (FIRs) are sub-gram robots that use flapping wings inspired by insects.
Their small size and low weight gives them an advantage in terms of the ability to access places
that are otherwise inaccessible by bigger drones. For this reason, they have promising potential
in applications like search and rescue missions, running inspections in manufacturing plants, and
detecting gas leaks. Unlike birds and bats, bumblebees and other insects flap wings using a pair
of thorax muscles. Inspired by biology, FIRs use a pair of piezoelectric actuators connected to
the wings through a transmission system [88], [48], and [118]. In motors, friction forces and
heat dissipation in coils increasingly dominate as the size gets smaller. Piezoelectric actuators can
operate at high efficiency even at the centimeter scale.

Single-input single-output control at the actuator level is important to achieve high level preci-
sion control in flying robots. Mahony et. al. [76] developed a motor model that converts the input
PWM signal to the rotor speed for their quadrotor systems. Karasek et. al. [65] used an electronic
speed control with customized RPM sensing to achieve precise motor control on their 28g flapping-
wing robot. However, modeling the output based on the input voltage in piezo-based systems is
more challenging because: 1) piezoelectric actuators and the transmission systems used in the FIRs
are manufactured and assembled by hand, resulting in greater manufacturing variability and more
variable output thrust and output torque, and 2) FIR components are prone to high wear so even
with the same input to the actuator, the output of a flapping wing changes over time. The flapping
process puts high stress on the FIR and results in a short device lifespan [77], and can cause the
dynamics of the FIR to change during experimentation.

Control of these robots [23] [48] [74] has previously relied on the robustness of feedback control
systems to compensate for uncertainties in command-to-output mapping. As a practical matter, how-
ever, approaching control in this way leads to significant amounts of trial and error in experiments

to tune the gains of the controller specific to a robot. This not only reduces operator productivity,



14

but it can also severely reduce the lifespan of the robot [77].

The goal of this work is to develop a method to simultaneously map the input signal of the
piezoelectric actuators with the output thrust and torque of the robot. This would ultimately be used
for writing more accurate controllers for FIRs and aid in characterizing the performance of new
designs.

Measuring torques at the scale output by FIRs is challenging because the small torques involved
preclude using off-the-shelf sensor hardware. The smallest commercially available multi-axis torque
sensor, the ATI Nano17 Titanium, has a resolution of 8 yNm. This is an order of magnitude higher
than what is needed to accurately measure FIR torques. One alternative that has previously been
used to analyze the torque of FIRs is a capacitive torque sensor [45]. The downside of such sys-
tems is that they require expensive, specialized capacitive sensing hardware costing $1000 or more.
Furthermore, a two-axis version capable of measuring two torque axes at once has not yet been
demonstrated at small scale. Here, we propose an alternative approach that, like capacitive and
strain-gauge systems, allows the object to move by a small amount. In our system, however, the
spring-like restoring torque is fairly low, so that the angular deflections are large enough to be de-
tected by motion capture or inclinometer. By doing so, we are able to use hardware that is already
available in many robotics contexts: either a camera-based motion capture system, or potentially
an accelerometer. As a consequence, however, the bandwidth of our sensor is reduced, allowing it
to only measure torques on a stroke-averaged basis. While we believe the torque or force changes
nearly instantaneously in response to a voltage command, this has not been measured, and such
dynamic measurements would require a different kind of sensor.

To perform the desired measurements, we introduce a system that is conceptually similar to the
device introduced in [36], but that incorporates a number of improvements. These include flexure
axes that now intersect the approximate center of mass of the vehicle, the addition of a damper
to reduce unwanted oscillations, the addition of a precision scale to measure forces, and precise
calibration and validation to ensure that it can measure torque outputs produced by the FIR.

This work is the first to perform simultaneous two axis torque mapping of FIRs. Until now,
FIR controllers have assumed they have independent roll and pitch actuation, but this has never
been measured directly. Our results show this assumption largely holds and demonstrate that torque

actuation has a negligible impact on the upward thrust of the FIR.
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Figure 3.1: Principle of the torque measurement, showing the robot and the counterweight.

3.3 Principle of Operation

3.3.1 Torque measurement about flexure axis

In our experiments we use a device introduced in [36] that constrains the robot to rotate around
two axes- pitch and roll- while keeping all other degrees of freedom fixed. The axis is subject to a
spring-like restoring torque so that the robot remains upright at equilibrium. When the wings are
flapped, in general they produce both a thrust and a torque. The device is designed so that applied
torque can be measured by the angular deflection while ensuring that thrust has no effect on rotation,
regardless of magnitude.

Sensitivity of the device is the angular deflection per unit torque applied to the system. We want
the minimum measurable torque by the device to be 0.3 uNm. This is motivated by the estimated
torque uncertainty induced by the thin wire tether that provides power and control signals to the
robot. While it is hard to provide a simple model of its effect due to its widely variable conformation,
one reasonable model for the tether is a torsional spring. Experiments performed in [50] show that a
45° rotation causes a torque of approximately 0.3uNm. Figure 3.1 shows the principle behind such
a device. A robot of weight m, and moment of inertia / mounted on a torsional spring of flexure
stiffness Ky at a distance /, from the axis of rotation. A counterweight of mass n;, is mounted at a
distance of [, from the axis of rotation. New to this version of the device, a damping rod extends

down into a dish of glycerin with damping coefficient b to provide damping. Net torque about point
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Tner = Myl $in @ — mplrsin @ + k0 +bO +16 (3.1)

As the new version of the device makes the robot axis of rotation level with the device axis of
rotation, the mglgsin O term can safely be ignored. For our application, the measurements will be
taken when the robot is at a steady state, and as such the 8 and 6 terms will go to zero. Using the

small-angle approximation,
ks = mply + kf 3.2)

Where ks = 7 is the sensitivity of the device. Sensitivity can be increased by reducing the mass of
the counterweight m;,. However, making the sensitivity too high could result in deflections that enter

the non-linear zone of the elastic flexure joint.

3.3.2  Actuating Torques

The input to the FIR is a sinusoidal signal. The amplitude V,,,, of the sinusoidal signal is propor-
tional to the thrust magnitude of each wing. Roll torques in flapping-wing platforms are produced by
increasing the amplitude of one wing relative to the other wing, AV = V,,,,1 — Vampo. A pitch torque
is produced by altering the position of the stroke-averaged center of aerodynamic thrust [36]. This
is achieved by changing the mean of the sinusoidal signal by an offset voltage, V, rr. We assumed
the torques produced by the robot would be linear with respect to the inputs, which was validated
by our results.

While mounted on the device when a robot generates torque it will produce angular acceleration,
0, angular velocity, 6, and angular deflection, 6. However, in steady state conditions we can assume

0 and 6 terms to be zero.
3.4 Experimental Setup

3.4.1 Flexured-gimbal Device

We introduce a new design with a few improvements over the device introduced in [36]. Like its

earlier incarnation, our system has two independent axes of rotation.
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The first improvement is that our new system moves the axes of rotation of the roll and pitch
degree of freedom so that they both now intersect the approximate location of the center of mass
of the FIR (Figure 3.2.) In the earlier design, one of the flexure axes was well below the FIR. This
improvement means that now, thrust force force from the wings that is not perfectly vertical, which
could happen if the FIR is slightly tilted, no longer causes a torque disturbance in measurements.
We made this design change by enlarging the circular gimbal shape so that it encircled the flapping
wings with enough distance to avoid impeding flow.

Second, the new system adds a dish of glycerin below to attenuate undesirable resonant oscilla-
tions of the system.

And third, it is mounted on a precision balance so that forces can be measured simultaneously
with torques.

The joints of the system are made of a flexible layer of 12 um Kapton sandwiched between
two 254 um fiberglass (FR4) layers. Machining the larger gimbal shape required performing two
separate cuts with the galvo-steered laser, with a precise stage move in between. This was because
was too large to fit within the ~ 50 mm cutting area of the galvo. The two fiberglass layers were
then bonded with the Kapton layer using Pyralux adhesive sheets.

To fabricate the device, we aligned all the layers using tight-fit pins and pressed it under 50 kgf
force and 200°C temperature to adhere them. The base joints were then mounted on a platform
that positions the robot at a height of 65 mm to minimize the ground effect. Once the device is
assembled, a stage is attached and set slightly below the flexure joints, so that when the FIR is
mounted its roll and pitch axes of rotation will be level with the flexures of the device. Additionally,
a thin rod is attached extending below the stage, which sits in a petri dish filled with glycerin for

damping. The device can be seen in Figure 3.3.

3.4.2 UW Robofly

For the experiments we are using the FIR introduced in [29]. The robot weighs 180 mg (including

motion capture markers) and flaps its wings at 180 beats per second.
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Figure 3.2: Diagram of the principle of operation of the flexure-based force/torque sensor. The
flexures are positioned such that the roll and pitch axes of the device intersect, and intersect with
the approximate center of mass of the FIR. The addition of a damping rod, below, whose end is

immersed in glycerin, provides damping to eliminate oscillations.

3.4.3 Performing measurements

A crucial step before data collection is aligning the center of rotation of the robot with the axis
of rotation of the flexures on the gimbal. As done in [36], this calibration procedure involved
moving the robot laterally/longitudinally on the device until its pitch and roll angles are equal to
what they were before the robot was added. Once the FIR has been mounted on the device, the
whole gimballed system was placed on the scale so that thrust values may also be measured. The
base of the device has been redesigned from the previous iteration to allow the base to sit on the
scale while the FIR hangs out the side off of the measurement platform, to avoid measurement
errors. During the testing period, a variety of control signals are sent to the FIR, with different
values of V,rs and AV, and the angle values are measured with the motion capture system and
the angle data is taken from the steady state portion of each flight. This data can then be used to
determine the torque-voltage mapping.

Two FIRs, the “mapping fly” and the “validation fly,” were used for experimental data collection.

The mapping fly received various control signals for mapping analysis, but the stress from this
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Figure 3.3: Image of the flexured-gimbal device with a FIR attached. Not shown in the figure is
the glycerin petri dish below. Readout is accomplished in this case using a camera-based motion

capture system.

process made it unusable for further testing. Consequently, the validation fly was used for a shorter
mapping process. ~“Ground truth” measurements were obtained on the validation fly by applying
static free-flight torques with small offset weights on rods extending from the robot’s center and
then trimming it in free flight. Using two separate robots with different actuator dynamics, trims,
and manufacturing uncertainties demonstrates the generality of our results and shows uniformity

and accuracy of our proposed method.

3.5 Results

3.5.1 Flexured-gimbal Device Calibration

To calculate the sensitivity of the flexure joints, we applied known torques about the axis of rotation
and noted the resulting static angular deflections in the flexure joints. The torques are applied in
both clockwise and counterclockwise directions by hanging known masses at some known distances
from the axis of rotation. Figure 3.4 shows the data points of static angular deflections from applied
torques about the roll and pitch axis. The slope of these lines is the sensitivity of the flexure joints.
For our device, the sensitivity was found to be 1.518 yNm/rad in roll and 1.882 uNm/rad in pitch,

using a least-squares fit.
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Figure 3.4: Flexured-gimbal device sensitivity measurements in the roll and pitch axes, with calcu-

lated trend lines.

3.5.2 Trimming Results

To establish a starting point for the range of torque mapping measurements, the FIRs were trimmed
in free flight before being attached to the device to find the values of AV and V, ;s (as described
in section II) that allow for a straight takeoff while canceling out undesired bias roll and pitch
torques from manufacturing errors. The initial mapping fly successfully took off with the trimming
values of 34 V roll trim (AV) and —3 V pitch trim (V,sr). The validation fly successfully took off
with the trimming values of —20 V roll trim and 7.5 V pitch trim. For the validation fly offset
torques, a 31.8 mg mass was added on a rod 4 mm from the center along the roll axis, resulting in a
1.248 uNm roll torque, and the adjusted roll trim required for takeoff was —17 V. Similarly, a 25 mg
mass was added on a rod 4mm from the center along the pitch axis, resulting in a —0.981 uNm pitch
torque, and the adjusted pitch trim required for takeoff was 5 V. After the mapping measurements
the validation fly was trimmed one final time, and took of with values of —23 V roll trim and 5 V

pitch trim.

3.5.3 Torque Mapping

After trimming in free flight, the FIR was mounted on the device and angle measurements were

taken at varying roll and pitch voltages. The pitch voltages used were 0 V, 5 V, £10 V, and 15 V,
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Figure 3.5: (a). Mapping of the pitch voltage offsets in the control signal to the resulting pitch
torque measured by the device, with a color map to show the strength of the roll voltages at each
data point. (b). Mapping of the roll and pitch voltage offsets in the control signal to the resulting
pitch torque measured by the device. Error from the mapping trendline is shown via the colormap
at the measurement points. Pitch torque is not significantly impacted by changes in roll control

voltage.

and the roll voltages used were 0 V, £15 V, £30 V, and £50 V. All combinations of the listed roll and
pitch voltages were tested, with the exception of £15 V pitch and +50 V roll, as these high roll and
pitch values were hitting the actuator limits. These limits are set by the bias voltage of 250 V and
the analog sinusoidal signal floats between 0 and 250. When the pitch and roll goes higher than +15
and £50 respectively, the flapping signal hits the limits of 0 and 250 V. Using the flexured-gimbal
device and motion capture setup, the control signal was sent to the FIR on the device and its roll
and pitch angles were measured. The control signal was sent for 3 seconds, and the measurements
from the last 0.5 seconds were taken and averaged for use in the torque mapping, to allow the FIR

to reach a steady angle on the device.
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Figure 3.6: (a). Mapping of the roll voltage offsets in the control signal to the resulting roll torque
measured by the device, with a color map to show the strength of the pitch voltages at each data
point. (b). Mapping of the roll and pitch voltage offsets in the control signal to the resulting roll
torque measured by the device. Error from the mapping trendline is shown via the colormap at the

measurement points. Roll torque is not significantly impacted by changes in pitch control voltage.

Pitch measurements

Shown in Figure 3.5a is the mapping of the pitch control voltages to the resulting pitch torques
calculated using the measured angles and the angle-to-torque mapping found in the flexured-gimbal
device calibration section. Multiple measured values are shown at the different values of pitch
voltages due to the same pitch voltage being used with multiple different roll voltages. The mapping

can be fit to a linear trendline, which fits the measured data with a 0.95 coefficient of determination.

Roll measurements

Shown in Figure 3.6a is the mapping of the roll control voltages to the resulting roll torques, calcu-
lated in the same manner as the pitch mapping. As with pitch, multiple measured values at the same
roll voltage are where the same roll voltage was used with different pitch voltages. As with the pitch

mapping, the roll mapping can be fit to a linear trendline, which fits the measured data with a 0.98
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Figure 3.7: (a). Mapping of the roll and pitch voltage offsets in the control signal to the resulting
FIR thrust, with a colormap indicating deviation from the mean thrust value. (b). Mapping of roll
voltage to resulting FIR thrust with a colormap indicating the corresponding pitch voltages, showing
that the thrust is not significantly impacted by the roll voltage but that there is a slight trend of lower

thrust values corresponding to higher pitch voltages.

coefficient of determination.

Pitch and Roll Torque Coupling

In addition to mapping the roll and pitch control voltages to the resulting roll and pitch torques,
we also wanted to measure if roll voltage had a significant effect on the pitch torque, and if pitch
voltage had a significant effect on the roll torque. The results are shown in Figures 3.5b and 3.6b,
with error from the trendline indicated by the color mapping. Larger error values are mostly on the
edges of the plots where the control voltages are higher,likely due to these control voltages being at
the upper limit of the signal range and not representative of typical flight conditions. The cross-axis
coupling error was calculated as the offset between the measured torque and the expected torque
from the trendline, relative to the total torque range actuated by the FIR. At the points with the most
extreme control voltage in the opposite axis, the maximum error in the torque mapping is 2.12 uNm

in the roll axis, which gives a percentage error of 8.58% relative to the total roll torque actuated, and
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.84 uNm in the pitch axis, which gives a percentage error 17.24% error relative to the total pitch

torque actuated.

Relation between thrust and control voltages

The flexured-gimbal device was mounted on a scale to measure the thrust of the FIR during the
trials. As seen in Figure 3.7, there is some variation in the thrust with the varying control voltages,
but the maximum deviation from the mean thrust is small (5.78%) and there is only a weak trend
connecting roll and pitch voltages to thrust (a slope of —0.257 mg/V in pitch and —0.078 mg/V in
roll).

3.5.4 Validation

Only five measurements were taken in the mapping stage with the validation fly, to produce a large
enough range to develop a mapping trendline fit while preserving the lifespan of the FIR and re-
ducing wear. Following the mapping measurements the FIR was removed from the device, then
trimmed in free flight again. Notably, the trim values changed slightly due to wear even with the
shorter mapping process, resulting in two different control voltage data points for zero torque in
free flight (shown in Figures 3.8 and 3.9). Finally, the FIR was fitted with weights providing torque
offsets in pitch and roll and trimmed in free flight, so that the control voltages needed to provide the
torque counteracting the offsets could be calculated. Figures 3.8 and 3.9 show the measured data, as
well as trend lines for the free flight experiment mapping and the device mapping. The measurement
error of the device relative to the “ground truth” free-flight experiments was 9% for roll and 25%
for pitch. The larger percentage error in pitch is due to the smaller size of torque being measured
relative to the disturbance. The largest error in Figure 3.9, occurring at O V pitch, is about equal to

the torque disturbance of the wire tether measured in [50] of 0.3 uNm.

3.6 Conclusion and Future Work

This paper reports a device design and measurement process that can be used to map control voltages
to the resulting roll and pitch torques produced in a very small flapping-wing robot, even below a

gram. This system is an improvement over an earlier system [36] that was only capable of finding
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Figure 3.8: Control voltage to output torque mapping results from the device for the roll torque of
the validation fly, along with the roll torque values mapped using free flight experiments with offset

torques.

compensatory trim values rather than measuring torques directly. Like that system, the system here
is constructed entirely using parts that are likely available in a lab or factory creating FIRs. Its gimbal
and flexures are machined using the same laser system used to construct the robot itself. Readout is
performed using a motion capture system that is standard equipment in many robotics settings. As
a consequence of these choices, however, the device is limited to low-frequency measurements with
bandwidth of approximately 0.3 Hz.

We found that the roll and pitch of the flying insect robot (FIR) we tested, the 180 mg UW
Robofly, are decoupled and therefore can be actuated independently. This finding is consistent with
the assumption that has been used to date in the design of the flight controllers of two-winged
FIRs, which is that cross-axis coupling of torque commands is negligible. We anticipate this new
information can be used to better model the dynamics of flapping-wing robots and control their
movements more effectively, especially when undergoing aggressive (high-torque) maneuvers. The
device is simple to construct and can be easily adapted for use with other types of flapping-wing
robots.

Further improvements can potentially be made to the device to increase the ease of use by using

an accelerometer as an inclinometer to measure the angles instead of requiring a motion capture
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of the validation fly, along with the pitch torque values mapped using free flight experiments with

offset torques.

system. This would simplify its use. It is expected most if not all fully-autonomous FIRs will have
an accelerometer as an integral part of their inertial navigation system. Preliminary work, however,
indicates that vibrations due to the flapping wings produce too much noise to recover the angle.
These vibrations could potentially be attenuated by placing the accelerometer on the damping rod,

down near the glycerin.
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Chapter 4

ACTUATING PURELY LONGITUDINAL FORCES IN A FLAPPING WING
AERIAL ROBOT

The text of this chapter is a draft of a journal paper, which is under review. In this work, we
introduce a capacity to generate purely longitudinal forces eliminating the need for inclining the
robot before longitudinal movement, and significantly enhancing its agility. It allows the robot to
navigate without altering the orientation of its sensors or landing gear, a fundamental advantage in
terms of efficiency and control. Moreover, our research lends support to the hypothesis that certain
flying insects also employ purely longitudinal forces in their flight dynamics. This builds upon
previous findings that had measured such forces in tethered insects like fruit flies and dragonflies.

Dhingra, D., Fuller, S. Actuating Purely Longitudinal Forces in a Flapping Wing Aerial Robot,

Science Robotics 2024 (Under review).

4.1 Abstract

There remains untapped potential to increase the maneuverability of flapping-wing aircraft by actu-
ating their wings at a rate higher than the flapping frequency. We report a new capability for such
flying robots that exploits this potential: actuating a force in a purely longitudinal direction. To do
so, we change the speed of the upstroke relative to the downstroke. We present what we believe are
the first purely longitudinal motions in free flight by a flapping-wing robot. Our experiments were
conducted on the UW Robofly, an insect-sized aerial vehicle driven by piezoelectric actuators. We
show that the quasi-steady aerodynamics model largely predicts the observed forces when simulated
with wing motions captured by high-speed video. Our measurements show that the UW Robofly can
actuate a longitudinal thrust of up to 0.2 mN while producing a vertical thrust of 1.8 mN. We fur-
thermore introduce a method to estimate and compensate for undesirable pitch and roll torques that
arise as a result of changes in wing motions required to actuate longitudinal thrust. Addressing these

torques, we devise a method for measurement and correction via feedforward values. The ability to
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actuate purely longitudinal forces avoids the need to incline the robot first, which improves agility
and allows the robot to move without changing the orientation of its sensors or landing gear. Our
work also supports the hypothesis that some flying insects also actuate purely longitudinal forces,

building on previous results that measured such forces on tethered animals.

Introduction

Research in insect-scale flying robotics is growing due to the several potential use cases for these
robots. Since these robots are low-cost and require low power for operation, one untethered, they
can be used for applications like farmland monitoring, space exploration, and artificial pollination.
Recent advances in tiny sensors and microcontrollers have propelled the research in these robots and
brought them one step closer to achieving power [62] and sensor [47, 108] autonomy. Since the first
flight of a piezo-actuated flapping wing robot [75] there have been multiple controller designs rang-
ing from helicopter-like attitude and position controller using PID [74], adaptive controller [24],
iterative learning [26] and more recently fast MPC controller [107] for trajectory tracking. Yaw
control has recently been shown as a method to precisely control heading [28]. However, the ex-
isting research has predominantly focused on utilizing roll, pitch, and yaw actuation to control the
six degrees of freedom (6-DOF) of flying insect-sized robots. In contrast, their biological coun-
terparts—insects in nature—display a broader range of motion. In this study, our goal is to bridge
the gap between flapping wing robots and their biological inspirations by introducing an additional
mode of actuation—Ilongitudinal force. Tethered experiments with biological flying insects have
shown the ability to generate longitudinal force for precise motions. Reference [55] demonstrated
that moths can increase the mean elevation angle of the wing, thereby altering the overall stroke
plane. By manipulating this aspect, moths effectively accelerate themselves forward without induc-
ing pitching motions. Fruit flies also use a propulsion strategy [95] by employing a paddling-type
motion to generate force based on drag, propelling themselves forward. Furthermore, it is observed
that dragonflies [9] use a steeper angle of attack and more wing velocity in the upstroke to move
longitudinally backward.

These natural fliers, including moths, fruit flies, and dragonflies, possess intricate wing dynamics

actuated by direct and indirect muscles. These mechanisms grant them the ability to execute precise
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Figure 4.1: Diagram of the main idea behind drag-based longitudnal force generation and the
results in free flight. (A) Robofly with its body translational and rotational axes. (B) Conventional-
ity robot is tilted by an angle 8 and the component of thrust (7 sin 8) is used to move longitudinally.
We show that flapping wing robots can generate longitudinal force (f) to move longitudinally with-
out any tilt. (C) Photo composite of a purely longitudinal motion performed by the Robofly using

purely stroke-averaged drag forces. The time interval between each frame is approximately 0.1 s.

longitudinal maneuvers and agile flight in response to various environmental conditions. Translating
these advanced control mechanisms into robotic flapping wing systems that weigh 180 mg presents
formidable challenges: 1) Flying insect robots are highly underactuated as they use only two piezo-
electric actuators to control the 6 DOF of the robot. 2) These robots utilize passive wing hinges, a
design that offers superior energy efficiency and robustness with fewer points of failure. However,
this design also comes with a drawback—it lacks direct control over the angle of attack for the wing.
While a design introduced in [111] offers direct control over the angle of attack, it is burdened by
complexity and weight, making it less practical for real-world implementations. In 2015, a theoret-
ical approach [81] to generate longitudinal force solely through wing stroke angles was presented.
The idea involved employing a split-cycle signal to effectively alter the wing’s speed between the
upstroke and the downstroke. By doing so, they could generate a net stroke-averaged drag force on
a flapping wing vehicle. While this concept holds promise, its practical implementation on physical
robots is yet to be demonstrated.

Traditionally, in helicopter control, longitudinal translation of flying robots involves rotating the
robot’s thrust vector by applying the necessary pitch torque (as depicted in fig. 4.1-b). This rotation

leads to the generation of a longitudinal force through the horizontal component of the tilted thrust



30

S 200 t S 200
@ o)
o] T
2 2
E- E- 100

100 1 r
< <
5 5
a o
£ £

0 : 0 : '
0 0.006 0.01 0 0.006 0.01
Time (s) Time (s)

Figure 4.2: Sinusoidal signal to produce asymmetric wing stroke. The desired wing stroke kine-
matics can be obtained by combining the first harmonic (in blue) and the second harmonic (in red).
When u is set to —0.4 (on the left), it results in a faster upstroke compared to the downstroke, while

the opposite is true for pt = 0.4 (on the right).

vector. Direct longitudinal actuation is also possible on coaxial helicopters [87] and eight-rotor
configuration aerial vehicles [13]. The primary focus of this study is to establish, for the first time,
that flapping-wing robots can achieve longitudinal movement during free flight without tilting their
thrust vector (fig. 4.1-C), mirroring the behavior of their biological counterparts. This capability
holds the potential to mitigate wind disturbances, execute aggressive maneuvers, and enable the
robot to move without rotation, thus maintaining a specific orientation for sensors or actuators.

The robot uses a sinusoidal signal to generate the flapping motion, as shown in fig. 4.2. This
flapping motion generates a lift and a drag force. At the scale of robofly, (Re ~ 3000) [112], air
drag is dominated by inertial forces. This suggests that a flapping cycle’s instantaneous drag force

Fy varies quadratically with the relative air speed v.

F,= %pCD((x)sz 4.1

Here, drag coefficient Cp is a function of the angle of attack «, p is the density of the air, and A is
the wing area. If the robot flaps its wings at the same speed in the upstroke and the downstroke, the
drag force in each stroke would be equal and opposite, and the stroke averaged drag force would be
zero. If the wings are flapped faster in the upstroke than the downstroke, relative airspeed, v, would
be higher in the upstroke, resulting in a net drag force pushing the robot backward or vice versa. We

call this longitudinal force and will use it to move the robot longitudinally. To generate this motion,
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Figure 4.3: Wing kinematic data was collected with a high-speed camera for calculating aero-
dynamic forces via quasi-steady simulation. (A) A frame from a slow-motion video used to
measure the wing angle and the angle of attack () of the Robofly. (B) Passive wing hinge used
in Robofly, along with the convention for the angle of attack used in the quasi-steady model. (C)
Shows the wing angle (¢) and the wing hinge angle (y) data for both the left and right wings. The
data clearly illustrates that the required lag in the downstroke is achieved in the wing motion when

u is set to —0.4, while the opposite effect is observed for p = 0.4.
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Figure 4.4: Longitudinal force measurements on Robofly in simulation and experiments. (A)
Experimental setup for the measurement of longitudinal force generated corresponding to the u
value. (B) Longitudinal force produced by Robofly as it corresponds to the applied u value, both in
simulation and on the experimental setup. It’s worth noting that in this context, a positive longitudi-

nal force is directed toward the positive X direction.

the wings are flapped using an asymmetric signal to get different speeds of the wing between the
upstroke and the downstroke. In a symmetric sinusoidal signal, the first half of the signal takes the
same time as the second half of the signal; however, in an asymmetric sinusoidal signal, the first
half may lead and take less time to complete resulting in the second half of the signal to lag and
take more time to complete or vice-versa. The technique relies on the piezo actuator’s ability for
high-bandwidth actuation by flapping the wing in one direction faster than the other direction. As
done in [29], this can be achieved by adding a second harmonic, scaled by u, to the signal. The
equation generates the resulting signal, V(1) = Asin(wt) + pAsin(2wt). Here A is the amplitude
of the sinusoidal signal, and @ is the flapping frequency. u = 0 generates a symmetric signal. By
increasing U, the first half of the signal lags and the second half of the signal leads, producing the
required lag in the upstroke (fig. 4.2-middle). Similarly, decreasing u produces the required lead in

the upstroke (fig. 4.2-left).

4.2 Results

We employ the quasi-steady model of the robot, utilizing flapping wing data, to theoretically explore
the longitudinal actuation mechanism through stroke-averaged drag force. These theoretical insights
are substantiated through lab bench experiments aimed at quantifying the generated net stroke-

averaged drag force. Additionally, we investigate the coupled torques arising in conjunction with
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longitudinal actuation, employing a torque measurement device. Ultimately, we validate the robot’s
longitudinal actuation in free-flight experiments, incorporating feedforward terms to counterbalance

the coupled torques.

4.2.1 Quasisteady simulation

Split-cycle actuation entails the division of the constant-period wing stroke into distinct fast and slow
strokes. Flapping dynamic theory posits that during the rapid upstroke (u = —0.4), a greater drag
force is generated compared to the slow downstroke, resulting in a net backward thrust. Similarly, a
larger drag force is anticipated during the swift downstroke (i = 0.4) compared to the slow upstroke,
yielding net forward thrust.

We employ a quasi-steady blade element model of the Robofly to empirically validate this theory
on our robot. This model simulates the net aerodynamic forces exerted on the wing in a flapping
cycle. Given that the robot uses a passive wing hinge for wing pitch rotation (as illustrated in fig.
4.3-B), the prediction of the angle of attack can become intricate. To circumvent this complexity, we
collected flapping angle and angle of attack data for three distinct scenarios: 4 = —0.4, u =0, and
u = 0.4. The data acquisition process used a high-speed camera (Phantom v7.3, Vision Research,
Inc.) to capture wing motion at 5000 frames per second. This data was subsequently tracked using
video analysis software (Tracker). The resulting graph in fig. 4.3-C visually presents the flapping
angle (¢) and wing hinge angle (y) for the three cases.

We use a wing aerodynamics model based on a dynamically scaled physical model of a Drosophila
wing [98, 99]. As shown in[115] this model constitutes a good approximation of aerodynamic forces
on flapping wing robots of the scale of Robofly. More details on the model are presented in the
methods section.

The graph in fig. 4.4-B depicts the net drag force acting on both wings throughout a flapping
cycle for the three cases of u. The graph is normalized to the force at u = 0 as our focus lies
solely on longitudinal force variation. At u = 0, longitudinal force is compensated during takeoff
via pitch trim. The graph shows that as u is decreased to —0.4, there is more stroke averaged
negative drag force and vice versa. This confirms the flapping dynamics theory of net drag force

due to asymmetric stroke. According to the simulation, we can generate a drag force of 0.1 mN.
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Moreover, the simulation indicates that manufacturing asymmetries between the two wings could
result in differential drag forces—one wing experiencing greater drag than the other, culminating in
a yaw torque coupled with longitudinal force. We posit that significant differences between the two
wings are required for any substantial yaw torque generation due to the high damping around yaw
rotation in flapping insects [19]. However, alongside drag force, manufacturing asymmetries also
give rise to differences in lift forces between the wings. These differences, in turn, could induce roll

and pitch torques. A detailed exploration of this phenomenon is further elaborated in section 4.2.3.

4.2.2 Longitudinal force measurements

To support the theoretical results obtained in the last section, we performed an empirical study on
the same robot to measure the longitudinal thrust generated using a high-precision scale (fig. 4.4-A).
The scale averages out the measured force at the frequency which is equivalent to measuring stroke-
averaged force. The robot is securely held by a ceramic tweezer, which rests on the scale along
with the balancing mass. To avoid any potential ground effects and ensure that no objects interfere
with the robot’s movement, we positioned the robot away from the base of the scale, holding it to
the side. Before conducting the experiments, we did a thorough assessment to confirm that loading
the scale from the side had no impact on the accuracy of our measurements. The measured mass
remained consistent within the precision limits of the scale, whether positioned at the center of the
platten or offset at the tip of the tweezer.

The results obtained from fig. 4.4-B indicate that in relation to changes in the y value, ranging
between —0.4 to 0.4, the longitudinal force changed from —0.2 mN to 0.12 mN. These findings were
observed during the flapping of the robot’s wings at a frequency of 180 Hz and an amplitude of 187
V. To provide context to this longitudinal force, it is noteworthy that this robot can generate a thrust
of 1.8 mN under this frequency and amplitude conditions. These results almost match the theoretical

prediction. We think the difference could be due to the assumptions used in the quasi-steady model.
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mechanism in flapping-wing robots alongside the corresponding input signal. (B) Compensation
process using our torque measurement device fig. 4.8. The black line represents a least square fit that
was used to compensate for torques arising due to non-zero U values. Hollow triangles on the graph
denote the measured coupled torques when no commanded torques were applied. Meanwhile, the
filled triangles on the graph illustrate that the feedforward compensation has successfully eliminated

the effect of torque coupling.

4.2.3 Torque Coupling and Compensation

Aerodynamic simulation using the flapping data suggests that asymmetries due to manufacturing
uncertainties induce coupled roll torques when longitudinal force is actuated. Specifically, the two
halves of the robofly exhibit different responses to the applied second harmonic signal, leading one
half to generate more vertical thrust than the other, consequently causing a roll torque. Piezoelectric
actuators are sensitive to slight changes in the input signal that alter the flapping characteristics of a
wing. As we can see in 4.3, introducing mu changes the amplitude and flapping range of the wings
and therefore shifts the aerodynamics center. This can also lead to the stroke-averaged aerodynamic
center shifting to the front or back of the robot, giving rise to pitch torques. While it is hard to model
asymmetries due to manufacturing uncertainties and changes due to the piezoelectric actuators as
they are different for every robot, we can use the device introduced in [36] to measure these coupled
torques.

Initially, we employed a torque measurement device to establish the correlation between the in-

put voltage and the resultant torque produced by the robot. Subsequently, we measured the torques
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generated during longitudinal actuation. Detailed information about the device is in this study’s
Methods and Materials section. As illustrated in fig. 4.5-A, Robofly has the capability to indepen-
dently generate both roll and pitch torques. Roll torque is generated by flapping one wing at a
higher amplitude than the other, and this difference in amplitudes (6A) is linearly related to the roll
torque produced by the robot, as previously documented [75]. Similarly, pitch torque is generated
by adjusting the wing flapping in front or behind the robot’s body. This adjustment is achieved by
introducing a voltage offset (Vo) to the sinusoidal signal applied to the wings. The signal applied to

the two wings of the robot can be expressed as follows:

B 0A . Vo Viias
. O0A\ . Vo Viias
Vr([) = <A — 2> Sll’l(a)l) — 7 + T “4.3)

Here V;(t) and V,(¢) are the signals used to drive the left and the right wing of the robot, respectively.
o = 27 F, where F is the flapping frequency of the wings. Vj,,, is the bias voltage rail applied to the
top of the actuator. Next, we define the linear relation for the torque in roll and pitch in response to

the applied input:

OA =m T+ 4.4)

Vo = MQTpitch +c2 (4-5)

Using the torque measurement device, we found the value of the parameters m; = 1.96 V/uNm , m,
=125 V/uNm, c; =—-6.7V,andc; =4 V.

In Figure 4.5-B, we have plotted the linear relationship represented by equations 4 and 4.5. It
demonstrates that a 20 V change in 0A leads to an 11 uNm roll torque, while a 20 V change in Vo
results in a 1.6 uNm pitch torque.

Next, we conducted specific torque measurements related to longitudinal actuation, as indicated
by the hollow triangular shaped markers in Figure 4.5-B. When u = 0.4, it generated a coupled roll
torque of —1.9 uNm and a pitch torque of —0.43 uNm. Conversely, it = —0.35 produced a coupled
roll torque of 1.15 uNm and a pitch torque of —0.15 uNm.

To compensate for these coupled torques using a feedforward command, we substitute the neg-
ative values of these torques in equations 4 and 4.5. This process allowed us to determine the feed-

forward inputs Voysy and 6Asr. With . = —0.35, we require a feedforward adjustment of 0A s, =
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Figure 4.6: The control architecture utilized to induce longitudinal force on the Robofly. It
comprises a cascaded closed-loop control system consisting of an outer tilt-based position controller
and an inner attitude controller loop. x4, y4, and z; define the position set point. The switch, denoted
as SW, enables the transition between the position controller and longitudinal actuation. Open-loop
longitudinal actuation is executed in combination with the feedforward torques that are directly
applied to the signal generator. Here 0A;, and Vo,, are the trim inputs and 0A s and Vo are the

feedforward inputs.

—9 Vand Voyr =7V to offset the coupled torques during free flight, and for p = 0.4 it necessitates
a change of 6Ass of —3 V and Voyy of 9 V to compensate for the coupled torques. As seen by
the filled triangular shaped markers in Figure 4.5-B, the torque measurements after applying these
feedforward commands in conjunction with longitudinal actuation are close to zero. This validates
our procedure for the compensation of coupled torques through the torque measurement device.

In future, these torques can be compensated during free flight using a fast attitude feedback loop
with an onboard gyroscope. A gyroscope can estimate attitude much faster than motion capture

cameras.

4.2.4 Longitudinal actuation during hover

To see the longitudinal actuation during a stable hover, we implemented the cascaded attitude and
altitude controller with a tilt-based outer loop for position control as described in [74]. As shown
in fig. 4.6 we have a longitudinal actuation block along with the hovering controller. Once a stable

hover is achieved, we turn off the tilt-based position controller and turn on the drag-based open-
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Figure 4.7: Longitudinal actuation during hover. (A) Trajectory of the robot with inclination
during longitudinal actuation in X-Z plane. The pink markers mark the front of the robot. (top) The
robot moves backward with negative u, and (bottom) moves forward with positive tt input. The
time interval between each marker is 20 ms (B) X velocity of the robot in the body coordinates. The
robot moves longitudinally in X as the y actuation is turned on. The pitch deflection (bottom) is in

the opposite direction and does not contribute to the longitudinal motion.

loop longitudinal actuation along with the feedforward inputs. This is done using a switch SW. It’s
important to note that the attitude controller remains active, maintaining the robot’s orientation in
the vertical position. Feedforward input A s and Vosy are summed with the trim settings 6A;, and
Vo, and the output from the actuator model to feed to the signal generator. For our experiments, we
turn the longitudinal actuation switch on for 0.2 s and wait another 0.1 s before we turn the tilt-based
position controller on.

Fig. 4.7-A depicts trajectories of longitudinal actuation, both forward and backward, with incli-
nation about the pitch axis. Each stick of the trajectory is plotted at the interval of 20 ms. When p
is set to —0.35, the robot moves backward, as indicated by the direction of motion. Conversely, the

robot moves forward when p is set to 0.4. The graph in fig. 4.7-B illustrates the body horizontal
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velocity (x velocity) for these two trajectories. The robot successfully achieves a negative velocity
with a negative 1 command and a positive velocity with a positive (t command.

Notably, the pitch angle undergoes changes in the opposite direction of what it would experi-
ence if the longitudinal movement were due to pitch rotation. We believe this alteration in pitch is

attributed to the aerodynamic center of the robot being situated below its center of mass.
4.3 Discussion

To fully realize the potential of insect-sized flapping wing robots, we must enhance their maneu-
verability to closely match their biological counterparts. At present, these robots are restricted to
control in roll, pitch, and yaw; however, our research has successfully introduced a novel mode of
actuation. This is possible due to the high bandwidth of piezoelectric actuators. We showed that
Robofly can generate drag-based longitudinal force using blade element quasi-steady model. These
simulation results were validated through lab bench experiments where we measured the longitu-
dinal force with a high precision scale. We also found that actuating in this way produced torque
coupling due to asymmetries in manufacturing; these torques exhibit low magnitudes, approximately
2 uNm in roll and 0.4 uNm in pitch. To mitigate this, we introduced a method for measuring these
torques using a torque measurement device. The device is also used to calculate the feedforward
values that can correct for these coupled torques. Our research achieved a milestone by successfully
demonstrating what we believe is the first direct actuation of the longitudinal thrust on a flapping
wing vehicle in free flight.

One critical future task involves devising a design methodology for piezo-actued wings that
could maximize the longitudinal thrust. This would be useful for performing a controlled trajectory
tracking maneuver. Another promising avenue involves leveraging the low-latency capability of an
onboard gyroscope to directly compensate for torques, eliminating the need for a prior calibration
step.

Previous works on fruit flies and dragonflies have shown their ability to generate longitudinal
force by varying wing speed between the upstroke and downstroke. This was shown on insects
that were tethered, breaking their feedback loops and potentially altering their behavior. Here we

demonstrated on an at-scale robotic flapping-wing insect that such motions can be physically real-
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ized. We believe that a capability for purely longitudinal motions would be adaptive in insects for
the same reasons outlined above that would be advantageous for robots.

This advancement also paves a way for control algorithms that can optimally combine the two
modalities — longitudinal thrust and pitch torque — subject to their respective actuation constraints.
Such a controller would leverage the richness of flapping-wing flight to bring robotic flapping-wing

systems closer to the performance of their biological counterparts.
4.4 Materials and Methods

4.4.1 Quasisteady split cycle model

We use a wing aerodynamics model based on a dynamically scaled physical model of a Drosophila
wing [98, 99]. As shown in[115] this model constitutes a good approximation of aerodynamic forces
on flapping wing robots of the scale of Robofly. Employing the standard blade element method, the
wing is divided spanwise into a finite array of blade elements, each subjected to force calculations.
The resultant force on each blade element, denoted as F, emerges as the sum of the lift force (£7),
drag force (Fp), and the rotational force (F;) expressed as F = Fy + Fp + F,. For simplicity, we
approximate the wing by a trapezoidal shape with chord length linearly decreasing from 5.07 mm to
3.2 mm and a span of 12.5 mm. The wing root is located at 4.9 mm from the axis of wing rotation.
The total area of the trapezoidal wing is 51.6 mm?, which is close to 52.5 mm?, the area of the wing
used in Robofly.

The lift and the drag force are directly proportional to the product of air density (p), element
chord length (c), element width (Jr), and the square of the incident flow velocity within the plane
of the blade element (v). The expressions denoting the magnitudes of lift and drag are presented as

follows.

Fy = pe|v]*Cr(a)Sr (4.6)

Fp = pc|v|*Cp(a)8r (4.7)

Where « is the local angle of attack of the blade element, and the lift and drag coefficients are

Cr(a) and Cp(ar). Empirical values of lift and drag coefficient are used from the dynamically scaled
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model of Drosophila wing [38].

Cr(a) =1.8sin(2a) (4.8)

Cp(a) =1.9—1.5¢cos(2a) (4.9)

The rotational force always acts in a direction normal to the surface of the wing, and an expression

for its magnitude is given by
F,=C,pac?|v|ér (4.10)

where C, is the rotational force coefficient. A value of C, = 1.55 is suggested by Sane [99] as
appropriate for the Drosophila wing.

The model employs manually measured angles of attack obtained from high-speed video frames
captured from an overhead perspective. In this model, the added mass effect is disregarded due to its
dependence on the rate of change in the angle of attack—a parameter susceptible to measurement
errors in the angle of attack. For simplicity, the model also neglects wing flexion and deformation.
Furthermore, it assumes that aerodynamic forces remain unaffected by wing-wing and wing-body

interactions.

4.4.2 Torque measurement device

The device introduced in [36] restricts the robot’s movement to rotational motion along two axes:
pitch and roll (fig. 4.8). When the robot is mounted on the device and turned on with applied p, it
applies a specific torque, leading to an angular deflection of the device. This angular deflection is
linearly related to the applied torque. The angular deflection is measured using the motion capture
system (four Prime 13 cameras, OptiTrak, Inc., Salem, OR).

The device is manually calibrated to convert the angular deflection into torque. This involves
suspending a known weight at a known distance from the rotational axis and recording the corre-
sponding deflection. The calibration constant about the pitch axis is 1.62 uNm/degree and 2.07 uNm/degree
about the roll axis.

The functionality of the device relies on the assumption that the robot’s center of mass aligns

with the center of rotation of the device, thereby minimizing errors originating from eccentric load-
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Pitch axis

RoboFly Roll axis

Balancing weight

Figure 4.8: Principle of torque measurement device. The robot is allowed to rotate about the roll
and pitch axis. Torque is estimated by measuring the extent of rotation about the given axis using
motion capture cameras and the knowledge of the stiffness of the device. The design of the device
ensures that the robot’s center of mass approximately aligns with the axis of rotation in pitch and

roll.

ing. As mentioned in [36], this alignment is ensured by mounting the robot within the motion capture

arena and verifying that placing the robot on the device does not induce any angular rotation.
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Chapter 5

MODELING AND LQR CONTROL OF INSECT SIZED FLAPPING WING
ROBOT

The text of this chapter is a draft of a journal paper, which is under review. In this work, we
developed a first-principle dynamic model of the robot using torque mapping, thrust mapping, and
the CAD model of the robot. This allowed us to do comparison of high-speed free flight accel-
erations with those predicted by our stroke-averaged model. We successfully performed hovering
and trajectory tracking maneuvers using an LQR controller based on this model. We anticipate that
our model and LQR controller will be key components in fast onboard receding horizon optimal
controllers, optimizing performance under actuator limits and state constraints. These controllers
could enable more aggressive maneuvers by adjusting control gains for high translation speeds and
attitude angles, leveraging the robots’ high torque-to-inertia ratios.

Dhingra, D., Kaheman, K. and Fuller, S. Modeling and LQR Control of Insect Sized Flapping
Wing Robot, npj Robotics 2024 (Under review).

5.1 Abstract

Flying insects can perform rapid, sophisticated maneuvers like backflips, sharp banked turns, and
in-flight collision recovery. To emulate these in aerial robots weighing less than a gram, known as
flying insect robots (FIRs), a fast and responsive control system is essential. To date, these have
largely been, at their core, elaborations of proportional-integral-derivative (PID)-type feedback con-
trol. Without exception, their gains have been painstakingly tuned by hand. Aggressive maneuvers
have further required task-specific tuning. Optimal control has the potential to mitigate these issues,
but has to date only been demonstrated using approxiate models and receding horizon controllers
(RHC) that are too computationally demanding to be carried out onboard the robot. Here we used
a more accurate stroke-averaged model of forces and torques to implement the first demonstration

of optimal control on an FIR that is computationally efficient enough to be performed by a micro-
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processor carried onboard. We took force and torque measurements from a 150 mg FIR, the UW
Robofly, using a custom-built sensitive force-torque sensor, and validated them using motion cap-
ture data in free flight. We demonstrated stable hovering (RMS error of about 4 cm) and trajectory
tracking maneuvers at translational velocities up to 25 cm/s using an optimal linear quadratic regula-
tor (LQR)'. These results were enabled by a more accurate model and lay the foundation for future
work that uses our improved model and optimal controller in conjunction with recent advances in
low-power receding horizon control to perform accurate aggressive maneuvers without iterative,

task-specific tuning.
5.2 Introduction

Research in flapping wing insect-sized robots (FIRs) is motivated by their potential applications.
These robots are small in size and are inexpensive to manufacture at a large scale, which makes
them suitable for applications like detecting gas leaks, looking for survivors in disaster-prone areas,
automated farm monitoring, running inspections on manufacturing lines, and weather monitoring.
While still tethered and limited to operation inside a lab environment recent advances in tiny sensors
and microcontrollers have brought them one step closer to achieving power [62] and sensor [108]
autonomy.

Controlling FIRs presents significant challenges due to their highly nonlinear dynamics, man-
ufacturing inconsistencies resulting in variability between robots, rapid wear and tear, and a high
torque to moment of inertia ratio, approximately 10° rad/sec?, which leads to extremely fast dynam-
ics.

Current state-of-the-art controllers for FIRs primarily utilize adaptive PID flight control systems
for hovering [24]. Despite their widespread use, these controllers require substantial ad-hoc tun-
ing and are task-specific, often failing to consider actuator, state, and environmental constraints.
Maneuvering beyond basic linear responses, such as perching [52] and somersault [17] , requires
a sliding mode controller combined with iterative learning of trajectory parameters. However, the
parameters that were derived to perform an aggressive perch in [52] are specific to that task and
cannot be applied to any other task.

Recent research has introduced optimal control strategies like modular Model Predictive Con-
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Figure 5.1: RoboFly, an insect-sized flapping robot weighing 146 milligrams, hovers next to a flower
using feedback from motion capture cameras. The robot performs this hovering maneuver using the

LQR controller reported in this work.

trol (MPC) [32], which combines high-level MPC with a low-level controller for torque manage-
ment, enabling operation beyond hovering. However, these systems have not been demonstrated on
actual hardware for maneuvers beyond hovering. Additionally, data-driven MPC approaches like
Tube-MPC [107] show promise for optimizing under actuator constraints and trajectory tracking for
complex maneuvers such as ramps and infinity loops but remain too computationally intensive for
implementation on sub-150 mg robots. Microprocessors small enough to be carried onboard, such
as the 10 mg, 120 MHz STM32F4 used in the first wireless liftoff of an FIR, the UW Robofly in [62],
are capable of floating-point math operations. Nevertheless, their performance will be limited to a
fraction of desktop capabilities, just a few hundred MHz, for the foreseeable future.

The primary focus of the work in [7] is the precise tracking of the yaw angle, originally intro-
duced in [30]. The PID controller used in [7] is tuned based on the robot’s dynamics. This enables
the robot to hover and follow trajectories, such as an infinity loop. Our approach to controlling FIRs
is based on the premise that an accurate model eliminates the need for laborious and unsatisfactory

hand-tuning of PID gains. By framing the control problem within an optimal framework, we can de-
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Figure 5.2: Torque and Thrust Generation Mechanism in FIRs: (Top) Inspired by the work in [36],
this figure shows that changing the signal parameters 0A and V, introduces roll and pitch torques,
respectively. Here, Vs is the bias voltage. (Bottom) Mapping of (a) thrust, (b) roll torque, and (c)
pitch torque of the RoboFly used in this work. The thrust mapping is obtained using a high-precision
scale, while the torque mappings are obtained using the torque measurement device introduced
in [36]. Pink dots represent the collected data points, and the green line represents the linear fit of

the data. The corresponding equations for these linear fits are provided in Table 5.1.

sign performance to maximize metrics like power efficiency or completion time. Using this model,
we compute optimal gains around a fixed point for control. This was first demonstrated in [11],
where the performance of PID and LQR controllers were compared on quadrotors with the target to
stabilizing the orientation angles. The LQR controller demonstrated faster response in reaching the
reference signal from high initial angles. The recent development of low-cost and accurate torque
measurement device [36] has improved our ability to map the torque characteristics of these robots
accurately. Furthermore, innovations such as pre-stacked actuators [60] and standardized manufac-
turing processes [29] have reduced variability in actuator performance and robot construction. In

this work, we have made the following contributions:

1. For the first time, we developed and validated a stroke-averaged first-principle model by com-
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Figure 5.3: Visualization of the collected data: The graph shows the robot achieving high atti-
tude angles greater than 30° and corresponding lateral/longitudinal speeds exceeding 0.4 m/s in the
collected data. This highlights significant perturbations, which will be used to validate the stroke-
averaged dynamics developed in this work. The color intensity on the graph represents the density

of data points.

paring it with high-speed trajectories collected from a sub-150 mg robot.

2. To the best of our knowledge, we present the first LQR implementation of controlled flight on

an FIR.

This control strategy is computationally efficient, requiring a relatively small number of multiply-
accumulate operations and trigonometric calculations per control step making it feasible for inte-
gration on tiny microcontrollers like the STM32F4, suitable for sub-150 mg robots. We expect our
model and LQR controller will be able to serve as integral elements in a fast onboard receding hori-
zon optimal controllers, such as those discussed in [4] and [44], that can optimize under actuator
limits and state constraints. With these receding horizon controllers, the presented model can en-
able more aggressive maneuvers due to the robots’ high torque-to-inertia ratios, by scheduling the

control gains for high translation speeds and attitude angles.
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5.3 Results

5.3.1 RoboFly

RoboFly (shown in Fig. 5.1) is a flapping-wing robot that weighs 150 mg. The robot features two
piezoelectric actuators as muscles to flap its wings. These actuators are linked to a transmission
mechanism that amplifies the actuators’ displacement of approximately 200 ym to a wing motion
of about 60°. RoboFly has the capability to carry a payload up to 1.5 times its own weight and is
powered via a wire-tether, which comprises four wires transmitting signals to operate the actuators.

RoboFly, like other piezo-actuated flapping wing robots [74][118], is operated by low-power
180 volt sinusoidal signals. It can generate roll torque, pitch torque, and thrust almost indepen-

dently [114]. The analog voltage signal is generated using the equation,

Vignar =~ — sin ot + 2 + 2 (5.1)

Here, V45 s a constant bias signal voltage of 250 volt supplied to the top layer of the actuator.
As shown in Fig. 5.2 (a), increasing the amplitude (A) of the sinusoidal signal increases the wing
flapping amplitude, thereby generating greater thrust. Creating an amplitude differential (0A) be-
tween the wings, shown in Fig. 5.2 (b), increases thrust on one side while decreasing it on the other,
which produces roll torque. Pitch torque (Fig. 5.2 (c)) is generated by adjusting the wing flapping
either forward or backward relative to the robot’s body through a voltage offset (V,) applied to the

sinusoidal signal.

5.3.2 Theoretical Model

The dynamics of a flapping wing robot of the size of RoboFly can be defined by the same first
principle model as a quadrotor [7]. Using the convention of (X,Y,Z) as coordinates in an inertial
frame and (xp,yp,2p) as coordinates in the body frame, first-order differential equations of the body

velocity V, = [u,v,w]” of the robot is defined by

u=gsinO+ f,, — (qw—rv) (5.2)

v=—gcosOsing + f, — (rv—pw) (5-3)
r

m—+my

Ww=—gcos0cosd + fu, — (pv—qu)+ (5.4)
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Here, @, = [p,q,r]" is the body angular velocity, g is the acceleration due to gravity, m is the mass
of the robot and, m,, is the mass of the MoCap markers. Rotation is defined by the widely used 321
rotation matrix. The 321 rotation follows the yaw (y) — pitch () — roll (¢) sequence. I is the
thrust applied to the robot in the positive z;, direction. F, = [fy,, fu,, fa;)" is the unmodeled dynamic
force, which includes stroke averaged aerodynamic force in body frame caused by the drag due to
flapping wings. Similarly, rotational dynamics can be defined by the first-order differential equation

in body angular velocity (@, = [p,q,7]7).

Jo—Jyy
p:L+%— ZZ] W ar (5.5)
XX XX
Ty Ju—Jy
g=M+———"—"=rp (5.6)
Jyy Jyy
Jyy —J,
v T (5.7)
2z

Here, J = diag([Jxx, Jyy,J-;]) is the diagonal moment of inertia matrix of the robot. 7. = [7;, T, 0] r
is defined as the input torque vector comprising of roll torque (7,) about x; and pitch torque (7,)
about yy. 7, = [L,M,N]" is the unmodeled dynamic moment, which also includes averaged aerody-

namic torque caused by the drag due to flapping wings.

Model Parameters

We precisely measured the robot’s parameters using a sensitive, custom-build force torque sensor.
Results are tabulated in Table 5.1. The mass of the robot was determined using a high-precision bal-
ance with aresolution of 0.1 mg. To estimate the robot’s moment of inertia, we measured the mass of
its various components, including the piezoelectric actuators, wings, airframes, and motion capture
markers. These measurements were then input into a CAD model to calculate the robot’s moment of
inertia matrix. The high-precision scale also facilitated in the calculation of thrust mapping, where
the thrust generated by the robot at specific flapping amplitudes (A) was recorded. During the ex-
periment, the wings were flapped for a period of 1 sec at the constant frequency of 180 hz. The scale
can take accurate stroke averaged measurements of thrust. The test setup also makes sure that the
robot is away from any surrounding objects to avoid ground effects. We employed a least squares
fit method to model the thrust based on this data (Fig. 5.2-left). The learned linear fit of the thrust

mapping is shown in Table 5.1. Given that the lifetime of these robots is about 10 minutes [77],
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we aimed to minimize the total operating time to prevent mechanical fatigue. Therefore, for the
mapping of thrust and torques, we took only two or three measurements to establish a trendline that
can be used in the model.

To measure the torque response to different voltage inputs, that is, torque mapping, we used a
device similar to the one in [114]. By applying inputs V,, and 8V, we generate roll and pitch torques,
respectively. These torques induced angular deflections on the device, which are linearly correlated
with the applied torques, which was observed in practice in [114]. These deflections were accurately
measured using the motion capture system, allowing us to map torques effectively (Fig. 5.2-middle
and right). This comprehensive approach to parameter measurement ensures a robust foundation for

our model.

5.3.3  Trajectory Data

We collected 8 seconds of trajectory data from 7 separate flights with wings flapping at a frequency
of 180 Hz, controlled by a PID flight controller [29]. The data is provided in the supplementary ma-
terials (Supplementary Data—Model_validation_trajl to Supplementary Data—Model_validation_traj7).
To capture flight perturbations, we set the desired points away from the robot’s initial position, fo-
cusing on collecting more data with perturbations in lateral, longitudinal, and vertical dynamics.
To avoid capturing too much stable hovering data, most flight trajectories were shortened to the
duration required for the robot to reach the set positions. The robot was equipped with four retro-
reflective markers to track its position and orientation through a motion capture system comprised
of four Prime 13 cameras by OptiTrak, Inc., Salem, OR. Position and quaternions from the motion

capture system running at 240 hz were used to calculate V,, @, and Euler angles of the robot offline.

Body Offset

A critical difference between the robot’s trajectory data and the modeled dynamics from equa-
tions 5.2-6.6 can stem from the misalignment between the body z-axis, as defined in the motion
capture software, and the robot’s thrust vector. The dynamics, detailed in equations 5.2-5.4, assume
that the thrust vector is perfectly aligned with the body z-axis, an assumption that may not hold in

practice. This misalignment issue occurs because the thrust vector’s direction is not known at the
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time that the robot’s body coordinates are defined in the motion capture software. A tilted thrust vec-
tor introduces lateral and longitudinal forces. To reduce this error, we redefined the body coordinate
system after performing a short 0.3 s uncontrolled trimmed flight. Since during a trimmed flight,
the robot takes off approximately vertically, so its trajectory can be used to estimate the direction of
the thrust vector and therefore align the z-axis of the body coordinate system to that direction. This,
however, is based on the assumption that the body coordinate system is not redefined in between the

experiments and remains the same throughout the data collection and control process.

Parameter Symbol Value
Mass of the robot m 150 x 106 kg
Mass of the MoCap markers my 36 x 1070 kg
Moment of inertia J diag([3.12 x 1072, 2.97 x 1072, 0.55 x 107°]) kg.m?
Thrust r 3.27 x 107°A —0.0024 N
Roll Torque T 0.48 x 1075A Nm
Pitch Torque T, 0.11 x 1079V, Nm

Table 5.1: Measured parameters of RoboFly. Calculated Moment of inertia J is a diagonal matrix
of moment of inertia about the principal axes. Mapping from A to I, A to 7,, and V,, to 7, are the

equations of linear fit from Fig 5.2 (a),(b) and (c) respectively.

Visualization of Collected Data

Unlike traditional aircraft, where the flight envelope is defined by changes in velocity against varia-
tions in angle of attack, flapping wing robots exhibit continuous angle of attack variations throughout
the flapping cycle. Therefore, we determined that representing the flight state in terms of angular
orientation and velocity would be more pertinent characterization. Characterizing in this way elu-
cidates the robot’s ability to maintain controlled flight across different tilt angles and the associated
longitudinal/lateral speeds at these angles, which are critical for maneuverability. A robot that can
sustain higher tilt angles and translational speeds in controlled flight is indicative of superior maneu-

verability, enabling it to execute tighter turns. As shown in Fig. 5.3, based on data collected from
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the flight trajectories of the RoboFly, the robot is able to get to attitude angles of approximately 30°

and body velocity of around 0.4 m/sec.

5.3.4 Controller Implementation

In our experiments, we did not control the yaw rotation of the robot. Hence the LQR was designed
to optimize the dynamics in the body coordinate system, which are independent of the yaw rotation.
The state vector of the robot is defined by ¢ = [d,,dy,d;,u,v,w,¢,0,p,q]". Here, d = [d,d,d;]"
is the position in body coordinates and Vj, = d = [u,v,w]. The controller assumes that the angular
velocity about z, denoted as r, which arises from manufacturing uncertainties, remains constant.
Its value affects fictitious forces and torques in body coordinates that appear in equations 5.2-6.6.
The controller calculates the inputs u* = [A, 0A,V,|, which directly controls the acceleration in z,
torque about x, and torque about yj, axis. The Q matrix used in our experiments is a diagonal matrix,
Q = diag([0.02,0.02,0.01,0.1,0.1,0.1,1,1,4,4]); R is also a diagonal matrix, R = diag([2,1,1]).
The ratio of Q and R matrix used here was obtained with the knowledge of our model and only
one experimental flight. The feedback loop includes a motion capture system that provides state
feedback in terms of the robot’s position and orientation (expressed as quaternions). This data feeds
into a Simulink real-time system in which the body angular velocities, euler angles, and velocity in
world frame are calculated. The controller receives the desired position in the world coordinates.
Finally, the resulting error in the world coordinates is converted to the body coordinates and is
multiplied by the pre-calculated LQR gain matrix k to determine the control inputs, u = —k(Gges —

o), for the robot. Control loop used for our experiments is shown in Fig. 5.5(a).

5.3.5 Model Validation

For simplicity, the model we used in this work excludes damping and drag components, thus set-
ting the force and moment vectors [fy,, fu,, fas]! and [L,M,N]T to zero in equations (5.2-6.6). We
validated the theoretical model accelerations by comparing them with measured acceleration data
from flight tests, as depicted in Fig. 5.4. This comparison includes seven separate flight trajectories
stacked in time.

The model can predict translational accelerations in the body coordinate system, represented



53

= Measured = Predicted

i m/sec?

» m/sec?

W m/sec’

p rad/sec’

§ rad/sec’

Figure 5.4: Model validation plots: Measured accelerations (green) from the RoboFly trajectories

plotted with the predicted accelerations (pink) calculated using the theoretical model.

by [i, \},W]T, with the root mean squared (L?) error of 53.4 m/sec?, 56.9 m/sec?, and 36.7 m/sec?,
respectively. The errors in rotational accelerations, [p,q]T, are 9.2¢> rad/sec? and 7.6e3 rad/sec?,
respectively. The more substantial errors in the rotational domain can largely be attributed to the
aforementioned aspect of small flight vehicles that their angular accelerations are large.

We believe, and our results show, that the model is still adequate for controller design purposes.
This is based on two key considerations: Firstly, the actuation delay for the rotational system is
minimal, as rotational acceleration occurs almost instantaneously once torque is applied. Secondly,
the robot will eventually have a gyroscope onboard which is capable of providing rapid rotational
velocity feedback at 1 to 16 kHz, which will significantly enhance the ability to perform rapid
feedback corrections. Thus, even with its limitations, this model provides a sufficient foundation for

developing an effective controller.
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Figure 5.5: LQR control loop and hovering trajectories: (a) The LQR control loop used to perform
hovering and trajectory tracking maneuvers. Here, R represents the 3-2-1 rotation matrix. (b) The
plot displays five different hovering trajectories, showing the robot maintaining a stable attitude
and remaining close to the starting position. The mean RMS error and standard deviation for the

trajectories are 4.17+ 0.37 cm.

5.3.6 Hovering

The initial task was to hover around a desired position. We did five such flights, each lasting 2
seconds, and the robot managed to hover using the pre-calculated LQR gain, with RMS errors of
4.2 cm, 3.8 cm, 4.05 cm, 4.03 cm, and 4.8 cm. For hovering tasks, a PID controller, as referenced
in [74] and [48], outperforms this with an average RMS error of 2 cm. We think this is due to the
fact that PID controllers are manually tuned for specific tasks, whereas the LQR controller used
here was only tuned once for determining the Q and R matrices and is more general, as it can be
linearized about different states. Five hover trajectories are shown in Fig. 5.5(b). Trajectory data of

a hovering flight is provided in the Supplementary Materials (Supplementary Data-hovering).
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Figure 5.6: Results of LQR implementation on the RoboFly: (a) Response to the external dis-
turbance applied via kevlar thread is shown in the photo composite. The robot does a recovery
maneuver to get back to the stable attitude and ultimately flies to the desired position.(b) The photo
composite shows the RoboFly tracking a 10 cm radius circular trajectory over a 4.5-second flight
using a constant pre-calculated LQR gain. (c) The desired trajectory, depicted in green, was pro-
vided to the controller in the form of position and velocity set points while magenta is the actual
trajectory followed by the robot. The RMS error for this maneuver for x-y position tracking is 2.8

cm. The video link of the experiments is shown in the abstract page.

5.3.7 Response to External Disturbance

To prevent crashes during our experiments, we suspend the robot using a lightweight Kevlar thread.
There is slack in the Kevlar thread in all our experiment videos, which demonstrates that the thread
does not exert any force on the robot. However, in this particular experiment, we intentionally
applied force by pulling the robot with the Kevlar thread to test the controller’s response to external
disturbances. This causes the accelerations >2.5g. As show in Fig. 5.6(a), the robot was able to
stabilize itself and flies towards the desired position. Trajectory data of this flight is provided in the

Supplementary Materials (Supplementary Data-disturbance_rejection).

5.3.8 Trajectory Tracking

Here the robot was asked to follow a pre-computed circular trajectory of 10 cm radius. The robot
was able to follow the given trajectory in a 4.5-second flight with an RMS error of 2.8 cm in x-y

position tracking. Photo composite of the maneuver is shown in Fig. 5.6(b). The desired waypoints
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on the trajectory were given in the form of position and velocity set points. The controller used
the same Q and R matrices as the hovering maneuver. For comparison, in [107] authors tracked a
5 cm radius circular trajectory with the reported x-y position error of 1.8 cm. Our greater position
tracking error is likely due to a much higher flight velocity (25 cm/sec vs a maximum speed of 5.2
cm/s in [107]) and a larger circular trajectory, which would result in larger disturbances by the wire
tether. Trajectory data of this flight is provided in the Supplementary Materials (Supplementary

Data-trajectory _tracking).
5.4 Discussion

In our study, we developed and validated a theoretical model of the UW RoboFly. Utilizing this
model, we successfully implemented an infinite horizon Linear Quadratic Regulator (LQR) control
strategy. This enabled us to achieve stable hovering, recovery maneuver, and trajectory tracking
using the pre-calculated LQR gain. While its RMS position error was higher than other recent
reports, it was following a much faster trajectory. Notably, our controller works with minimal
computational demands, making it ideal for integration into microcontrollers suited for tiny robotic

platforms.

5.4.1 Limitations and Future Work

This work provides a foundation for some important next steps. First, the single LQR gain could be
replaced with one that is “gain-scheduled” for linearizations about different states, such as forward
flight or flight into the wind. This would also impose a minimal computational load on any conceiv-
able microcontroller. Second, collecting data over a broader flight envelope could improve model
identification and therefore flight control. Third, our current controller does not perform any sort
of adaptivity. Future models could account for the offset between the thrust vector and the body-z
axis and estimate the drag model using the discrepancy between expected and actual translational
velocity as input[74, 48]. Such refinements are expected to yield even lower RMS errors for specific
tasks and potentially enable more agile maneuvers.

While gain scheduling has the potential to broaden the envelope in which the LQR controller

operates well, it does not take into account an important aspect of FIRs. This is that they are subject
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to constraints on the magnitude of outputs that the actuators can produce. A more advanced control
technique, known as Receding Horizon Control (RHC) or Model Predictive Control (MPC), can
accurately factor those into the optimization process. Although [107] applied this technique, their
controllers were too demanding for a microcontroller. We expect that the advances that were used
in Tiny-MPC [4] to perform RHC on the 120 MHz microcontroller onboard the the 30 g Crazyflie
helicopter could be adapted to the different dynamics and constraints of the Robofly. By taking
into account actuator constraints and any improved system characterization, more precise and more

aggressive agile maneuvers should be possible without hand-tuning.
5.5 Methods

5.5.1 Infinite Horizon LOR

Infinite horizon LQR controller [5] optimizes the quadratic cost function subject to linearized dy-

namics constraints. In this work we use the continuous time formulation of LQR.

J= /O " 60 (1) + u(t) Ru(r) (5.8)

subject to 6(1) =A,0(t) + Bau(t) (5.9

Here, o (7) is the state vector of the robot at time ¢, A; and B, are the linearized dynamics matrices.
If the system is completely stabilizable, we can write this optimal control problem in terms of the
Hamiltonian function, which incorporates both the system dynamics and the cost function. The
Hamiltonian for the LQR problem is given by H(x,u,A) = 67 Q0 +u’ Ru+ AT (A6 + Bqu). A is
the costate vector, Q and R are positive semi-definite and positive definite matrices respectively. By
taking the derivative of Hamiltonian with respect to o, u, and A and setting it to zero we get the
closed loop dynamics as,

c A -BR'B"| |o

| = (5.10)

A -0 —AT A
The steady state solution of the Riccati equation can be described in terms of the eigenvectors of
the Hamiltonian matrix in the closed loop dynamic equation 5.10 associated with the negative real

part eigen values. These negative real part eigenvalues of the matrix are also the eigenvalues of the
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closed-loop matrix A — BR™!BP. The feedback gain k = —R~!B'P can be obtained using P as the

Schur form of the closed loop dynamics matrix such that:
u(t) = — k(0ges(t) — (1)) (5.11)

Here 0,,,(?) is the desired state of the robot at time t.
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Chapter 6

SPARSE MODEL IDENTIFICATION OF TRANSLATIONAL FORCES FOR
IMPROVED FLIGHT CONTROL OF FLAPPING WING ROBOTS

The text of this chapter is a draft of a journal paper. It uses discrepancy modeling via sparse iden-
tification of nonlinear dynamics (SINDy) algorithm to learn stroke-averaged translational models of
two robots using their free-flight data. By integrating this model into a Linear-Quadratic Regulator
(LQR) controller, we demonstrated substantial improvements in hovering precision and trajectory
tracking.

Dhingra, D., Kaheman, K. and Fuller, S. Sparse Model Identification of Translational Forces for
Improved Flight Control of Flapping Wing Robots, IEEE Transactions on Robotics (T-RO) 2024

(Draft prepared).
6.1 Abstract

High-speed maneuvering enables flapping-wing robots to explore more quickly with limited on-
board power. However, these maneuvers are often not possible on these robots due to complicated
unsteady flapping wing aerodynamics, manufacturing uncertainties, and rapid wear. In this work,
we use discrepancy modeling via sparse identification of nonlinear dynamics algorithm (SINDy)
to learn stroke-averaged translational models of two robots using their free-flight data. Besides
drag coefficients, we found that 20% of the discrepancy in the longitudinal direction is due to input
pitch torque, and 30% of the discrepancy in the lateral direction is due to input roll torque. We use
this compensated model to achieve precise controlled maneuvers using Linear-Quadratic Regulator
(LQR). Our results show a 49% increase in hovering precision and a 21% increase in trajectory
tracking precision while achieving speeds as high as 26.5 cm/sec. This work can enable high speed

time optimal maneuvers on insect-sized flapping wing robots.
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6.2 Introduction

Biological insects have developed their flight capabilities through millions of years of evolution,
enabling them to execute complex maneuvers such as carrying food, capturing prey, and evad-
ing predators. Flapping-wing insect-sized robots (FIRs) draw inspiration from these natural fliers.
They are small, inexpensive to manufacture, capable of rapid maneuvers, and are safer than bigger
drone to operate around humans [46] making them attractive for applications like search and res-
cue missions in inaccessible areas, gas leak detection, crop inspections, and potentially planetary
exploration.

Success of these applications hinges on how quickly the tiny robot can reach a desired position.
High speed also contributes to more power-efficient flights [54]. Currently, FIRs are powered by
wire tethers, but recent research [62, 59] aims to make them wireless. However, the flying time so far
is less than 1 second. As research in power autonomy progresses, exploring time-efficient controls
becomes an important gap to address. Designing a precise controller for these robots that can achieve
high maneuvering speeds is a challenging task because, 1) as flying speeds increase, aerodynamic
effects become more significant for achieving time-optimal flight [51], 2) flapping wings at the
insect scale exhibit highly nonlinear behavior characterized by unsteady aerodynamics [98], and
3) FIRs has limited onboard computing power, and suffer from rapid wear of components, so the
control algorithms also needs to be robust and resource efficient [33].

In our previous work [37], we developed and validated a first-principles model of the Robofly us-
ing measured thrust and torque mappings [114]. In this paper, we enhance this model by performing
discrepancy modeling via SINDy approach using high-speed flight data. To promote generalization
in the model the discrepancy terms are selected by using group sparsity analysis on two different
robots. The new improved model with discrepancy terms not only reduced model prediction errors

but also improved controller precision. Our work makes four major contributions:

* We developed aecrodynamic models using free flight data for longitudinal and lateral flights.

* We established relationships between torque and translational speeds.

* We performed precise flight maneuvers, such as hovering and trajectory tracking using the
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Figure 6.1: Robofly, a 150 mg insect-sized robot used in this study, is shown with translational
forces identified from free-flight data. The arrow sizes are proportional to the force magnitudes.
Here, V, and A are input voltages causing pitch and roll torques, respectively, u and v represent

body velocities in the x;, and y, directions, and zpos is the robot’s altitude.

compensated model, along with an LQR controller, resulting in improved prediction and con-

troller performance.

* We open-sourced our flight data so it can benefit the modeling community. We hope this
dataset can serve as a valuable resource for testing different system identification algorithms’

performance on insect size robots.

We utilized real flight data from two Roboflies, spanning 52 seconds across 42 distinct flights.
This dataset encompasses the stable flight envelope, with body angular velocities reaching up to
543° per second and linear velocities up to 0.56 m/s.Inspired by insect intelligence [33], we build
a parsimonious model that can will easy to compute forward in time and can be used onboard the
resource constrained insect-sized robots. We choose SINDy algorithm to identify the unmodeled
terms instead of other modeling approaches such as Guassian process [104], neural networks [71],
as SINDy algorithm provides us an interpretable and parsimonious model that can be directly used
with conventional controller, such as LQR. Moreover, as SINDy algorithm provides us the analytical
form of the unmodeled terms, it further facilitates us to analyze the missing dynamics that is not

captured by the first-principled model. As opposed to the models used in previous works [22,
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Parameter Value
m 150 x 10~ % kg
J diag([3.12 x 1072, 2.97 x 107°, 0.55 x 107°]) kg.m?
r 3.27 x 107°A — 0.0024 N
T 0.48 x 107°5A Nm
T 0.11 x 1075V, Nm

Table 6.1: Measured parameters of the RoboFly. Calculated Moment of inertia J is a diagonal
matrix of moment of inertia about the principal axes. Mapping from amplitude (A) to thrust (I"),
differential amplitude (8A) to roll torque (7,), and offset (V) to pitch torque (7,) are the equations

of the linear fit.

51, 105], our findings reveal that unmodeled dynamics does not solely depend on body velocities
and has insignificant dependency on the angular velocities. We also found that the dependency of
torques on the translational speeds plays an important part in accounting for the discrepancy. In
addition, we learned the affect of wire tether used to power the robot in the dynamic model. In
our work, we only model the discrepancy in translational dynamics and not rotational dynamics
due to two key considerations: Firstly, the actuation delay for the rotational system is minimal, as
rotational acceleration occurs almost instantaneously once torque is applied. Secondly, the robot
will eventually have a gyroscope onboard which is capable of providing rapid rotational velocity
feedback at 1 Khz to 16 kHz, which will significantly enhance the ability to perform rapid feedback
corrections. Thus, any discrepancy present in the rotational model can be corrected with minimal
delay using fast feedback control.

While the model developed in this work is specific to Robofly [29], same principles can be
applied to learn stroke averaged dynamics using discrepancy data on other designs of insect-sized
flapping-wing platforms like the four-wing four-actuator Bee++ [7], aerial robots powered by di-

electric elastomer actuators[17], the RoboBee [74] and the RoboBee X-Wing [59].
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Figure 6.2: Data visualization: The flight envelope of two robots from 42 different flight trajectories
of Robofly, sampled at 250 Hz. To capture dynamics from different flight regimes, robot 1 includes
more data near hover, while robot 2 includes data with higher attitude angles and translational ve-

locities.

6.3 Robot Description and Dynamics

In our study, we analyzed flight trajectory data from the University of Washington’s Robofly, a
piezo-actuated flapping wing robot. Robofly, detailed in [29], boasts a 0.045 m wingspan and a
weight of 150e~° kg (shown in Fig. 6.1). The robot features two piezoelectric actuators as muscles to
flap its wings. These actuators are linked to a transmission mechanism that amplifies the actuators’
displacement of approximately 200 um to a wing motion of about 60°. RoboFly has the capability
to carry a payload up to 1.5 times its own weight and is powered via a wire-tether, which comprises
four wires transmitting signals to operate the actuators.

RoboFly, like other piezo-actuated flapping wing robots [74][118], is operated by low-power
180 volt peak-to-peak sinusoidal signals. It can generate roll torque, pitch torque, and thrust almost

independently [114]. The analog voltage signal is generated using the equation,

oA Viiee V.
Viignal = <2A+2> sin wt + ”2 +3" 6.1)

Here, Vj,;,s is a constant bias signal voltage of 250 volt supplied to the top layer of the actuator.
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Increasing the amplitude (A) of the sinusoidal signal increases the wing flapping amplitude, thereby
generating greater thrust. Creating an amplitude differential (§A) between the wings increases thrust
on one side while decreasing it on the other, which produces roll torque. Pitch torque is generated
by adjusting the wing flapping either forward or backward relative to the robot’s body through a

voltage offset (V,) applied to the sinusoidal signal.

6.3.1 Newton-Euler equations

We use the same first principle model as presented in [37]. Inertial frame is represented by (X,Y,Z)
and the body frame is represted by (xp,yp,25). Body model is written as the first order differential

equations of the body velocity, V;, = [u,v,w]?, and the angular velocity, @, = [p,q,r]”, of the robot.

u=gsinO+ay, — (qgw—rv) (6.2)
v=—gcosOsing +ay, — (rv—pw) (6.3)
I
Ww=—gcosOcos¢ +ay — (pv—qu)+— (6.4)
m
. T J—Jyy
=0y +——-—— (6.5)
P T
. Tp Jx _JZZ
Py Jyy
Jyy —J.
T (6.7)
Z

Here, angular rotations are yaw (), pitch (8) and roll (¢). I' is the thrust applied to the robot in
positive z;, direction, J = diag([Jyy,Jyy,J]) is the diagonal moment of inertia matrix of the robot
and 7, = [Tr,TP,O]T is defined as the input torque vector comprising of roll torque (7,) about x;
and pitch torque (7,) about y,. Unmodeled dynamic accelerations are define by a; = [a4, ,dq,, ag)|”
and oy = [Qy,, O, (xd3]T. These unmodeled accelerations includes stroke averaged aerodynamic

accelerations in body frame caused by the drag due to flapping wings.

6.3.2 Model parameters

Parameters of the robot used in equations 6.2 to 6.7 are obtained in the similar way as described in
our previous work [37]. These parameters are detailed in the accompanying table 6.1. Mass of the

robot was determined using a high-precision scale. Robot’s moment of inertia was calculated using
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a CAD model. The high-precision scale was also used for the calculation of thrust mapping, where
the thrust generated by the robot at specific flapping amplitudes (A) was recorded and a least squares
fit of the data was calculated to map the thrust with the input flapping amplitude.

For torque mapping, we utilized a device as described in [36]. By applying inputs V, and 6A
we generate roll and pitch torques respectively. These torques produced steady state angular deflec-
tions on the device, which are linearly correlated with the applied torques. These deflections were

accurately measured using the motion capture system, allowing us to map torques effectively.
6.4 Free flight data

Two Roboflies were used to collect 52 seconds of trajectory data with wings flapping at a frequency
of 180 Hz, controlled by a PID flight controller [29]. To capture dynamics of different flight regimes,
robot 1 recorded 21 trajectories near hover, while robot 2 recorded 21 trajectories with high transla-
tional velocities. For robot 2, we set desired points away from the initial position to focus on lateral
and longitudinal perturbations. Consequently, trajectories were shortened to the duration required
to reach these points.

Each robot was equipped with four retro-reflective markers tracked by a motion capture system
(MoCap) with four Prime 13 cameras (OptiTrak, Inc., Salem, OR) running at 250 Hz. While the
markers are mounted above the centre of mass of the robot (Fig. 6.1), the pivot point of the robot’s
body, as described in the MoCap, was moved close to the centre of mass of the robot. Position and
quaternion data from the motion capture system were used to calculate V;, @, and Euler angles
offline. Our data includes speeds ranging from near-hover to 0.56 m/s. We split the trajectories into
training and testing sets using a 60-40 split for model validation.

Fig. 6.2 shows the free flight data for the two Roboflies. Light green and dark green points
represent the training and test data for robot 2, while pink and yellow points represent the training

and test data for robot 1.

6.4.1 Body-z offset

As seen in Fig. 6.2 (right), the data for robot 1 is centered around ~ —10°. This is due to a misalign-

ment between the body’s z-axis (as defined in the MoCap software) and the robot’s thrust vector.
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The dynamics, described in equations 6.2-6.7, assume perfect alignment of the thrust vector with
the body’s z-axis, which may not be true in practice. This misalignment occurs because the thrust
vector’s direction is unknown when defining the robot’s body coordinates in the motion capture soft-
ware. Although less prominent, similar misalignments exist in the rest of the data. A tilted thrust
vector introduces lateral and longitudinal forces. To correct this, the lateral and longitudinal forces
can be modeled as a constant bias in equations 6.2 and 5.3, assuming the body coordinate system

remains consistent throughout the data collection and control process.

6.5 Discrepancy Modeling using SINDy

6.5.1 SINDy Algorithm

The SINDy algorithm is a data-driven algorithm that identifies a parsimonious and interpretable

model of the dynamical system [14]. For a dynamical system with state vector

xX(t) = [x1(t), x2(t), ..., x,(1)]" € R (6.8)
and dynamics
d
EX(Z‘) = f(X(t)vp)a (69)

the SINDy algorithm seeks to identify a sparse representation of the dynamics f(x(¢)) such that
each state of the system x;(¢) satisfies

d

oi0) = fix(1), p) = O(x(1))&, (6.10)

where p € R! is the parameter of the system dynamic,
O(x(1)) = [61(x()) 62(x(2)) ... 64(x(1))] (6.11)

is a library of ¢ candidate functions, and & € R9*! is a sparse vector that selects a few terms from
the library ©(x(¢)) to represents the dynamics of state x;(¢) while maintaining the accuracy. Given

the measurement of system dynamics
X = [x(t1) x(t2) ... X(t,)]" € R™" (6.12)

and its derivative

X = [x(1)) X(t2) ... X(t,)]T € R™ (6.13)
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with m sample points (m > g), the value of £; vector can be identified by solving

min [|Z[]o,
= (6.14)
s.t. X=0(X)E.

However, the Eq. (6.14) is NP-hard and can not be solved when the number of library terms g is
large. To tackle this, the Brunton et al [14] used sequentially thresholded least squares (STLSQ)
algorithm to relax /y norm shown in Eq. (6.14). The STLSQ algorithm iteratively solves the least

square problem

min | X-0(X)Z|}3, (6.15)

and after the solution of E is obtained, it thresholds the elements in & to zero if its magnitude is
smaller than some predefined sparsity promoting parameter A. The iteration stops when the the value
if Z is converged, and the convergence study of STLSQ is studied in the work of Zhang et al [120].
Beside STLSQ, many other techniques exist that can solve Eq. (6.14) efficiently, including but not
limited to LASSO [113], RIDGE [56], sequentially thresholded ridge regression (STRidge) [97],
unified sparse dynamics learning (USDL) [86], sparse relaxed regularized regression (SR3) [122,
16], Bayesian approaches [121, 85], non-convex penalty least-squares algorithm (NPSLS) [73]. It
is noteworthy that depends on the strength of sparsity promoting parameter A, there will be a poll
of candidate models that describe the measured dynamics. Thus, a model selection process needs to
be performed that strike the balance between interoperability and complexity of the model. Several
common ways to select the candidate model includes using Akaike information criteria (AIC) [3,
1, 78], Bayes information criteria (BIC) [103], and cross validation (CV) [8]. In this work, we use
STLSQ to solve Eq. (6.14) and use cross validation approach to pick a model that balance the model
sparsity and prediction accuracy.

When control input is presented in the dynamical system, the system dynamics becomes

d
5, X(0) = f(x(0),u(r), p), (6.16)
where u(t) = [uy(t), uz(t), ..., u(t)]T € R™! represents there are r control inputs to the system.

By adding the control input terms in our library function, the system dynamics of the controlled

system can be approximated by

—xi(1) = fi(x(1),u(r), p) = O(x(1),u(1))&;, (6.17)
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where
O(x(t),u(r)) =[01(x(r),u(r)) (x(¢),u(t)) ... B,(x(¢),u(r))]. (6.18)

Thus, by additionally measuring the control input of the system
U=[u(t;) u(r) ... u(t,)]" e R™, (6.19)
the value of &; vector for controlled system can be identified by solving

min  [X-0(X,U)Z|3, (6.20)

using STLSQ. This extension of the SINDy algorithm called SINDy-c [15] allows the identification

of parsimonious model for controlled dynamical system.

6.5.2 Discrepancy modeling

The physics based first principle modeling approach is a great way to model the dominant motions
of system of interest. However, albeit having high interpretability, such modeling approach often
requires expert knowledge and careful reasoning. Moreover, the first principled modeling approach
often makes many simplification on the actual dynamics while deriving the model. Such simplifi-
cation will result in discrepancy between the measurement data and model’s predicted output. This
type of discrepancy can be categorized as model inadequacy. Other types of discrepancy shows up
when the parameters of the dynamical model is different from the true underlying value, result in
parameter mismatch discrepancy [63, 43]. The discrepancy modeling framework assumes there’s a

mismatch between the measured dynamics and modeled dynamics such that

Cx(6) = Sx(0) +8(x(0) (1), (621)
where
d
Ext(t) = f(x(2),u(t), p,), (6.22)

is the output of theoretical model under theoretical model’s parameter p,, and g(x(¢),u(z)) is the
dynamics not model by the theoretical model that we want to capture.
Given the measurement data x(¢), the 4 x(t) term can be calculated using numerous derivative

calculation approach and %X, (t) term can be calculated easily by plug in the measured value to the
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theoretical model f(x(z),u(z), p,). By ignoring the numerical differentiation error and measurement

noise, we can approximately have

d d d

Eﬁx(z‘) = Ex(t) - Ex,(t) ~ g(x(t),u(t)), (6.23)

and the mismatch term g(x(¢),u(r)) for our work is defined by time series data of the vector,
a4, ,a4,,a4,)" from equations 6.2 to 6.7. The mismatch term can be modeled using multiple data-
driven approaches such as Neural Networks [71, 41], linear and nonlinear auto-regressive mod-
els [2], dynamic mode decomposition (DMD) [69, 93, 101], Gaussian process regression [104, 102],
SINDy [14, 15, 64], etc. In this work, we use SINDy to model the mismatch between the FIRs’ state

derivative data and its theoretical model’s output.

6.5.3 Candidate function selection

Candidate functions ®(x(¢)) used in our work for modeling the discrepancy are,

Ox(r) = Vb, @ Vo|Vul, plan|, |op], Vi, A, &SA, V, 1T (6.24)

Body velocity, body angular velocity, and their signed quadratic functions are used to model the drag
from flapping wings. Absolute velocity functions capture the effects of encountering new airflow,
resulting in changes in acceleration. Inputs A, 6A and V, (in volts) capture the direct effects of
thrust and torque discrepancies. The unit term in the candidate function is used to learn the bias
force caused by the body-z offset referred in section 6.4.1. For the a,;, model, we used the robot’s
z-position in world coordinates (zpos) to calculate the stiffness of the wire tether.

We also tested other quadratic candidate functions, such as the square of body velocities (Vbz, wa)
and all components from the outer product of body angular and translational velocities (V, ® wj) but

found no significant improvement in the models.

6.6 Results

The results section is structured into three parts: 1) model identification, 2) model validation, and
3) hardware validation. In the model identification section, we visualize the coefficients learned

by the SINDy model on the training data for both robots. Subsequently, we employ group sparsity



70

v
—lul
V. | V.
i B —5A lul
-V,
0.8 . -
—zpos
corf | =r
S -p —06A
g 0.6
Z v,
e —6A AL’
c 0.5
S 0A
3
£ 04
é —u
03l | —u — -r|-A
0.2 —y
-9
0.1 —-q T
-w
0 . !
azR1 a;R2 agR1 a;R2 a,R1 a;R2

Figure 6.3: Bar plot of the SINDy model coefficients. The coefficients are normalized to sum to 1
to visualize the effect of each coefficient on modeling the discrepancy. This plot does not include
any bias term, as the bias changes with every definition of the MoCap body. R1 here refers to the

model learned using the data of Robot 1 and R2 is the model learned using the data of Robot 2.

to identify common terms between the two robots to derive generalized final models. The model
validation section compares the predicted discrepancy with the measured discrepancy on the test
data for both robots. Additionally, it compares translational accelerations using and not using the
SINDy model on their respective test data. Finally, in the hardware validation section, an LQR
controller based on these final models is employed to evaluate its performance against a controller

that does not incorporate any discrepancy model.

6.6.1 Model ldentification

Learned coefficients using SINDy for the two robots are represented in the Fig. 6.3. Note that the
barplot doesn’t show any bias term. As the bias term changes with every definition of robot body in

the MoCap software and is not consistent between different robots.
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Figure 6.4: Validation plot of SINDy model: The plot shows the discrepancy data (green) from the

test trajectories for the two robots and the predictions of the SINDy model (red).

agq, model

Around 60-70% of the discrepancy in the x;, direction can be attributed to the robot’s body velocity in
that direction, which is expected. In a flapping-wing robot, if the forward and backward strokes have
the same velocity, the net drag force can be assumed to be directly proportional to the body velocity
since drag force increases with the square of velocity [51]. The model did not learn any discrepancy
acceleration caused by the angular velocity around the y,-axis. This might be attributed to the
short moment arm between the robot’s center of mass and its aerodynamic center. Additionally, the
model demonstrates a clear reliance on the offset voltage that produces the pitch torque. This is
likely because each wing’s thrust vector is not perfectly vertical but slightly angled inward towards
the center of mass. Consequently, when pitch torque is applied and moves the aerodynamic center
behind or in front of the center of mass, this inward-pointing thrust vector also generates force in the
direction of motion. This represents first of its kind quantification of this discrepancy for flapping
robots of this scale in literature. Finally we picked the common candidate functions between the

two robots and defined a4, as a least square fit with two terms [u,V,]. The coefficient determined
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Figure 6.5: Modeled vs predicted accelerations: The plot shows the acceleration data (green) from
the test trajectories for the two robots. Shown in red are the predicted accelerations obtained by

combining the SINDy model with the robot parametric model.

for body velocity in our experiments for both robots is approximately —4.2s~!, corresponding to a
drag coefficient of —7.8x10~* Ns/m. This drag coefficient is roughly four times greater than that

reported in [51], which was —2x 10~* Ns/m.

ag, model

In analyzing the discrepancy in the body’s y-direction, it is evident that 40-60% of the discrepancy is
attributed to the robot’s body velocity, as anticipated. Similar to the a4, model, there was no consis-
tent correlation observed with the robot’s body angular velocity about the x-axis. Furthermore, the
model indicates a distinct 25% discrepancy resulting from differential amplitude between the two
wings, 8A, which generates roll torque. Therefore, for the final a;, model, we learned a least square
fit with the two common terms between the two robots [v, §A]. The determined drag coefficient for

the ag, model is calculated to be —2.5x 10~* Ns/m, closer to that reported in [S1].
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agq, model

The magnitude of the discrepancy in the body’s z direction is smaller compared to the discrepancies
in the x and y directions. Nevertheless, certain common terms can be identified between both
robots, including ¢, A, 8A, zpos. The flapping amplitude (A) term serves as a correction factor for
the originally obtained amplitude mapping from the precision scale experiment. The dependency
on zpos accounts for tether stiffness. Terms |u| and |v| represent factors that consider an increase
in thrust when the robot encounters a new flow. Understandably this dependency was not observed
in robot 1 because it has more data close to the hover position. However, no clear explanation for
dependency on ¢ and 0A exists within this model. For the final model of a4,, we will utilize a least

square fit with the common terms [g, A, 8A, zpos].

6.6.2 Model Validation

After performing the least square estimation on the selected terms in the previous section, we utilized
this final model to predict the discrepancy in the test data of both robots. The graph in Fig. 6.4
illustrates these predictions. It is evident from the graphs that while the models can predict low
frequency accelerations, they are unable to predict high frequency discrepancies in the data. One
possible reason is that we are using stroke averaged model in this work that is based on stroke
averaged body velocities and inputs while this model can predict stroke averaged accelerations,
high frequency predictions might require in-stroke dynamics like angle of attack and flapping angle.
Fig. 6.5 displays a comparison between the acceleration of the robots in the test data and their
predicted accelerations. The predicted accelerations are calculated as a combination of accelerations
from both robot parametric model and SINDy model learned in this paper. Furthermore, Table 6.2
provides a list of /, norm errors for these predictions and compares them with errors resulting from

using only robot’s parametric model.

6.6.3 Hardware Validation

The hardware tests are done using a feedback LQR controller with the UW Robofly. The LQR
controller uses the discrepancy model learned in this work. A and B matrices are obtained by

linearizing the full non-linear dynamics in combination with the discrepancy model.
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Error Robot Paramteric model Robot Paramteric model

Norms + SINDy Model
Robot 1 Robot 2 Robot 1 Robot 2
im/sec? 92,6 51.2 17.4 25.1
vm/sec? 259 45.4 12.3 32.2
W m/sec? 16 35.8 8.7 20.6

Table 6.2: L2 norm of the errors between the measured acceleration data and predicted accelerations.
Columns 2 and 3 list the errors by using just the parametric model. Column 4 and 5 list the errors

of prediction by the SINDy model combined with the parametric model.

Bias correction: The linearized version of the model, however, does not include the bias and
zpos terms. Therefore, a feed-forward correction is used to adjust the bias term. Although the zpos
term was utilized for validation graphs in previous sections, it was not employed in the hardware
experiments. As previously mentioned, bias terms arise when the thrust vector does not align with
the body-z axis as defined in the motion capture system. Assuming that thrust is equal to the weight
of the robot, we can use the learned bias term to determine the angular difference between the body-
z axis and thrust vector. This angular difference can be directly corrected in the MoCap software
by redefining the coordinate frame with calculated angular deflections. In subsequent hardware

experiments, we applied this rotational correction.

Hovering

We did five hovering flights, each lasting 3 seconds. The robot was able to hover with RMS errors
in position of 1.32 cm, 1.19 cm, 1.345 cm, 1.343 cm, and 1.343 cm. As shown in table 6.3 this out-
performs the errors obtained in our previous work [37], which doesn’t use any discrepancy model.
Our RMS errors are higher than an adaptive PID controller proposed in [23] that has an average
error of 0.77 cm. We think this is due to the fact that adaptive PID controller are finely tuned for
specific tasks, whereas the LQR controller used here was only tuned once for determining the Q

and R matrices and is more general, as it can be linearized about different states. These five hover
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O Desired Trajectory O Actual Trajectory

Z (om)

Figure 6.6: Maneuvers performed on Robofly using the SINDy model in an LQR controller: a) five
hover trajectories are shown in a 3D plot, b) photo composite of top view of Robofly tracking a
circular trajectory, the desired trajectory is shown in green, and c) 2D plot of the desired and actual

circular trajectory traced by the robot.

trajectories are shown in Fig. 6.6(a).

Response to external disturbance

Similar to the work in [37] we deliberately pulled the robot with the Kevlar thread to test the con-
troller’s response to external disturbances, resulting in accelerations over 2.8g. The robot was able

to correct its orientation and moved towards the hovering point once the external force is removed.

Trajectory tracking

Here the robot was asked to follow a pre-computed circular trajectory of 10 cm radius in a 3.5-second
flight. Robofly performed that maneuver with an RMS error of 1.58 cm in x-y position tracking.
As shown in table 6.3 this outperforms the errors obtained in our previous work [37], which doesn’t
use any discrepancy model. Photo composite of the maneuver is shown in Fig. 6.6(b). Just like
the previous work, the desired waypoints on the trajectory were given in the form of position and
velocity set points. The controller used the same Q and R matrices as the hovering maneuver and
as used in [37]. For comparison, in [107] authors tracked a 5 cm radius circular trajectory with a

higher reported x-y position error of 1.8 cm. Our position tracking error is lower while we achieve
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Maneuver No discrepancy model SINDy Model
with LQR [37] with LQR
Hovering 2.58+ 0.14 cm 1.31£ 0.06 cm
Trajectory Tracking 2.02 cm 1.58 cm

Table 6.3: Root means square position error comparison of hardware experiments performed in this

work with the previous work.

a much higher flight velocity (26.5 cm/sec vs a maximum speed of 5.2 cm/s in [107]).
6.7 Conclusion and Future Work

In this paper, we introduce a novel approach to enhance the precision and speed of flapping-wing
insect-sized robots by incorporating discrepancy modeling and learning stroke-averaged transla-
tional models from free-flight data. Our research identified discrepancies in longitudinal and lateral
flight dynamics due to translational velocities causing drag forces. We also observed discrepancies
due to input pitch and roll torques, which lead to translational accelerations because of the inward-
pointing thrust vectors unique to flapping wings. Additionally, we observed an increase in thrust as
the robot’s translational speed is increased. By integrating these findings into an LQR controller, we
demonstrated significant improvements in hovering precision and trajectory tracking.

These advancements highlight the potential for high-speed, time-optimal maneuvers in FIRs.
Future improvements could include modeling high-frequency discrepancies and employing more
accurate integration techniques like RK4 to reduce high-frequency noise in the discrepancy data.
Another direction is to learn the dependency of the damping coefficient on the robot’s speed. While
we established that the damping coefficient’s magnitude changes with speed, future work can ex-
plore this relationship for a more accurate model. These improved models could then be used to

achieve higher speeds than achieved in this work, with improved precision.
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Chapter 7
CONCLUSION AND FUTURE WORK

This thesis presents significant advancements in the development, calibration, and control of
insect-sized flapping-wing robots (FIRs). Through five distinct but interconnected projects, we
addressed several critical challenges in the fabrication, calibration, control, and performance opti-

mization of these tiny robotic systems.

* Bias Torque Correction Device: We developed a device to automatically correct bias torques
in small-sized airborne robots, facilitating high-volume manufacturing of FIRs. The device
significantly reduces manual trimming time, providing a predictable and less wear-prone
method for ensuring stable take-off flight. Additionally, it can trim robots with misaligned

payloads and can be adapted for various FIR designs and thruster types.

* Torque Measurement System: We introduced a system to map control voltages to the resulting
roll and pitch torques in flapping-wing robots. This system improves upon previous methods
by directly measuring torques, aiding in the better modeling of FIR dynamics and enhancing

control performance, especially during aggressive maneuvers.

* Longitudinal Force Actuation: Our research successfully introduced a novel mode of actua-
tion to enhance the maneuverability of FIRs. By generating drag-based longitudinal force and
mitigating coupled torques, we demonstrated the first direct actuation of longitudinal thrust
on a flapping-wing vehicle in free flight. This advancement opens the door for more agile and

biologically inspired robotic flight.

* LQR Control Implementation: We developed and validated a theoretical model of the UW
Robofly, implementing an infinite horizon Linear Quadratic Regulator (LQR) control strategy.
This enabled stable hovering, recovery maneuvers, and trajectory tracking, demonstrating the

controller’s potential for integration into microcontrollers on tiny robotic platforms.
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* Discrepancy Modeling and Learning: We enhanced the precision and speed of FIRs by in-
corporating discrepancy modeling and learning stroke-averaged translational models from
free-flight data. These improvements led to significant gains in hovering precision and tra-
jectory tracking, addressing challenges posed by unsteady aerodynamics and manufacturing

inconsistencies.

7.1 Future Work

Despite the progress made, several areas remain for future exploration and improvement:

* Yaw Trimming : Incorporating yaw trimming could further enhance the calibration process.
Adding a vertical-axis flexure could provide comprehensive aerodynamic characterization and

improve control performance.

* Accelerometer Integration: Future improvements to the torque measurement system could
involve integrating an accelerometer to measure angles, simplifying the device’s use. Ad-
dressing the noise caused by wing vibrations through vibration attenuation techniques could

make this approach feasible.

* Maximize longitudinal thrust: Updating wing and transmission designs to maximize longi-
tudinal thrust would be useful for enabling greater agility of the robot. Leveraging the low-
latency capability of onboard gyroscopes to directly compensate for coupled torques could

eliminate the need for prior calibration.

* Adaptive and Gain-Scheduled Controllers: Replacing the single LQR gain with a gain-scheduled
approach for different flight states could improve control across a broader flight envelope. In-
corporating adaptive control models to account for thrust vector offsets could further enhance

flight precision and agility.

* Receding Horizon Control (RHC) / Model Predictive Control (MPC): Implementing RHC
or MPC techniques could accurately factor in actuator constraints. Using RHC can also en-

able more precise and aggressive maneuvers by combining longitudinal actuation model with
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pitch torque. Adapting advancements from Tiny-MPC for the Robofly could yield substantial

improvements in controller performance.

By addressing these future work areas, we can bring robotic flapping-wing systems closer to the

performance of their biological counterparts, paving the way for more agile, precise, and efficient

FIRs.
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