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In this paper, a control theoretic framework is introduced to analyze an information extraction approach from
patterns of optic flow based on analogs to wide-field motion-sensitive interneurons in the insect visuomotor system.
An algebraic model of optic flow is developed, based on a parameterization of three-dimensional urban
environments. It is shown that estimates of proximity and speed, relative to these environments, can be extracted
using weighted summations of the instantaneous patterns of optic flow. Small perturbation techniques are then
applied to link weighting patterns to outputs, which are applied as feedback to facilitate stability augmentation and
perform local obstacle avoidance and terrain following. Additive noise and environment uncertainties are
incorporated into an offline procedure for determination of optimal weighting functions. Stability is proven via local
asymptotic analysis and the resulting approach demonstrated in simulation using a micro helicopter in a three-

dimensional urbanlike environment.

Nomenclature

state-space dynamics matrix

tunnel half-width or distance to obstacle, m
control coefficient matrix

body frame

observation matrix

= observation inversion matrix

cosine function

distance, m

weighting/basis function

inertial fixed frame

distance to front/rear obstacle, m
nominal height above ground, m
linear quadratic regulation performance index
gain matrix

= number of spherical harmonic outputs
number of optic-flow-encoded states
state estimate covariance matrix

roll rate, rad/s

optic flow

vehicle pose

pitch rate, rad/s

noise covariance matrix

rotation matrix

= point on a spherical imaging surface
yaw rate, rad/s

sine function

control vector

= forward velocity, m/s
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= velocity vector, m/s

lateral velocity, m/s

output weighting matrix

wide-field integration measurement noise vector
vertical velocity, m/s

vehicle state vector

forward distance, m

static state estimates

spherical harmonic function
wide-field integration outputs, rad/s
lateral distance, m

vertical distance, m

body-referred elevation angle, rad
body-referred azimuth angle, rad
perturbation

uncertainty relative weighting

optic flow measurement noise vector
pitch angle, rad

normalized actuator input

nearness function, 1/m

lateral flapping angle, rad

Legendre function

roll angle, rad

longitudinal flapping angle, rad
heading angle, rad

solid angle, sr

= angular rate vector, rad/s
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Subscripts and Superscripts

b = body frame

cl = closed loop

D = inertial down direction
E = inertial east

l = harmonic degree

lat = lateral

lon = longitudinal

N = inertial north

m = harmonic order

mr = main rotor

ref = instantaneous reference/target trajectory
S = inertial south

1t = thrust
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= inertial up direction
inertial west
nominal

measured quantity
= estimated quantity
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I. Introduction

NTEREST in micro air vehicle (MAV) platforms has expanded

significantly in recent years, primarily due to the requirement for
inexpensive surveillance and reconnaissance. To be truly effective,
these platforms will need to be endowed with the capability to
operate autonomously in the environments of interest. Existing
guidance systems consistent with MAV payloads are bandwidth
limited (5 Hz), weigh on the order of 15-30 g, require 0.75-1 W of
power, and do not function indoors due to global positioning system
availability. Miniature laser rangefinders and ultrasonics have the
required bandwidth; however, implementations are also on the order
of 25-40 g, require 400 mW, and have a very limited field of view.
Traditional machine vision approaches [1-6] that infer proximity and
velocity information from camera imagery have been demonstrated;
however, these algorithms are computationally expensive and
require offboard visual processing, even on vehicles with significant
payloads [7]. For an aerial microsystem with a requirement of both
indoor and outdoor operation, there are currently no viable
approaches to achieve the required velocity estimation, obstacle
localization, and avoidance. Hence, novel sensors and sensory
processing architectures will need to be explored if autonomous
microsystems are to be ultimately successful.

For inspiration, researchers are looking to the millions of examples
of flying insects that have developed elegant solutions to the
challenges of visual perception and navigation [8]. Insects rely on
optic flow [9,10], the characteristic patterns of visual motion that
form on their retinas as they move. These time-dependent motion
patterns are a rich source of visual cues that are a function of the
relative velocity and proximity of the insect with respect to obstacles
in the surrounding environment [11]. The discovery of common
navigational heuristics [12—14] observed in behavioral experiments
with animals has spawned several biologically inspired approaches
for MAV navigation. Recent efforts include obstacle centering
[15,16], avoidance [17-19], and terrain following [20-22]. In most
of these cases, a feedback signal is generated by comparing single
points or uniformly averaged patches of optic flow on the sides or the
bottom of a vehicle to generate either continuous control input,
intermittent avoidance maneuvers, or both. Some studies require
independent sensing of vehicle rotation rates, and results are pre-
dominately presented without formal closed-loop stability analysis.
Additionally, the previously mentioned approaches ignore (in favor
of more traditional architectures) the fundamental processing and
feedback mechanisms that insects employ to extract information
from optic flow and to regulate behavior.

In other studies, algorithms have been applied to generate
estimates of egomotion and/or the structure of objects in the
surrounding environment based on optic flow measurements. Past
research has typically fitted a theoretical model of optic flow to
measurements at a series of points in an image by numerical solution
of the least-squares problem [23-26]. This procedure can be used to
extract the direction of a vehicle’s velocity vector as well as its
rotation rates. Alternatively, one can solve for the vehicle motion
states using an estimate of the terrain shape and subsequently use the
egomotion to refine the terrain shape estimate [23,27]. Noise
robustness was accounted for in [28], using a bioinspired approach to
measure motion states, but the study did not close the control loop or
extend to obstacle avoidance. Motion extraction can also be achieved
using extended Kalman filters, with the nonlinear optic flow
equations forming the measurement model [2,29,30]. Kalman
filtering finds additional use in smoothing noisy state estimates
obtained from least-squares solvers [23]. However, these studies do
not address obstacle avoidance, and an accurate vehicle/environment
model is usually required [23,24,27]. The associated computational
burden is high, especially for algorithms that employ a feature

tracking step to select high contrast image points at which optic flow
can be more accurately measured [24,27,30,31].

In the majority of flying insects, specialized neurons called
tangential cells, which are responsive to wide-field patterns of retinal
motion, parse complex optic flow patterns over large swaths of the
visual field to extract cues for navigation [32-34]. The autonomous
vehicle laboratory (AVL) at the University of Maryland has
developed a framework to analyze this unique information extraction
approach, termed wide-field integration (WFI) [35]. The concept is
based on static feedback that generates compensatory commands to
hold simple patterns of optic flow fixed on an imaging surface, such
as the typical sine wave pattern induced on a circular sensor by
forward motion in a corridor. Weighted summations of optic flow
measurements are used to detect spatial imbalances, shifts, and
magnitude changes that have interpretations of relative proximity
and speed with respect to objects in the surrounding environment. An
example of this approach has been observed in the landing behavior
of honeybees; a simple feedback loop that holds the ratio of forward
speed to height constant while descending toward a surface
guarantees an exponentially decaying approach trajectory [36],
without the knowledge of absolute speed or distance. Complicated
patterns of optic flow can therefore be rapidly decomposed into
compensatory motor commands that maneuver the vehicle safely
between obstacles [35,37-39].

The primary advantage of WFI is computational simplicity; it does
not require direct vehicle state estimation, visual feature detection,
extraction, or classification. Useful information for stability aug-
mentation and navigation is obtained by analogs to tangential cell
processing (i.e., computing a handful of inner products of optic flow).
This is a very efficient process that is extremely robust to noise and
does not require high resolution visual imagery. It has been recently
demonstrated that this approach can be implemented in real time in
analog VLSI (very large-scale integration) at a high bandwidth
(1 KHz), using basic Reichardt-type elementary motion detectors for
optic flow estimation and a programmable current matrix for
computing inner products of optic flow measurements [40]. These
sensors consume power on the order of microwatts, and can be
packaged on the order of milligrams. Therefore, WFI offers orders of
magnitude improvement in bandwidth, power consumption, and
payload weight over implementations of traditional methodologies
described previously, which are constrained to operate on digital
processors. The objective of this paperis to extend WFI methods to a 6-
DOF rotary wing MAV and demonstrate simultaneous flight
stabilization and obstacle avoidance with proportional feedback of
weighted two-dimensional (2-D) optic flow measurements.

The paper is outlined as follows. In Sec. II, a framework for the
analysis of spatial decompositions of optic flow patterns on spherical
imaging surfaces is developed. An offline procedure for deter-
mination of optimal weighting patterns for static estimation of
relative states that account for noise and environmental uncertainty is
presented in Sec. III. Section IV introduces a static feedback
approach for flight stabilization and relative navigation, which is
validated in simulations of a rotary wing MAV within a three-
dimensional (3-D) urban environment in Sec. V. Feasibility of the
resulting approach is discussed in Sec. VI, along with comparisons
with existing navigation methodologies.

II. Wide-Field Integration of Optic Flow

In this section, an inner product model for tangential cell analogs is
presented, and the WFI framework is introduced to characterize the
information that can be extracted from patterns of optic flow on
spherical imaging surfaces. An algebraic model of optic flow is
developed based on a parameterization of the family of expected 3-D
environments. Small perturbation techniques are then applied to link
weighting patterns to outputs, which are functions of relative proximity
and velocity with respect to the parameterized environments.

A. Optic Flow Model

The (true) optic flow is the vector field of relative velocities of
material points in the environment projected into the tangent space of
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Fig. 1 Geometry for spherical optic flow. Optic flow is the projected
relative velocities of the objects in the environment into the tangent space
T,S? of the imaging surface: a sphere.

the imaging surface (Fig. 1). It is a combination of the observer’s
rotational and translational motion, along with the relative proximity
to surrounding objects. For a given angular velocity @ and trans-
lational velocity v of the vantage point, along with the nearness
function p (which represents the distribution of objects in the
surrounding environment), the optic flow pattern Qona spherical
imaging surface S? for an arbitrary distribution of obstacles can be
expressed [41] as

M
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Q, = pcosBcosy + gcosBsiny — rsin B
+ p(usiny —vcosy)
Qﬂ = psiny —qgcosy + p(—ucos fcosy

—vcos Bsiny + wsin B) 3

B. Parameterization of the Environment

To completely specify the optic flow pattern in Eq. (3) in closed
form, simplifying assumptions are required on the shape of the
nearness function u(y, B8, q) € L*(S?). The nearness function is
equal to 1/d(y, B, q), where d(y, B, q) € (0, 00) is the distance
from the imaging surface to the nearest object in the environment,
along the direction €, (Fig. 2b), and through a point on the imaging
surface r = (y, B). This function encodes the vehicle’s relative pose
q=(x,y, z, ¢, 0, ¥) with respect to the environment, where
(x, y, z) are the coordinates of the vantage point with respect to an
inertial frame F = {€,, €,, €.} located at the equilibrium position,
and (Y, 0, ¢) are the 3-2-1 Euler angles, representing the relative
attitude of the body frame B with respect to F.

If the environment is assumed to be an enclosed rectangular prism
(Fig. 2a), the nearness u(y, B, q) is a piecewise continuous function
given by

front wall
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The quantity Q = Qyé,, + Qﬁé p has components in the azimuth y
and elevation B directions (Fig. 1) and lives in the vector-valued
space of square-integrable functions on the sphere:

L*($2, R?) = {f: [?Eg] res?, fiu(r) e LA(S?), k=1, 2} )
2

If one expresses the velocity v = (u, v, w) and the angular velocity
® = (p, g, r) in coordinates of the body frame B = {¢,,, e,,, €},
the expressions for the azimuthal and elevation components of optic
flow are given by

hy+ 2z
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~ é,
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2 Sy
€z

ceiling

Parameters (gy, gs, ag, aw, hp, hy) represent the desired distance
from the walls at the equilibrium position. The derivation for Eq. (4)
is presented in Appendix B. The bounds for the validity ranges of
each u subfunction specify where the surfaces intersect, but due to
their complexity, they can only be computed numerically. Analysis in
the following sections is performed using numerical values for the
validity bounds.

The indoorlike environment described by Eq. (4) can be simplified
to environments useful for outdoor navigation. Flight above a flat
surface with no obstacles is modeled by the case for which
(gw, &s, ag, aw, hy) — oo (Fig. 2b). If there is an east-side
obstacle, then (gy, gs, aw, hy) — oo (in which Fig. 3b shows the

" — | R
ey = ag-y ay+y
é; 1 V-2
£G _ U Cp=
8, 8- X
a) b)

Fig. 2 Environment models for nearness function approximation: a) enclosed room with translational perturbations; and b) flat terrain and definition

of the distance function d(y, 8, q).
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Fig. 3 Nominal optic flow patterns: a) tunnel with floor; and b) right wall with floor.

expected optic flow pattern for straight and level flight). For a west-
side obstacle, (gy, gs, a5, hy) — 00, and for the case in which
there are obstacles on both sides of the vehicle, (gy, gg, fy) — 00
and ap = ay (Fig. 3a).

C. Tangential Cell Analogs

Tangential cells are large, motion-sensitive neurons that reside in
the visuomotor systems of most flying insects. They are believed to
pool the outputs of large numbers of local optic flow estimates and
respond with graded membrane potentials, for which the magnitude
is both spatially and directionally selective [9,10,42,43]. Essentially,
the integrated output is a comparison between the cell’s spatial
sensitivity pattern and that of the visual stimulus (e.g., Fig. 3).
Mathematically, this comparison can be modeled as an inner product
(a, b), analogous with the dot product between vectors, which is an
abstraction of the angle between objects a and b. Tangential cell
analogs for spherical imaging surfaces are defined as the inner
product on the function space L?(S?, R?) between the instan-
taneous optic flow Q and any square-integrable weighting function
F=Fré, + Ffeg:

Q. F)=LZQ-FdQ 5)
where - denotes the dot product in R?, and d2 = sin 8 dB dy is the
solid angle of the sphere.

Real spherical harmonics (Fig. 4), which are orthogonal functions
on L2(S8?), will be used as weighting functions in the two component
directions (y, B) to extract desired information from Eq. (3). These
functions take the form:

cosmy m=>0
sin|m|ly m<0

Yin(B. ¥) = Ni @ (cos ﬂ){ ®)

a) b)

Fig. 4 Spherical harmonic weighting functions: a) zonal, Y, _;; and
b) sectoral, Y; _;.

where ®}"(cos ) is the associated Legendre function {I/,m} € Z,
[ >0, |m| < I, and the factor N}" is a normalization coefficient. The
resulting wide-field integrated outputs for component weighting
functions Ff, = Y}, &, for k € {y, B} are then given by

. 2 T,
V() = (Q. FL) = [ /Qk<x)Y;f,,,sinﬂdﬂdy ™
0 0

D. Interpreting Wide-Field Integration Outputs

The objective is to characterize the relationship between the
component weighting functions Ff,, = Y, &, and the relative state:

x={y.260 v uvw p,q riR"

encoded by the projections in Eq. (7). This is achieved by linearizing
the y%,, about a nominal optic flow pattern. A desired (equilibrium)
optic flow pattern is specified by a predefined amount of longitudinal
and lateral asymmetry (Fig. 3). Physically, this is attained when the
vehicle is centered between arbitrarily spaced obstacles and is flying
straight and level at some desired altitude above ground. This is
expressed mathematically by the nominal trajectory:

X9 =1{0,0,0,0,0, ug, 0, 0, 0, 0, 0}

where u,; is the target forward speed.

To provide an intuitive illustration of the linkages between outputs
and weighting patterns, consider a tunnel environment with infinitely
high walls, (by, bg, hy, hp) — oo and ap = ay,. Several harmonic
decompositions using this optic flow model are presented in Fig. 5.
For example, ygo provides a measure of the heave velocity when the
signal is linearized about x,,. It quantifies the goodness of the match
between the actual optic flow pattern and a purely longitudinal
template pattern defined by the harmonic Y{i o> Which has constant
magnitude for all points on the sphere. A climbing vehicle
experiences longitudinal optic flow on both sides of the vehicle, and
this deviation from the nominal pattern is captured by the WFI output
yg_o. The Y {j | harmonic weights the front and rear of the vehicle
strongly but with opposite signs, thus capturing any forward—aft
optic flow asymmetry (induced by pitch axis rotation) in the
decomposition. The lateral offset from the tunnel center is captured
by the y}, output, which places large negative azimuthal flow
weights on both sides of the vehicle. If the vehicle is nearer the right-
side wall, the optic flow will be larger on that side (where azimuthal
flow is positive), thus the WFI output will be negative. If the left-side
wall is nearer, then the negative-direction azimuthal optic flow will
be stronger, and the output will be positive. The positive weighting of
the optic flow at the front and rear of the vehicle acts to filter out yaw
rotation motion from the decomposition.

III. Optimal Static Estimation of Relative States

Optic flow cannot be measured directly; it must be inferred from
the spatiotemporal patterns of the luminance incident on an imaging
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Fig. 5 Decomposing optic flow using spherical harmonics: WFI outputs indicate perturbations to the nominal optic flow pattern (top of figure) and are

scaled functions of state.

surface. Therefore, the optic flow estimation process introduces error
in the measurements, which is compounded by sensor noise and
contrast/texture variations occurring in the environment. Additional
uncertainty associated with the nearness function is present due to the
variation in the obstacle distributions from the baseline environ-
ments, assumed in Sec. IL.B. In this section, an offline procedure for
determination of optimal weighting patterns for static estimation of
relative states that accounts for these uncertainties in the optic flow
model in Eq. (3) and the environment in Eq. (4) is developed.

A. Measurement Model

Given M >n linearly independent weighting functions
F, = {Fy/, j=1, ..., M}, the WFI outputs in Eq. (7), using the
optic flow model in Eq. (3), can be linearized for small perturbations
about x,, which will yield linear output equations of the form
y = Cx. Accounting for environment uncertainty and measurement
noise, the observation equation becomes

y=Cx+w; C=Cy+4C (8)

where § € RM are the measured outputs, the noise w is zero mean
E{w} =0 with covariance E{ww’} = R,,. The quantity §C is
assumed to be a zero mean random perturbation E{§C} = 0, which
captures the variation in the nearness function u(y, B, q) from the
mean C,. It is further assumed that E{wSC”} = 0. Without a priori
knowledge of the statistical distribution of environments that the
vehicle will encounter, C, is approximated with an unweighted
average of the four cases described in Sec. ILB:

Co = i[C(aE =00, ay = 00) + C(ag =1, ay = 00)

4+ Clag =00, ay =1)+ Clag =1, ay = 1)] 9

where ap w = 1 mdefines a practical minimum for the nominal wall
clearance or the half-width of any tunnels an MAV might encounter.

B. Weighted Least-Squares Inversions

The problem is now posed in the form of a standard static linear
estimation problem, in which one seeks the solution of an
overdetermined, inconsistent set of linear equations, given by Eq. (8).
The optimal choice that minimizes the weighted (W > 0) sum square
of the residual errors J=1(§ — CX)"W(y — CX) is given by
X = C'y, where

Ct = (CIWC,)"'CTwW (10)

The choice for the weighting matrix that acts to penalize high
measurement noise and/or environmental model uncertainty is
W = (Ry, + Rsc)~". To obtain an expression for Ry, itis first assumed
that optic flow measurements taken at discrete locations on the sphere
are affected by 2-D zero mean additive noise (y, ) with variance
0,2), with no correlation between dimensions, measurement nodes, or
with signal magnitude. Under these assumptions, the measurement
noise at the level of the integrated output is w; = (y, F, ), and the
noise covariance is given by E{ww }. Using linearity of Eq. (7) and
the properties of the covariance matrix, one obtains:

Ry;j= AﬂAyU%(Fyi, ij) 11)



152 HYSLOP AND HUMBERT

where A and Ay are setto 9 deg. Note that the measurement noise at
the level of the WFI outputs approaches zero as the number of
measurement nodes on the imager approaches infinity, providing
significant improvement in the signal-to-noise ratio: an attractive
property of the WFI processing approach.

To obtain an expression for Rge, it is assumed that no prior
knowledge of x is available and that Rs- should consider all states
equally without cross-state weightings. It follows that the elements of
the model uncertainty penalty matrix can be computed as

Rscij=¢Y _ cov(8Cy. §Cy) (12)

k=1

where ¢ is a weighting constant that can be adjusted to specify the
relative importance between the measurement noise w and the model
uncertainty §C in the estimator. To compute Rs- based on the
assumed model in Eq. (4), the covariance terms are conservatively
approximated using just the four extreme §C matrices. In the limit, as
& — 0, one recovers the well-known minimum variance Gauss—
Markov estimator, but the state estimates will be less robust to
environment uncertainties. Setting € 3> o tends to result in esti-
mates that are not robust to noise. Iteration with the simulation
(Sec. V) resulted in selection of € = 0,2,. The absolute magnitude of
these terms does not affect the estimator; only relative magnitude is
important.

C. State Extraction Weighting Functions

Optimality of the inversion in Eq. (10) is with respect to the span of
the basis function set, which defines the search space. In practice,
inclusion of spherical harmonics up to the 10th degree, constituting
M =242 independent weighting functions, provides a sufficient
span to achieve reasonable convergence to the global L2(S%, R?)
optimum. Instead of computing M inner products in real time, com-
putational requirements can be streamlined by leveraging the
linearity of the WFI operator. Consider relative state estimates
X = C'y, where § = (Q, F,). If the inversion is pushed through the
inner product, one obtains:

M
%= <Q, > C,TjF,j> (13)
j=1

for which the second argument in the inner product can be interpreted
as the optimal extraction pattern for the ith state:

M
F;‘/ = Z C;/F."'/
=1

These patterns are presented in Fig. 6.

When a relative state becomes nonzero, it imposes a perturbation
pattern upon the nominal optic flow pattern. These patterns are not
necessarily orthogonal to other state-induced patterns, thus the
optimal inversion generates weighting functions F; that act to
remove the coupling due to nonorthogonal states. It also concentrates
weightings on areas of the environment that are more consistent
across the modeled family. For example, the forward speed extrac-
tion pattern (Fig. 6) weights terrain-driven optic flow rather than that
arising from lateral obstacles. The noise penalty term in W acts as a
counter balance to this, ensuring that a spatially broad weighting field
is preserved in order to retain the noise mitigation benefits of
averaging. Without this, the patterns would be highly localized.

D. Partial Field of View

It has been assumed that the vehicle can measure optic flow over
the entire spherical viewing arena, but this may create hardware
design complications and possible optic flow computation issues if
the sky is uniformly blue or overcast. A rotating vehicle will not
induce a rotation field on a zero-contrast background, thus all WFI-
based relative states will be distorted, leading to potential instability.
It is therefore beneficial for robustness to measure optic flow below

the horizon only, where the existence of suitable image contrast is
more probable. The measurement domain can theoretically be arbi-
trarily small and still permit relative state estimates via WFI;
however, the estimates will become less robust to noise as the field of
view decreases.

The Cramer—Rao bound states that any inversion of the obser-
vation equation will result in a state estimate covariance matrix
P = E{(x — x)(x — x)7} that is bounded below by the inverse of the
Fisher information matrix P > (CTR;'C)~!. It is realized with
equality under Eq. (10), if 6C = 0. For a partial field of view, the
norm of (CTR'C)~! provides a means of evaluating the relative
noise throughput (mapping from ||¢| to ||w||). Using Egs. (9) and
(11), it is found that this norm roughly triples by restricting the field
of view to below the horizon only. This is deemed an acceptable price
for the ability to operate in conditions in which the sky has no visual
contrast. The optimum weighting patterns were obtained with a
lower hemisphere measurement grid, but these plots have been
omitted for brevity. The default design still uses the full spherical
measurement grid, but a performance comparison has been made
with the alternative half-sphere configuration (Figs. 9c and 9d).

IV. Feedback Control Design

In this section, it is shown how the relative state estimates X can be
used to stabilize an MAV about a desired relative state X,; with
conventional linear state feedback techniques u = —K(X — X,¢).
Static, rather than dynamic, compensation is employed to be consis-
tent with a low-computation paradigm. The vehicle selected for
simulation is the 390 g E-Sky hobby helicopter, with a 50.5 cm main
rotor diameter and a 14.5 cm tail rotor. A linearized flight dynamics
model was obtained in a prior study [44] via system identification
with the U.S. Army’s CIFER software package. The kinematics and
dynamics are linearized about the forward flight condition, with
ur = 1 m/s (Appendix A). For simulation, the full nonlinear kine-
matic equations are used.

The feedback control objective is to regulate the relative state
estimates provided by WFI to specified reference values, thereby
generating stable obstacle avoidance and terrain-following behav-
iors. The proposed methodology assumes that an altitude mea-
surement Z is available for feedback, along with the actuator states
(&, x, Q). The independent altitude measurement is required to
remove target altitude dependence on obstacle distribution in the
environment (Sec. VI). The estimates for the remaining 10 relative
states are generated using the optimal weighting functions
F;( =C TFyI

2, =(Q. Fy) + ClypiZ (14)

where Fy is an (M + 1) x 2 matrix of the spherical harmonic
patterns, and the M + 1 is a column of CT, corresponding to the
independent attitude measurement 2.

The desired reference for the state vector

X=0,200, V%, u, v, w p, q, r& x QL)

which accounts for the pitch and rotor speed variation from hover
required to reach 1 m/s, is taken as

Xt = (0, — K, 4(6—6), 0, —0.05, 0, 1.00, 0,
~0.05,0,0,0,0,0,0.21) (15)

Note the target altitude offset z,.; = —K_ 4(6 — 0) is a function of the
pitch angle measurement relative to the gravity vector 8 (assumed to
be provided by an additional sensor) and the WFI estimate 6 from
Eq. (14), which provides an indication of upcoming terrain. This
form of the reference is chosen in order to avoid unacceptable speed
loss during climbs over steep terrain. To prevent excessive or
unnecessary vertical velocities, z,.; is intentionally restricted to be
zero, except when in the range (—1, 0). Furthermore, the pitch angle
estimate 6 is subtracted from the WFI-based estimate 6 to preclude
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superfluous climb commands arising from the nominal specified

Fig. 6 Optimum weighting patterns to recover environment-scaled states from the optic flow pattern.

value of § = —0.05.
The structure of the final feedback control law is

U = _ZKk,x,((Q’ F;) + CZM+IZ -

where k = {Ap Ajgn, Ay Ay, denotes the actuator input, i =
{y, &, ¥, u, v, w, p, q, r} is the set of WFI-based state measure-
ments, and j = {z, 0, &, x, Q. } is the set of states measured with or
estimated from alternate sensors. Infinite horizon linear quadratic
regulation (LQR) [45] is employed to obtain a set of optimal
feedback gains. After iteration with the simulator (described in

Sec. V), the LQR state penalty matrix was set to

xi,ref) - ZKk.xj()ej -
J

J, =diag(25, 1,1, 1,5, 100, 20,5, 1, 1, 1, 10715, 10715, 10715)

and the control penalty matrix was set to J, = diag(l, 1, 1, 1).
Table A2 lists the final gains, and Sec. VI examines the stability of the

xj,ref)

(16)

vehicle across the range of modeled environments.

V. Simulation

In this section, the methodology and results are presented for

simulation of a helicopter in a scenario that can be likened to a
reconnaissance vehicle flying through an urban environment. The
weighted integrals of the measured optic flow signals provide
adequate information to stabilize and navigate with the linearized
vehicle model (see Sec. VI). There are no guarantees, however, in the
presence of measurement noise, nonlinearities, and differences

between the true environment and its mathematical approximation.
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c)

Fig. 7 3-D simulation environment.

Here, itis demonstrated in simulation that the vehicle can successfully
perform the goal of obstacle avoidance and terrain following in the
presence of noise and model environment uncertainty.

A. Methodology

Our in-house simulation environment provides visualization
capabilities as well as the ability to compute optic flow from
simulated cameras. The virtual MAV is installed with six cameras,
each with a 90 x 90 deg field of view and a resolution of
128 x 128 pixels. The cameras cover the six sides of a cube, such
that the full spherical viewing arena is imaged.

The imagery is first passed through a Gaussian blurring function to
mitigate aliasing issues. Optic flow is computed with a resolution
iterative implementation of the Lucas—Kanade algorithm at 60 fps for
800 image points. The points are distributed in a uv-coordinate
spherical grid, with constant angular spacing between nodes, and are
mapped from a virtual sphere surface to the flat cameras via geo-
metric projection. The environment surfaces and sky are textured
with imagery of sufficient visual contrast, so that optic flow can be
computed. The optic flow measurements are desampled from 800 to
200 by unweighted averaging of square groups of four adjacent
nodes. Outlier measurements with a high final cost function or
infeasibly large shift estimates are ignored in the block average. This
step reduces noise, because some areas of the viewing arena may still
have poor contrast. The simulation process is illustrated in Fig. 8.

To demonstrate robustness with respect to initial conditions, a
Monte Carlo approach was employed. Twenty initial headings and

(x, y) locations were generated using a uniform distribution,
excluding parts of the environment covered by buildings.

B. Results

Figure 9 shows that, from all initial conditions, the helicopteris able
to successfully avoid the obstacles while maintaining a targetheight of
1 m above the ground. This is achieved almost entirely with optic-
flow-based measurements, with the exception of the independent
pitch angle, altitude, and actuator-related state measurements.

There are several instances in which the helicopter heads back
toward the buildings after clearing the obstacle course, but this is a
reaction to the large sky dome that surrounds the environment
(Fig. 7c). Figure 9e shows the helicopter climbing over a box
completely obstructing its path, which is made possible by the adjust-
ment of target altitude. The terrain pitch angle spikes as the helicopter
approaches the box, which pushes the target altitude up, forcing the
vehicle to temporarily track an altitude above ground greater than 1 m
in order to more safely approach the upcoming terrain. Restricting
the measurement grid to the lower hemisphere (Figs. 9c and 9d)
resulted in a roughly similar performance but eventual deviation in
the trajectories due to differences in the y and v estimates. The full
measurement grid covers the entire height of the buildings, thus the
vehicle has stronger and earlier warnings of lateral obstacles. The
lower hemisphere grid covers only the lower section of the buildings,
thus delaying the spiking of the WFI-based obstacle indicators.

Figures 10 and 11 show the states and measurements for part of the
Fig. 9ctrajectory (during the second major turn). The asymmetry in the
optic flow pattern that prompts an avoidance maneuveris evident from
Fig. 11.Inthe z plot, the true curve describes the vertical trajectory with
respect to the inertial frame, but the measured z shows the deviation
from the desired height above ground (which is regulated to a target
level accounting for the upcoming terrain). For both the z and 6 plots,
this difference in reference frames explains apparent discrepancies.
Despite the fact that the WFI delivers environment-sensitive state
estimates, the measurements still satisfactorily track the true quan-
tities. The low noise levels are attributable to the white-noise miti-
gation property of the WFI and the outlier rejection step in the spatial
filtering of the optic flow measurements. The environment-related
scaling error in the ¢ estimate does not compromise roll stability, but
the high gain on the ¥ and y does lead to oscillations from the feedback
of finite noise.

VI. Discussion

Optic flow is a relative measure, thus the state estimates obtained
in this study are generally scaled combinations of speed/depth. In this
paper, it has been shown that these quantities are sufficient for
regulating a safe optic flow pattern, and hence a safe trajectory. One
complication of this is that pure WFI-based control will cause the

Optic Flow Measurement

Wide Field Integration & Control Q

Fig. 8 Simulation process diagram.
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Fig. 9 Simulation results of trajectories: a) and b) trajectories using full
measurement grid; ¢) comparison of full- and half-sphere measurement
grid; d) side view comparison during navigation over 0.5 m box; e) 1 m
box; and f) 1 m ramp.

vehicle to regulate a lower altitude when obstacles are tightly spaced.
From a safety viewpoint, this is undesirable, which is why an
independent measurement of Z was assumed available in this study.
In contrast, it may be beneficial to link forward speed with lateral
obstacle spacing using a weighting pattern, such as that shown in
Fig. 3a, to measure u. This strategy is beyond the scope of the study.

Although the simulations demonstrate apparent stability, it is of
interest to examine theoretical stability and the potential for this
concept to be applied in other scenarios. LQR guarantees a stable
small perturbation system, given a perfect vehicle model (x=
Ax + Bu) and a perfect state knowledge. Stability in the presence of
aerodynamic model perturbations could be evaluated with a struc-
tured singular value analysis, but the focus of this paper is WFI
processing, thus no such analysis is included. The latter assumption
will, in general, be violated due to environment dependency in the
state estimates. It is therefore pertinent to check that this does not
compromise the stability.

The observation equation describing the linearized information
contained in the state estimates is

% = Cyx = (diag{1,0,1,0, 1, 1, 1, 1, 1, 1, 1, 0, 0, 0}C'C

+ diag{0, 1,0, 1,0,0,0,0,0,0,0, 1, 1, 1})x (17)
1.6F
% 1 A
X
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where C; # I if C # C,. The linear stability analysis proceeds by
ensuring that the eigenvalues of Ay = (A — BKCy), the inner loop,
lie in the open left half of the plane. Because the state-dependent
reference condition accounts for the unmodeled (nonflat) terrain, it
does not affect the small perturbation stability within the context of
our modeled flat environment. From the numerical eigenvalue
analysis (see Fig. 12), it is found that the linearized system is indeed
closed-loop stable across the entire family of modeled outdoor
environments.

The eigenvalue method can also be used to evaluate stability in
other environments. In the large perturbation regime, stability could
be demonstrated by nonlinear methods similar to the Lyapunov
analysis performed for a planar vehicle in [35]. The simulation results
presented here demonstrate applicability beyond the simple environ-
ment model. With the WFI methodology, the vehicle attempts to track
an obstacle-symmetric path through its world (essentially approxi-
mating the optic flow pattern as an infinite tunnel), a characteristic that
is independent of environment structure. Different behaviors can be
rapidly realized during flight by adjusting the target state in Eq. (15),
which specifies desired optic flow asymmetry. Setting a nonzero y,.¢,
for example, will cause the vehicle to track a noncentered path or (in
the extreme) hug a wall.

Note that the possibility of a collision course into a symmetric
obstacle is finite but small because such trajectories are unstable [35].
There are several close encounters in Fig. 9, but when the helicopter
becomes near enough, small asymmetries become stronger, enabling
an avoidance maneuver before impact. Despite exclusion of a front-
side wall from the environment model, the designed weighting
patterns are still useful in these near-head-on approaches. However,
the instances during symmetric approaches to building walls or
corners (which generate minimal optic flow), where proximity
becomes unsafe, suggest the need for an emergency turn or contin-
uous control capability based on feedback of a WFI-based x (frontal
proximity) estimate [14,46]. This estimate pattern could be obtained
using the inversion of WFI outputs within the enclosed room
environment in Eq. (4). The inherent limitation is that small obstacles
generate high frequency perturbations to the optic flow signal that are
filtered out by WFL. For avoidance of such obstacles (i.e., poles and
wires), one could implement detection of these high frequency
anomalies or make use of a forward-pointing range finding sensor,
such as sonar [47]. The WFI technique presented in this paper is
suited to the avoidance of large obstacles.

With regard to concept feasibility, existing MAVs are capable of
obtaining attitude and angular rate estimates through the use of gyros,
accelerometers, and magnetometers [48]. A pitch attitude sensor is
therefore easily attainable, and lightweight sonar sensors are
available for measurement of height [48,49]. Rather than relying on
optic flow for the remaining nine states, an improved configuration
might employ an onboard inertial measurement unit to provide
attitude and rate measurements (due to its superior accuracy). The
niche for optic-flow-based sensing on MAVs is not an accurate state
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Fig. 10 Speeds, rates, and optic-flow-extracted measurements are plotted for simulation results for the full spherical measurement grid case shown in

Fig. 9c during a 90 deg turn.
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Fig. 11 Vehicle pose, WFI outputs, and measured optic flow are plotted for simulation results for the full spherical measurement grid case shown in

Fig. 9c during a 90 deg turn (w.r.t. denotes with respect to).

estimation but a relative proximity and velocity estimation. With
respect to camera configuration, the setup proposed in this paper is
academic, but a similar feasible realization is certainly possible.
Because lower hemisphere measurements are sufficient, one could
use a single camera and a panoramic mirror [50]. Corridor-following
WFI demonstrations have been made with such a setup on a wheeled
ground robot [35,51] and a micro helicopter [49].

To compare results with similar studies, the ability to successfully
navigate a cluttered field makes this study comparable with [17]. A
previous WFI study, with a fixed-wing vehicle [52], achieved a
similar feat, but measurements were confined to three orthogonal
rings of optic flow rather than the full sphere. Consequently, objects
not appearing in the pitch plane or yaw plane would not be avoided.
The centering behavior demonstrated in Fig. 9 outperforms the optic-
flow-controlled trajectories in [15], because only the lateral offset is
controlled in that study instead of offset and orientation. Similarly,
the terrain-following performance improves on [21,22] for the same
reason, but in the vertical plane. An algorithm developed in [20]
potentially offers a more robust obstacle avoidance by detecting
impingements on a spherical tunnel, but it assumes independent
knowledge of vehicle motion.

In terms of motion estimation and terrain mapping, WFI does not
provide explicit information about environment structure, as in
[23,27], but it does enable motion-state extraction with noise levels
and accuracies, similar to those reported in [27,30] and superior to
those reported in [23]. Even lower noise is achieved in [24], but high
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Fig. 12 Root locus diagram for range of wall spacings. Closed-loop
eigenvalues computed for ay and ag, independently ranging from 1 to
1000 m (~00) in steps of 1 m.

contrast feature tracking is employed, which is computationally
expensive. Although optic flow computations in our study make use
of a digital processor and modern optic flow algorithm, the attractive
potential of WFI is its low computational burden and suitability for
analog implementation [40]. The disadvantage is that this imple-
mentation does not perform well in environments with large areas of
poor contrast, a limitation of the dynamic range of modern imaging
devices. This could potentially be overcome through use of adaptive
analog imaging and/or different optic flow algorithms (i.e., block
matching). For this reason, most vision-based navigation studies use
feature detection/tracking [53], but the associated computational
requirements are generally too large for implementation on MAV
avionic hardware (i.e., small fixed point processor) at high bandwidth.

VII. Conclusions

This paper demonstrates that optic-flow-based WFI techniques
can be extended to 6-DOF vehicles. Measurements of the spherical
2-D optic flow pattern, integrated against various weighting patterns,
provide MAVs with information reliable enough to stabilize the
vehicle and navigate an unknown environment. Using algebraic
approximation of simple 3-D worlds, one can predict relative state
information that can be decoded from optic flow measurements using
spatial decompositions of the optic flow pattern. Weighting patterns
were derived using an optimal inversion technique that provided the
best scaled estimates of relative states, given noisy measurements
and uncertainty in the environment. For the linearized model of a
micro helicopter, LQR inner loop control was augmented with a
variable target altitude to enhance its ability to climb steep terrain.
The eigenvalues of the static output—feedback system were shown to
be stable across the entire family of modeled environments, and
when simulated in a cluttered field, the helicopter successfully
avoided obstacles and terrain anomalies. Real-time implementation
requires just 10 weighted summations of 200 optic flow measure-
ments per control update. Given the current lack of sensors with
suitable mass and bandwidth for MAVs, WFI implementations could
provide an attractive alternative for stability augmentation and
collision avoidance in the field.

Appendix A: Micro Air Vehicle Dynamics and Control

The dynamics equations of motion are given in Eq. (Al). The
actuator saturation limits are |A,| < 1, |Ajoa] < 1, ]A,| < 0.5, and
| Ayaw| = 1. Characteristic stability quantities are defined in Table A1
with SI units, and all symbols have their usual flight dynamics
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interpretations. The kinematics equations were linearized about x,,
for the LQR computation, and the LQR results are in the first
four columns of Table A2.

u=-—gb+ X,u; V=g + Y, U — gt
W = Z w + ZQm,er + Uretqs [7 = LUU + LS‘S;:

g=M,u+M,Yx; r—Nr—i—NAmA

3 1 E Sl gon

%‘:-p——g-}-—x ltAlal I Alon
b T

. X 1 x Xion

X=—9 + _5%- - = Alal l Alon
2 ff Ty

er = TQm, er + TA,At (Al)

Appendix B: Nearness Function Derivation

Consider the general scenario of a vehicle surrounded by flat
surfaces positioned north, east, south, west, up, and down, relative to
the inertial vehicle frame. The desired position of the vehicle is some
nominal location within the enclosed room. When the vehicle
deviates from its nominal position (Fig. 2a), the deviation is captured
by the orthogonal quantities (x, y, z). The objective is to find a
model for the distance to obstacles in this general environment.

Expressed as a vector quantity, the distance to a surface along the
direction €, from a point r on the sphere is d = d(y, 8, q)€,,
assuming that || r|| < ||d(y, B)||. For the surface below the vehicle
(Fig. 2b), the altitude is denoted as i, — z. The component of d along
the direction of the fixed frame F vertical €, is therefore given by

(d, &) =hp—2 B1)

To derive the general expression for u(y, B, q) = 1/d(y, B, q), the
vector d needs to be expressed in F coordinates for a general

Table A1 MAYV stability characteristics

Force/moment Actuator dynamics
coefficients coefficients
X, =-0.5214 7, =0.15
Y, =—0.4799 & =155
Z, =—0.6802 & = 0.245
Zg,, =0.170 Elon = 0.043
L, = —8.246 Xe =—2.82
= 1273 Xia = 0.044
Ml, =3.599 Xion = —0.202
M, =341.6 Tq, =—6.182
N, =—0.8786 Ty, = 1449
Ny, =39.06 g=9.81

Table A2

orientation to facilitate the extraction of the €, component. Consider
the spherical coordinate unit vector €, (Fig. 1) expressed in B frame
coordinates:

sin 8 cos y
sin B sin y (B2)
cos B

[ér]B =

For an arbitrary orientation of the body frame B, parameterized by 3-
2-1 Euler angles (v, 6, ¢), the components of €, expressed in
F coordinates are given by [€,]r = RzL[€,]5:
[ér]]-'
clcyr cOsyr —s0 \ 7' [ sBcy
= | s¢sOcy — cops¥y  spsOsy + cpcy  sipc sBsy
cpsOcyr + spsyr cpsOsyyr — sy cpch cp
(B3)

Hence, the €, component of d can be expressed as
(d. &) =d(&]5, &) =d[sB(spchsy — sbcy) + cBegct] (B4)

which (combining with Eq. (B1) and u = 1/d) yields the lower-
surface nearness function for a general pose q of the vehicle via

(le,].e,)

D_

uly, B) =

This concept can easily be extended to a surface above the vehicle
by taking

([ér]}" _éz)

ply, B) = I Tz
For a wall to the east of the vehicle,
([e]r. &)
u(y, p =Lz &)
ag—Yy

Repeating this method for west, north, and south walls, the individual
 functions can be combined to obtain a piecewise function that
describes the nearness to surfaces when the vehicle is inside an
enclosed rectangular prism. The resulting nearness function is then
given by Eq. (4).
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Feedback gains

Cyclic lateral input ~ Cyclic longitudinal input

Main rotor input

Tail input Reference

K/\m-}’ =4.70 K/\l on- =0.12
KAlm.Z =0.00 KAIUH.; =—-0.01
K/\m-¢ =11.05 K/\Ion,,ﬁ =0.17
K0 =0.73 Ky, 0 =—19.02
K/\m v = 3.42 K/\IOM/, =0.07
K = =022 K, . =870
K/\m » =435 K/\lonv,, 0.17
Kppw =0.00 K, w=—0.06
Kpp =081 Ky, =—0.13
Kippg = =005 K, =—132
K/\m r— —-0.03 KA]on«" =0.00
Kp,.e =290 Ky, =435
Knx =549 Ky, , = —20.43

Ky, =-001 K,

=170 K,o=-3.50

yaw Y

Kp.=-100 K, . =000 —
Kpno=-003 Ky, ,=-178  ——
Kpo=063 K, =003 —
Kpy=-001 K, ,=2.60 —
Kp.=-018 K, =00l —
Kp,=-001 K, ,=-201 —
Kpnuw=-220 K, , =000 —
Kn,=000 K, ,=-003  ——
Kpg=-007 Ky, ,=000 —
Ky, =000 K, =109 —
Kpe=010 K, .=-064 —
Ky, =-048 K, ,=-009  ——
Kpg, =002 Ky, o0, =000  ——
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