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Abstract— This paper provides a preliminary analysis of
an autonomous uncooperative collision avoidance strategy for
unmanned aircraft using image-based visual control. Assuming
target detection, the approach consists of three parts. First, a
novel decision strategy is used to determine appropriate refer-
ence image features to track for safe avoidance. This is achieved
by considering the current rules of the air (regulations), the
properties of spiral motion and the expected visual tracking
errors. Second, a spherical visual predictive control (VPC)
scheme is used to guide the aircraft along a safe spiral-like
trajectory about the object. Lastly, a stopping decision based
on thresholding a cost function is used to determine when to
stop the avoidance behaviour. The approach does not require
estimation of range or time to collision, and instead relies on
tuning two mutually exclusive decision thresholds to ensure
satisfactory performance.

I. INTRODUCTION

Autonomous technologies for Unmanned Aircraft Systems
(UAS) such as Failsafe and Fault-Tolerant Systems, See
and Avoid and Emergency Landing are being recognised as
critical capabilities for the integration and routine operation
of UAS into the national airspace [1], [2], [3]. Operations
in civilian airspace imply sharing the sky with other aircraft,
and often require flight over restricted or populated areas. A
major accident could therefore have significant repercussions
regarding public acceptance of unmanned aircraft systems.
One way to minimise such risks, is to increase the level of
automation onboard UAS platforms. As such, this paper is
devoted to automated See and Avoid technology by intro-
ducing novel decision and control strategies. The approach
is suitable for uncooperative encounters and does not rely on
estimating range or time to collision.

See and Avoid capability refers to the short term, re-
active collision avoidance conducted by pilots in response
to immediate threats. It involves the pilots visual system,
recollection of regulatory procedures and pilot knowledge
and skill. Considering that a pilot’s ability to adequately See
and Avoid has also been deemed questionable [4], [5], [6],
attempting to replicate pilot behaviour presents a number of
difficult technical and operational challenges. Research has
therefore focused on how an automated system may be able
to aid, augment or replace the pilot completely.

Strictly speaking, the uncooperative nature of See and
Avoid and the reliance on pilot vision implies electro-optic
sensors should be used for obstacle detection. Fortunately,
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this means that despite typical size, weight and power
constraints on some UAS, a collision avoidance system lever-
aging computer vision may be used on multiple platforms.
Unfortunately, this restricts the state information that can be
obtained reliably, such as object range or time to collision.
This is due to the fact that a conflicting aircraft appears
as a small, slow moving, low contrast object that does not
significantly change shape or size until seconds before impact
[7], [8], [9], [10], [11]. Considering the limited avoidance
time available, unknown object size and relative geometry
(scale), techniques based on optic flow, passive ranging and
stereo vision will likely fail [12], [13], [14], [15], [16],
[17]. Such constraints have prompted the development of
new techniques for object detection, tracking, estimation and
control. To this end, the following contributions are proposed
in this paper:

1) Introduction of a novel vision-based avoidance decision
strategy for both static and constant velocity targets
using the properties of conical spirals, rules of the air
and the expected uncertainty on image feature measure-
ments.

2) Improvements to a flight-tested spherical visual predic-
tive control scheme for collision avoidance that better
approximates spiral motion, and provides an indication
of when to stop avoidance behaviour.

This paper is structured as follows. Section II provides the
problem background including relevant literature. Conical
spiral dynamics for both static and dynamic objects are
outlined in section III, providing the bases for the collision
avoidance approach. In Section IV, the avoidance decision
strategy, spherical visual predictive controller and resolution
(stopping) strategy is presented. As a precursor to imple-
mentation on larger unmanned aircraft, Section V provides
some preliminary simulation results for multiple conflict and
non-conflict encounters using a small rotorcraft platform.

II. BACKGROUND

Vision-based control describes control systems in which
feedback is derived by processing measurements from image-
features [18]. Position-based visual servoing (PVBS) uses
such measurements to estimate relative state and subse-
quently control the vehicle in the task space. Image based-
visual servoing (IBVS) uses the image feature measurements
(or estimates) directly for feedback, such that control is
performed with respect to the image space. Image-based
approaches are well suited to collision avoidance, given its
reactive nature and inherent robustness to range uncertainty.

However, many existing image-based collision avoidance
systems do not realistically consider the See and Avoid
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operational environment and associated constraints. Camera
field of view issues may not be addressed and range or
time to collision estimates may be required. They may be
used either in the controller, or to determine when to start
and stop avoidance. What is required, is a system that
determines where to move the image features to ensure
collision avoidance, before deciding when to stop the visual
control and resume regular flight. A large field of view would
also be needed to help replicate the pilots visual system.

If a vehicle moves at constant forward speed whilst
holding an object at a fixed angular position (in the sensor
field of view), the resulting motion approximates a conical
spiral trajectory about the object. Previously, such spirals1

have been used to model the flight of insects and raptors [19],
[20]. Recently, the concept has been used either implicitly
[21], [22], [23] or explicitly [24], [25], [26] for vision-
based collision avoidance in which limited state information
is available. As such, attempts have been made to simul-
taneously acquire better state information whilst ensuring
collision avoidance [27], [28], [29]. Importantly, the control
that optimizes range observability forces the establishment
of a circular spiral. To account for problem constraints,
nonlinear model predictive control theory [30] has recently
been used to derive visual predictive control [31] approaches
[32]. Visibility, state and control constraints can be explic-
itly considered in the control design whilst guiding a safe
spiral-like avoidance path [33], [34]. In most cases, static
objects are considered while dynamic objects are managed
under simplifying assumptions or for a subset of collision
geometries. The reference spiral is either fixed or chosen
according to the image position of the object upon initial
detection. In this respect, the avoidance decision for image-
based approaches remains relatively immature.

In an automated system, and independent of the collision
avoidance method, it should be noted that avoidance does
not directly imply the conflict has been resolved. Often
this is assumed, but realistically a decision criteria would
be required to stop the avoidance behaviour. This is often
neglected as it is considered less critical to safety. However,
if a system does not successfully resolve conflicts, it may
be considered inadequate as operator intervention may be
consistently required.

III. CONICAL SPIRALS

To perform collision avoidance, this paper proposes that
the aircraft has to attempt to visually establish and track a
spiral defined with respect to the obstacle. In this section,
we first present the spiral equations with respect to a static
obstacle followed by those for a dynamic obstacle. We then
provide a direct relationship between the conical spiral angles
and the spherical image features used to represent the objects
image position.

1Also referred to as equiangular spirals, conchospirals or logarithmic
spirals
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Fig. 1. Spiral geometry for static obstacle (apex)

A. Static Apex

Consider a frame FO moving with a constant speed v with
respect to a reference frame FS , where the object (apex)
coincides with the origin of FS . The reference frame FS
can be viewed like a fixed world frame, whose origin is
shifted according to the object position. The orientation of
FO is controlled using a yaw angular velocity Ω. The bearing
angle α is defined as the angle between the projection of the
velocity vector onto the xy-plane in FS and the apex such
that α ∈ [−π, π]. The elevation angle β is defined as the
angle between the xy-plane of FS and the velocity vector
such that β ∈ [−π/2, π/2]. The range r denotes the distance
between the origins of the two frames. The heading of the
vehicle ψ is measured with respect to the world frame and its
speed is defined as the magnitude of the velocity vector such
that v = (v2x + v2y + v2z)

1
2 . An example of the geometry is

shown in Fig 1 where FO moves in the xy−plane of FS such
that β = 0. The nonlinear system of ordinary differential
equations describing the vehicle motion then becomes

ṙ(t) = −v cosα(t) (1)

α̇(t) =
v sinα(t)

r(t)
− Ω(t) (2)

ψ̇(t) = Ω(t) (3)

Provided the sampling time Ts is sufficiently small, the
system can be approximated in discrete time as

rk+1 = rk − Tsv cosαk (4)

αk+1 = αk + Ts

(
v sinαk
rk

− Ωk

)
(5)

ψk+1 = ψk + TsΩk (6)

Consider the case where the relative bearing angle α is
constant ∀ k. Based on equation (4), it can be deduced that
for ||α|| = π/2 the range is constant, whereas for ||α|| > π/2
the range increases. For ||α|| < π/2 the range decreases,
with α = 0 denoting a degenerate case whereby motion is
directly toward the object. Lateral separation can therefore
be assured for all ||α|| ≥ π/2. Some example trajectories
are illustrated in Fig. 2.
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Now consider the case where β 6= 0. The resulting
trajectory will be a 3 dimensional spiral that circumvents
the surface of a cone whose opening angle is defined by β.
As such, vertical separation from the object can be assured
for all non-zero β, provided ||α|| ≥ π/2.
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Fig. 2. Example trajectories of FO in FS for a static reference point (red)
with α = π/2 (-), α = 33π/32 (- -) and α = 31π/32 (- ·). Initial aircraft
and obstacle positions are (0, 0) and (1, 1) respectively.

B. Dynamic Apex

For dynamic objects, the reference frame FS is now
moving with a constant velocity vt and fixed heading Φ.
Again, consider the case where motion of FO is in the
xy−plane of FS such that β = 0. An example of the
geometry is shown in Fig 3. The nonlinear system of ordinary
differential equations describing the motion is given by

ṙ(t) = −v cosα(t) + vt cos(ψ(t) + α(t)− Φ) (7)

α̇(t) =
v sinα(t)− vt sin(ψ(t) + α(t)− Φ)

r(t)
− Ω(t) (8)

ψ̇(t) = Ω(t) (9)

which in discrete time can be approximated as

rk+1 = rk + Ts(vt cos(ψk + αk − Φ)− v cosαk) (10)

αk+1 = αk + Ts

(
v sinαk − vt sin(ψk + αk − Φ)

rk
− Ωk

)
(11)

ψk+1 = ψk + TsΩk (12)

Based on the previous analysis, consider the case where
α = π/2 ∀ k, and ||v|| > ||vt||. Some example trajectories
are illustrated in Fig. 4. Although there is no guarantee
that the range will not decrease as in the static case, the
two frames will not collide. Now consider the case where
||v|| ≤ ||vt|| and an attempt is made to track a spiral where
α = π/2 ∀ k. Some example trajectories are illustrated in
Fig. 5 for Φ ∈ (π, 2π). In this case, it is impossible to
maintain a spiral, shown by the divergent paths about the
object position and inability to encompass the object within
a complete rotation. However, in attempting to maintain the
reference spiral, α increases as the vehicle moves toward a
safer location. Issues could arise for Φ ∈ (0, π) whereby the
bearing angle initially decreases such that −π/2 < α < π/2,
resulting in an unsafe trajectory. A similar situation occurs
for Φ ∈ (π, 2π) and a reference spiral defined by α ≤ −π/2.
Considering the inclusion of the relative elevation angle β,
any non-zero value means the object is not at the same level
as the vehicle. Similar to the static case, vertical separation
can thus be assured.

The analysis indicates that both lateral and vertical colli-
sion avoidance of constant velocity obstacles is possible by
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Fig. 3. Spiral geometry for dynamic obstacle (apex) where Φ̃ = ψ+α−Φ
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(a) ||vt|| = 0.3 m/s
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(b) ||vt|| = 0.5 m/s
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(c) ||vt|| = 0.7 m/s
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Fig. 4. Example trajectories of FO in FS for α = π/2 and ||v||
= 1 m/s. From the center to exterior the objects heading Φ in FS
is 0, π/4, π/2, 3π/4, π, 5π/4, 3π/2, 7π/4. Initial aircraft and obstacle
position are (1, 1) and (0, 0) respectively.

attempting to establish and track a spiral such that ||α|| ≥
π/2 and β 6= 0. The difficulty relies in determining the
orientation of the reference spiral to track (α ± π/2), given
the unknown intent of the object. An avoidance decision is
thus required upon initial detection to help determine the
exact reference spiral to track.

C. Relevance

The preceding analysis suggests that collision avoidance
of both static and constant velocity obstacles is possible
by tracking appropriate elevation and bearing angles to the
object. Specifically, ||α|| ≥ π/2 and β 6= 0. However, to
track a spiral using image-based control a relationship must
be derived between these conical angles and the observed
image features. Considering the requirements for a large
field of view and the representation of the conical angles,
a spherical camera model is a natural choice [35], [36].

Using the spherical model, an image point can be rep-
resented by a colatitude σ and azimuth γ angle such that
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(c) ||vt|| = 1.5 m/s
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Fig. 5. Example trajectories of FO in FS for α = π/2 and ||v|| = 1
m/s. From the center to exterior the objects heading Φ in the world frame is
0, 7π/4π, 3π/2, 5π/4π. Initial aircraft and obstacle position in the world
frame are (0, 0) and (1, 1) respectively

σ ∈ [0, π] and γ ∈ [−π, π]. Consider a spherical camera
frame FC rigidly attached to the aircraft and observing a
point object p. The object, considered to be the conical apex,
can be expressed in the camera frame as cp such that

cp(t) =

X(t)
Y (t)
Z(t)

 =

r(t)Sσ(t)Cγ(t)
r(t)Sσ(t)Sγ(t)
r(t)Cσ(t)

 = r(t)cp̃(t)

(13)
where C = cos(·), S = sin(·) and a tilde denotes a unit
vector. Due to offsets in camera mounting position, the
origins of FC and FO are displaced by the vector otc. The
orientation of FC with respect to FO is such that oRc defines
a rotation from FC to FO. Expressing the object position in
FO, (13) becomes

op(t) = oRc
cp(t) + otc (14)

r(t)op̃(t) = r(t)oRc
cp̃(t) + otc (15)

Dividing through by r(t) and assuming r(t)� ‖otc‖
op̃(t) = oRc(t)

cp̃(t) (16)

Substituting for p using spherical coordinatesCβ′(t)Cα(t)
Cβ′(t)Sα(t)
Sβ′(t)

 = oRc

Sσ(t)Cγ(t)
Sσ(t)Sγ(t)
Cσ(t)

 (17)

where

oRc(t) = R(θ) R(φ) (18)

oRc(t) =

 Cθ(t) Sθ(t)Sφ(t) Cφ(t)Sθ(t)
0 Cφ(t) −Sφ(t)

−Sθ(t) Cθ(t)Sφ(t) Cθ(t)Cφ(t)

(19)

β′ = β − π/2 (20)

The camera pitch and roll angles are denoted by θ(t) and
φ(t) respectively whilst β′ denotes a shifted version of the
elevation angle. The conical angles can then be estimated by
solving (17) using the measured spherical image features and
vehicle orientation. By using a spherical camera and applying
this de-rotation, any spiral may be visually tracked regardless
of the vehicle dynamics and viewing angle. Applying the
de-rotation before any image-based control means the image
features s = [σ γ] will correspond to the shifted conical
angles c = [β′ α]. As such, the reference image features
would be the same as the reference conical angles c∗ ≈
s∗, and thus directly determine the reference spiral. If the
image feature are not de-rotated before image-based control
is applied, s∗ 6= c∗.

IV. DECISION, CONTROL AND LOGIC

Assuming object detection, the collision avoidance ap-
proach contains three parts; an avoidance decision, control
action and a resolution decision. The avoidance decision
strategy determines which spiral to follow. The controller
is then used to track the reference spiral. The resolution
decision or stopping criteria is required to cease avoidance
behaviour. In this paper, a small quadrotor model and an
experimentally validated controller is used, but the strategy
can be extended to any aircraft provided a dynamic model
can be determined. The approach is summarized in Fig. 6.

1. Track Before 
Detect Algorithm 

2. Avoidance 
Decision 

3. Avoidance Action 
/  Spiral Tracking 

 

4. Stopped 
Avoidance 

Fig. 6. Collision avoidance strategy. Assuming object detection (grey), a
safe spiral is selected (blue boxes) and the conflict is avoided (green line)

A. Avoidance Decision - Establishing Spirals

It has been suggested that humans detect a collision by
primarily considering the relative angular rate [37] with
respect to the object. Applying this theory to aircraft collision
avoidance however, bearing rate alone has proved insufficient
to initially distinguish between collision and non collision
targets [38]. This is likely due to uncertainty on image feature
measurements and subsequent estimates of relative bearing
[39]. In this case, and by considering the short duration of the
encounters, it may be best to always act. The difficulty is in
determining the direction of the action to take and therefore,
which exact spiral to attempt to establish. Some indication
is given by the analysis in the previous section, suggesting a
spiral defined by γ∗ ± π/2 and σ∗ − π/2 6= 0 should be es-
tablished. However, this should be considered in conjunction
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Fig. 7. Example planar representation of the spherical imaging surface,
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with the rules of the air [40]. Although these rules may not
result in geometrically optimal behaviour or ensure collision,
they need to be considered given the airspace is shared with
manned aircraft. This ensures unmanned aircraft behaviour
in a conflict is more predictable from a pilots perspective.

Consider the image feature position s = [σ γ], image
feature rate ṡ = [σ̇ γ̇] and a danger zone D defined by any
image position in the region −π/2 < γ < π/2 as shown in
Fig. 7. At the initial detection instant kd, a decision criteria
to move left or right and up or down is required. This is
achieved by analysing the products σ̆ = σ·σ̇ and γ̆ = γ·γ̇, the
expected uncertainty on the image feature measurements ς =
[ςs ςṡ], and the rules of the air (see Appendix). A qualitative
measure of the rate of change of object size is assumed to
determine if an object is being overtaken. Attributes such as
image intensity about the object may be used to this end, but
will require further investigation. Importantly, range or time
to collision is not estimated, allowing the proposed avoidance
decision strategy to be tuned using a single threshold η = ςs ·
ςṡ, representing the confidence in the image feature estimates.

Algorithm 1 Avoidance Decision Strategy - Colatitude
Set σ = σ − π/2, σ∗o = 35π/180
if Object Above Horizontal then

if σ̆ > η then . Divergent Features

σ∗ = π/2 + σ∗o . ∗∗No Crossing

else if σ̆ < −η then . Convergent Features

σ∗ = π/2− σ∗o . ∗∗Allow Crossing

else . Static or Centerline Features

if Overtaking then . Overtaking

σ∗ = σ . ∗∗No Movement

CAR 162(4)

elseNot Overtaking
σ∗ = π/2− σ∗o . ∗∗Allow Crossing

end if
end if

else Below Above Horizontal
Reciprocal Logic

end if

∗∗ Aircraft Action

Important to note that many reference colatitude angles
could be chosen. A colatitude reference is selected by
considering the nonlinearity of the reference position and
the expectations on stability and feasibility [34]. In this way,
there is better assurance the reference feature will be tracked
from a control perspective. Recalling σ ∈ [0, π], it is useful to
define a safe reference offset value σ∗o from the horizontal
image centreline in order to determine σ∗. The avoidance
decision strategies for colatitude σ and azimuth γ are given
in algorithm 1 and 2 respectively.

Although the performance will vary depending on η, by
using a single decision threshold the approach lends itself to
probabilistic analysis techniques, which will be required for
any subsequent system certification.

Algorithm 2 Avoidance Decision Strategy - Azimuth
if γ ∈ D then . Danger Area

if γ̆ < η then . Convergent, Centreline or Static Features

γ∗ = −π/2 . ∗∗Allow Crossing

Right-of-Way Rules, CAR 162(1-4)

else . Divergent Features

if γ < 0 then . Left Centreline

γ∗ = −π/2 . ∗∗No Crossing

else . Right Centreline

γ∗ = π/2 . ∗∗No Crossing

end if
end if . Static or Centerline Features

else . Outside Danger Area

γ∗ = γ . ∗∗No Movement

end if
∗∗ Aircraft Action

B. Control - Tracking Spirals

Visual Predictive Control (VPC) schemes are derived by
casting the visual servoing problem into a nonlinear model
predictive control (NMPC) framework. It allows explicit
consideration of visibility, state and control constraints within
the control design by combining a dynamic model of the
vehicle and the image kinematics (image Jacobian). An
optimal control is calculated and then applied at each time
step by predicting the vehicle behaviour over a finite time
horizon. A solution can be obtained sufficiently fast with
modern solvers, allowing the consideration of complex dy-
namic systems such as vision-based aircraft controllers. The
control scheme presented here is based on a partial quadrotor
model using 2 degrees of freedom first derived in [33].

The vehicles states z = [ż ψ ω] and image features s =
[σ γ] are combined to form the system state vector x = [z s]
where ω is the yaw rate, ż is the vertical velocity and ψ is the
yaw angle. The control vector u = [F Ω] defines the system
inputs where F is the thrust and Ω is a yaw rate command.
The resulting dynamic model is defined in discrete time as
xk+1 = f(xk, uk) such that
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ψk+1 = ψk + TsΩk (21)
żk+1 = żk + Ts (g − Fk/m) (22)
ωk+1 = ωk + 5.89Ts(Ωk − ωk) (23)
σk+1 = σk + Ts (żk sinσk/r

∗ − vx cosσk cos γk/r
∗) (24)

γk+1 = γk + Ts (vx sin γk/(r
∗ sinσk)− Ωk) (25)

where r∗ denotes a fixed reference range value. Strictly
speaking, (24) and (25) should include the induced image
feature motion δσk ∝ 1/r and δγk ∝ 1/r due to the object
movement. As the object motion is unknown this cannot be
estimated. However, as the initial relative displacement is
large, the induced motion will be small. At each instant, the
visual predictive controller uses this model to find an optimal
control action u∗k corresponding to the minimum value of a
quadratic cost function J∗s , subject to a set of constraints. The
resulting optimal control problem is solved over a prediction
horizon N and can be defined as

J∗s (sk, ūk) = min
U
Js(s̄k, ūk) (26)

s.t. x̄k+1 = f(x̄k, ūk), ∀k, . . . , Np − 1

x̄k = xk

where Np = k +N and the objective function is given by

Js(s̄k, ūk) = (s̄Np 	 s∗)TP (s̄Np 	 x∗) (27)

+

Np−1∑
k

(s̄k 	 s∗)TQ(s̄k 	 s∗) + ūTkRūk (28)

The 	 denotes a modulo 2π subtraction required to bound
the feature error and a bar denotes an internal controller
variable. For example, s̄ denotes the image features calcu-
lated over the prediction horizon in order to calculate the
optimal control action. In general, internal variables will not
be the same as their true values due to model mismatch
and added uncertainty. The diagonal weighting matrices are
defined such that Q � 0, R � 0 and P � 0 where
� and � denote positive definiteness and semi-definiteness
respectively. Notice that the objective function only considers
the image features. This is equivalent to including the full
state xk in the objective function and setting the Q entries
corresponding to the vehicle states to zero. The terminal
penalty matrix P will penalize deviation from the reference
image features at k+N . The set of constraints are given by

sk ∈ S ⊂ R2, S ∈ [smin, smax] (29)

uk ∈ U ⊂ R2, U ∈ [umin, umax] (30)

zk ∈ Z ⊂ R3, Z ∈ [zmin, zmax] (31)

Visibility constraints (29) are handled with the application of
a spherical camera, but are required to avoid the polar regions
where (25) is undefined. The control (30) and state (31)
constraints bound the controls and vehicle states respectively.
They can be used to ensure the quadrotor motion remains
inside a desirable region.

Fig. 8. Position in FS for γ∗ ∈ [70π/180, 120π/180] at 10π/180,
σ∗ = 70π/180 and ψ∗ = 0. Black dots mark min J∗

s , ∀ k > 0 and
green dots denote the object position

Fig. 9. Image feature error and yaw angle for γ∗ ∈ [70π/180, 120π/180]
at 10π/180, σ∗ = 70π/180 and ψ∗ = 0. Black dots mark
min J∗

s , ∀ k > 0

C. Resolution Decision - Stopping Spirals

A resolution decision or stopping criteria is required to
cease the avoidance behaviour. If the spiral can be tracked,
then the vehicle needs to be able to determine when to
leave the spiral path and resume normal flight. If attempting
to follow a reference spiral that cannot be obtained, the
avoidance behaviour will also need to cease provided it is
safe to do so. The decision should be coupled to the visual
control to reduce the risk of premature stopping due to
environmental disturbances such as turbulence [33]. If the
decision is not coupled to the visual control, the avoidance
behaviour may cease prior to establishing a safe spiral or at
an inappropriate instant [26].

Consider the visual predictive controller using the objec-
tive function Js for γ∗ ∈ [70π/180, 120π/180], σ∗ =
135π/180 and s0 = [π/2 0] as shown in Fig. 8. The spiral
is tracked in all cases and the minimum of the objective
function occurs when the vehicle returns to its initial heading
as shown in Fig. 9. The value of the objective function
can therefore be used to indicate an appropriate time to
stop the avoidance behaviour, without relying on range. The
approach is more robust than simply monitoring the heading
angle [25], [26] due to the implicit coupling to the image
feature values. To make the coupling explicit, now consider
an augmented objective function J∗ψ such that

J∗ψ = J∗s + λ

Np∑
k

(ψk 	 ψkd)L(ψk 	 ψkd) (32)

L = maxQmn (33)

where λ is a positive scaling factor, ψkd is the vehicle
heading upon initial object detection and m and n represent
row and column indexes respectively. The objective function
is now directly dependant on the heading angle of the vehicle
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Fig. 10. Example objective function including minimums (solid dots) for
simulations using J∗

ψ in the visual predictive controller and varying λ from
1 (red), 0.5 (black), 0.1 (blue) to 0.0 (green)

Fig. 11. Example trajectories for simulations using J∗
ψ in the visual

predictive controller and varying λ from 1 (red), 0.5 (black), 0.1 (blue)
to 0.0 (green)

which induces conflicting goals. Specifically, a tradeoff exists
between establishing the reference spiral and maintaining
heading, which can be managed using the scaling factor λ.
For λ = 0, motion tends toward the reference spiral ∀s∗. For
λ 6= 0, motion is no longer on the true reference spiral as
the trajectory becomes inclined. As λ increases, the resulting
trajectories become more inclined, separation is reduced and
the minimum objective function value occurs at an earlier
instant. This is shown in Fig. 10-11.

To overcome this, J∗s is used in the controller in order to
derive the control commands that ensure a spiral trajectory,
whilst J∗ψ is calculated outside the controller and used to
indicate when to stop the avoidance behaviour. This main-
tains the explicit coupling to the image features, without
deviating from the reference spiral path. For the nominal
case, the minimum objective function value J∗ψ = 0 will
occur when the spiral is established and the vehicle returns
to its heading at first detection. This will not be possible in
practise, due to added uncertainty and the possibility that the
spiral may not be completely established for faster objects. A
threshold ε needs to be applied to J∗ψ to cease the avoidance
behaviour. After such time, regular control can be resumed
without requiring the visual predictive control input. If ks
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Fig. 12. Example objective function for simulations using varied weighting
matrix magnitudes and feature noise characteristics. The magnitude is
increased by a factor 1 (black), 2 (red) and then 4 (blue) for ςs = 2π/180
(solid line) and ςs = 5π/180 (faded line)

denotes the first time after kd when J∗ψ ≤ ε, the stopping
criteria and associated control can then be defined such that

Regular Control: ∀ J∗ψ, 0 ≤ k < kd (34)
Avoidance Control: J∗ψ > ε, kd ≤ k < ks (35)

Regular Control: ∀ J∗ψ, ks ≤ k <∞ (36)

Another consideration is the magnitude of the weighting
matrices P , Q and R. Provided the relative magnitude of the
individual components remains the same, there is no effect on
the time at which the objective function is a minimum, only
the rate at which it converges to that point. Naturally, any
noise is amplified in the objective function causing greater
variations in the resulting value. The effect can be seen in
Fig. 12, suggesting that the weighting matrix values should
be kept small as the objective function will be thresholded.

V. RESULTS

A. Simulation Framework

Simulations were conducted in MATLAB Simulink. A
target trajectory generator was created to generate either
a random encounter, a collision encounter or non-collision
encounter. A set of KF were used to estimate vehicle states
and a set of LQRI controllers were used to regulate forward
and lateral velocity. A set of PID controllers were used to
regulate the vertical rate and yaw rate to zero upon reaching
the stopping threshold. The visual predictive controller used
to guide spiral motion was implemented using the ACADO
Toolkit [41]. A Sequential Quadratic Programming (SQP)
approach employing an Active-Set strategy is used to solve
the optimal control problem (26). ACADO also provides
a MATLAB interface and optimized code for the visual
predictive controller to be implemented on real platforms
[33], [34]. An experimentally derived nonlinear point mass
model was used to represent the vehicle dynamics. Impor-
tantly, the model used in the simulation environment includes
experimentally derived delay terms [42], unlike the model
used in the visual predictive controller. The sampling period
for the image processing system Ti was assumed to be
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Fig. 13. Example simulations for 15 collision encounters. A planar
representation is shown including the vehicle trajectories (black), target
trajectories (red) and stopping instant ks (green squares).
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Fig. 14. Example simulations for 3 collision encounters in the xz-
plane. Vehicle trajectories (thick), corresponding target trajectories (thin)
and stopping instant ks (green squares) are shown.

longer than that for the controller Ts. The prediction horizon
N = 10 allows a solution to the minimization problem (26)
to be found sufficiently fast, without compromising stability
and control performance [43], [44]. Although the choice is
arbitrary, a small prediction horizon can lead to stability
issues resulting from aggressive control inputs whilst a large
value increases the computational complexity.

The Simulink model includes environmental disturbances
from turbulence wg(t) and ambient wind wa(t), added image
feature noise qs(t) and imperfect actuation qc(t) as sources
of uncertainty. All encounters were bounded by the time to
closest approach tcpa, initial range r0 and object velocity.
The simulation and control parameters are given in table II
in the Appendix.

B. Simulation Trials

Multiple trials were performed to determine the effective-
ness of the proposed avoidance strategy and stopping criteria,
including over 500 collision and non-collision encounters.
Example results for the collision encounters are illustrated in
Fig. 13-16. Example results for the non-collision encounters
are illustrated in Fig. 17-20.
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Fig. 15. Example simulations for 15 collision encounters focusing on
vehicle trajectories (black) and stopping instant ks (green squares). A planar
representation is shown and the target trajectories have been removed.
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Fig. 16. Example simulations for 3 collision encounters in the xy-
plane. Vehicle trajectories (thick), corresponding target trajectories (thin)
and stopping instant ks (green squares) are shown. Minimum range rmin
is also included.

For both collision and non-collision encounters only a few
scenarios remain unresolved, as indicated by the green square
and black star coinciding in Fig. 15 and 19. Although this
behaviour is undesirable, the primary objective is to avoid
collision, which is accomplished in these cases. In fact, the
small number of collisions result from a fast moving target
that is initially seen less than 3m from the vehicle. This type
of situation presents a difficult encounter geometry for any
control scheme given the vehicle performance limitations.

Consider a few examples for the collision encounters
shown in Fig. 14 and 16. For the blue encounter, the object
appears on the right and is allowed to cross, essentially giving
way to the object. For the black encounter, the object has
approached from the left and the vehicle has allowed the
object to pass behind it. For the red encounter, an almost
head-on scenario occurs and the vehicle avoids the object on
the right. In all cases the appropriate avoidance decision was
adopted, the stopping criteria was successful and the conflict
is resolved. Now consider a few non-collision encounters
shown in Fig. 18 and 20. The avoidance decision and
stopping criteria has allowed increased separation without
inducing a collision for each encounter. The vehicle then
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Fig. 17. Example simulations for 15 non-collision encounters. A planar
representation is shown including the vehicle trajectories (black), target
trajectories (blue) and stopping instant ks (green squares).
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Fig. 18. Example simulations for 3 non-collision encounters in the xz-
plane. Vehicle trajectories (thick), corresponding target trajectories (thin)
and stopping instant ks (green squares) are shown.

ceases precautionary avoidance behaviour relatively early,
reducing the deviation from the reference flight path.

A summary of the outcomes for 1000 simulated encounters
is provided in Table I, in which a collision is assumed if
∀ k > 0, rmin < 0.25. A successful resolution indicates
the collision was avoided and the stopping criteria was met
such that for k > kd, min J∗ψ ≤ ε, regardless of whether or
not the reference spiral has been achieved. An unsuccessful
resolution denotes an encounter in which the collision was
avoided, but the stopping criteria was not met such that ∀k >
kd, min J∗ψ > ε. In this case, the vision-based controller
continually attempts to track a spiral about the object.

TABLE I
SIMULATION OUTCOMES

Encounter Type Collisions Successful Unsuccessful Total
Resolution Resolution

Collision 14 442 44 500
Non-Collision 1 446 51 500
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Fig. 19. Example simulations for 15 non-collision encounters focusing on
vehicle trajectories (black) and stopping instant ks (green squares). A planar
representation is shown and the target trajectories have been removed.
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Fig. 20. Example simulations for 3 non-collision encounters in the xy-
plane. Vehicle trajectories (thick), corresponding target trajectories (thin)
and stopping instant ks (green squares) are shown. Minimum range rmin
is also included.

VI. CONCLUSIONS

This paper has presented a novel approach to uncoop-
erative collision avoidance using vision-based control, in-
tended for See and Avoid applications. An initial avoidance
decision, based on regulatory guidelines and measurement
uncertainty, provides the reference image features for a
visual predictive control scheme. The controller is then able
to provide collision avoidance and subsequent resolution
using a range independent stopping criteria, overcoming
typical state information limitations. Due to the adoption
of regulatory guidelines, avoidance cannot be guaranteed
for all encounters, but better predictability of the unmanned
behaviour can be achieved. This is important considering the
airspace must be shared with manned aircraft.

The approach considers all objects as potential threats,
and relies on tuning two mutually exclusive thresholds to
determine what action to take and when to cease the avoid-
ance behaviour. This unique approach, although conservative,
allows the consideration of additional outcomes from an
automated collision avoidance system instead of assuming
avoidance implies resolution. Additionally, the framework
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resembles those of typical alerting systems using discrete
decision thresholds, suggesting it is an ideal candidate for
probabilistic performance assessments.

Further work includes extensions for other platform dy-
namics, including fixed wing, and subsequent performance
analysis for larger scale problems.

VII. APPENDIX

A. Simulation Parameters

TABLE II
SIMULATION PARAMETERS

Parameter Value Units
Tc 1/10 s
Tc 1/40 s
N 10 -
Q I2 -
R 10−8I2 -
P 2I2 -
λ 0.1 -
ε 0.15 -
ςs 0.04 rad
ςṡ 0.04 rad/s

tcpa [5 55]) s
r0 [0 40] m
vt [−0.5 0.5] m/s

wg(t) N (03, I3) rad/s
wa(t) N (03, 0.25I3) m/s
qc(t) N (02, 0.02I2) rad
qs(t) N (02, ςI2) N, rad/s
umax [7 − 10π/180] N, rad/s
umin [6 10π/180] N, rad/s
smax [20π/180 − π] rad
smin [160π/180 π] rad
zmax [−1 − 2π − 10π/180] m/s, rad, rad/s
zmin [1 2π 10π/180] m/s, rad, rad/s
r∗ 2 m
v 0.1 m/s

B. Regulations

Excerpt from Civil Aviation Safety Authority (CASA)
Civil Aviation Regulations (CAR) 1998 [40]

161 Right of way
1) CAR 161 (1) - An aircraft that is required by the rules in this Division

to keep out of the way of another aircraft shall avoid passing over
or under the other, or crossing ahead of it, unless passing well clear.

2) CAR 161 (2) - The pilot in command of an aircraft that has the right
of way must maintain its heading and speed, but nothing in the rules
in this Division shall relieve the pilot in command of an aircraft from
the responsibility of taking such action as will best avert collision

162 Rules for prevention of collision
1) CAR 162 (1) - When 2 aircraft are on converging headings at

approximately the same height, the aircraft that has the other on
its right shall give way (with additional caveats for airships, gliders
and balloons

2) CAR 162 (2) - When two aircraft are approaching head-on or
approximately so and there is danger of collision, each shall alter
its heading to the right

3) CAR 162 (3) - An aircraft that is being overtaken has the right-of-
way and the overtaking aircraft, whether climbing, descending, or
in horizontal flight, shall keep out of the way of the other aircraft
by altering its heading to the right, and no subsequent change in
the relative positions of the two aircraft shall absolve the overtaking
aircraft from this obligation until it is entirely past and clear.

4) CAR 162 (4) - An overtaking aircraft shall not pass the aircraft that
it is overtaking by diving or climbing

163 Operating near other aircraft
1) CAR 163 (1) - The pilot in command of an aircraft must not fly the

aircraft so close to another aircraft as to create a collision hazard.
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