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Abstract— This paper addresses the problem of detecting
radioactive material in transit using an unmanned aerial vehicle
(UAV) of minimal sensing capability, where the objective is to
classify the target’s radioactivity as the vehicle plans its paths
through the workspace while tracking the target for a short
time interval. Assuming that the prior map of the workspace is
available, this paper proposes a motion planning framework
that integrates a navigation function based planner with a
tightly-coupled visual-inertial localization and target tracking
algorithm, and generates dynamically feasible trajectories that
provably converge to a moving target while avoiding obstacles.
The efficacy of the proposed approach is validated through
Gazebo simulations.

I. INTRODUCTION

Consider a case where an (uncontrolled) mobile platform
moves in a cluttered, GPS-denied environment while possibly
carrying a package that is weakly radioactive. One would
like to be able to send a robot after this target and be able
to confidently ascertain (hereafter referred to as decision-
making or detection) whether this platform is “hot” or “cold,”
in a matter of seconds. The ability of this mobile robot to
complete this task autonomously in a cluttered and possibly
GPS-denied environment, relies on two critical capabilities:
(i) estimating consistently and accurately its own state and
that of its target within its workspace, and (ii) moving
within that workspace in an agile yet safe way that can
optimize the task’s performance metric. In this particular
case, the performance metric can be formalized in terms of
the probability of missed detection, given a certain upper
bound on the probability of false alarm, thus framing the
target classification problem as a binary hypothesis testing
problem (whether the target is “hot” or “cold”). In isolation,
both of these problems have received attention in literature,
while existing techniques that offer combined solutions have
limitations that stem from underlying assumptions in their
constituent technologies for estimation and target tracking.

The problem that this paper is addressing is technically
stated as follows: given a prior map of the robot’s workspace,
and assuming that the robot’s maximum acceleration exceeds
that of its target, one seeks to design (i) a robust and
consistent estimator for the robot’s state and that of its
moving target which is based solely on visual and inertial
measurements, and (ii) a state feedback controller for the
robot that uses those estimates to make the robot avoid
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collisions with workspace boundaries, intercept the target as
quickly as possible, and then keep tracking it.

The state of the art in terms of estimating the motion of
a UAV using onboard sensors in GPS-denied environments,
is primarily through the fusion of an inertial measurement
unit (IMU) and a camera on the hardware side. Algorith-
mically, the lightweight multi-state constraint Kalman filter
(MSCKF) [1] remains popular due to its low computational
complexity. This method utilizes stochastic cloning to esti-
mate a sliding window of past robot poses along with the cur-
rent IMU state. Features are linearly marginalized to utilize
their motion information without the need to store them in
the state vector. The marginalization allows for the creation
of constraints between the window poses while bounding
the problem size, resulting in a computationally efficient
estimation algorithm. This approach has been extended in
many directions, e.g., including camera-to-IMU spatial and
temporal calibration [2], handling degenerate motions [3],
and enforcing the correct observability properties [4].

While the area of Simultaneous Localization, Mapping,
and Moving Object Tracking (SLAMMOT) has seen research
efforts in recent years ( [5], [6] and references therein),
few perform this task either using visual-inertial sensors
or in combination with active following as in this work.
One idea explored in the context of active tracking [7]
is to choose robot motion in ways that minimize future
target uncertainty. This methodology was developed for 2D
problems and required that the state of the sensor be perfectly
known. An impressive active visual-inertial target tracking
using a quadrotor was performed in [8], yet, the size of
tracking errors reported can be detrimental to detection of
low-intensity mobile sources of radioactivity, because of the
critical role that the distance between sensor and source plays
in the context of nuclear measurement [9], [10].

Another work that is close to the one reported in this paper,
is the aerial target tracking that has been recently demon-
strated in the case of tracking a spherical rolling target [11].
That approach employed a geometric technique similar to
visual servoing, a receding horizon strategy that penalizes
velocity and position errors, and a UAV motion control
scheme based on minimum-snap trajectory generation [12].
It is not clear to what degree this tracking algorithm depends
on the target being spherical, but the overall estimation and
motion control scheme was engineered to run fast.

The problem of detecting weak nuclear material with low-
cost commercial-of-the-shelf (COTS) radiation counters has
been looked at primarily in the context of static sensor net-
works [9], [13], [14], and the associated technical challenge
that stems from the inverse square law decrease of signal-



to-noise-ratio (SNR) with distance has been clearly identi-
fied, both at the analytical and the computational level [9],
[13]. Moreover, the detection problem is exacerbated by
its coupling with the source localization problem, where
the source location is attempted to be ascertained based on
counter readings alone. Even when the detection problem
is considered in isolation, the inherent analytic complexity
makes the Bayesian update of the posterior probabilities
practically intractable, even for networks of modest size [9].

An alternative approach that circumvents the computa-
tional and analytical complexities associated with Bayesian
updates is to treat analytically derived Chernoff bounds on
the probability of missed detection (PM) (not being able to
detect the present source) and probability of false alarm (FA)
(detecting falsely) as surrogates for true probabilities [10], in
a Neyman-Pearson framework. Derived in terms of relative
distance between the source and the sensor, these bounds
can be integrated in optimal motion control designs that steer
sensors around mobile targets for the purpose of classifying
the latter in terms of their radioactivity [15]. In essence, the
optimal strategies appear to maximize over time the solid
angle of the radiation sensor, boosting its SNR [9], thus
improving the accuracy of decision-making.

Most of radiation detection literature treats mobility, either
of sensor or of source, as a disturbance; it therefore does
not provide sufficient insight on how to move the sensor
to maximize decision-making accuracy. On the other hand,
the body of robot navigation and motion planning literature
cares about taking a platform from point A to point B,
and has not incorporated objectives linked to the statistics
of nuclear measurement, and cannot inform about trade-
offs between collision avoidance and source interception in
cluttered environments. In terms of radiation sensor motion
control, the state of the art [15] establishes the validity
of minimum-time interception motion planning heuristics
for the case of detection of low-count mobile radiation
sources and took a first step by integrating the detection
optimization results in a navigation function-based motion
planning and control framework to offer provably safe and
convergent solutions for navigation and tracking in cluttered
2D environments—under the assumption that the sensor’s
absolute location in the workspace, as well as the relative
position between sensor and source, is known.

The work reported in this paper lifts this assumption and
presents a motion planning approach that integrates platform
model-based differential-geometric controllers [16] to time
varying globally convergent 3D navigation function motion
planners. This enables a UAV to intercept its target utilizing
dynamically feasible and agile yet safe maneuvers. The
potential field is integrated to a specifically designed tightly-
coupled 3D visual-inertial localization and target tracking
approach that provides the UAV and target states for motion
planning and feedback control in a known map.

Tight coupling between the states of the UAV and that
of the target ensures that the error on estimating the rela-
tive distance between them is minimized. Minimizing this
error crucial in achieving high decision-making accuracy in
radiation detection tasks, particularly when the sources are

weak and detectors are used. The assumption of a known
map is not particularly restrictive—areas may have been
mapped a priori; the critical element in this application is
time and accuracy: the time available to detect the source and
the accuracy of decision-making. The reported estimation
navigation and control approach is integrated into a func-
tional algorithmic architecture, and validated in ROS/Gazebo
simulations.

II. UAV MOTION PLANNING AND CONTROL

The block diagram of the system is depicted in Fig. 1.
Subsequent sections describe each component separately.
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Fig. 1: The navigation function takes the state estimates of the UAV and
the target and feeds the smooth velocity and acceleration trajectories to the
force controller; which, using the velocity estimates, generates the required
force and feeds the stabilizing direction b3d [16] to the attitude controller.
Given a suitable heading direction b1d [16] and using estimates of angular
velocity and orientation, the attitude controller generates required moments.
The workspace map is assumed known.

A. Motion planning

This work extends the construction of navigation functions
over squircle worlds (where the objects takes the form of
squircles) [17] to 3D workspaces and integrates it with geo-
metric velocity controllers [16]. A navigation function [18]
is a real-valued map V : F → R, constructed on the UAV’s
free configuration space F that when tuned appropriately has
a unique minimum at the desired goal configuration and is
uniformly maximal over the boundary of F .

Let Mp(t) denote the position of the UAV in the prior
map’s inertial frame M, and MpT (t) that of the target at time
t, both assumed in F . For the purposes of control, Mp(t) and
MpT (t) are assumed known; the process of estimating them
is described in Section III. Take r to be the radius of the
spherical bubble around the target and define the goal for
navigation as minimizing the time varying goal function

J
(
Mp,MpT

)
= ‖Mp− MpT ‖2 − r2 (1)

It has been shown [15] that for a suitably selected obstacle
function β(Mp) and a suitably large parameter λ ∈ R+, there
exists a positive number N such that ∀κ ≥ N , the function

ϕ̃( Mp,MpT ) =
J(Mp,MpT )[

J(Mp,MpT )κ + λβ(Mp)
]1/κ (2)

is a navigation function when the free configuration space of
the robot is a sphere world S. Note that the parameter λ 6= 1
[15] for better tuning.

If instead, the free configuration space of the robot is a
forest of squircles then for a diffeomorphism hλsq

: F →



S parameterized by a suitably chosen positive parameter
λsq ∈ R+, the composition ϕ = ϕ̃ ◦ hλsq

(Mp,MpT ) can
be shown to be a navigation function on F [17]: for any
position of the target satisfying some reasonable conditions,
all (unstable) critical points outside the destination manifold
are either nondegenerate with attraction region of measure
zero, or inside the target’s bubble.

B. UAV Control
Let m denote the mass of the UAV, J ∈ R3×3 its moment

of inertia about a frame aligned with the principal axes and
attached at the center of mass cg, and e3 the vector aligned
with the standard gravity. The relative orientation between
the inertial frame and the principal one at the UAV’s center
of mass is captured by the rotation matrix M

cgR ∈ SO(3). The
linear and angular velocity of the UAV relative to the inertial
frame are denoted Mv and Mω, respectively; the angular
velocity vector relative to the body cg frame is denoted cgω.
Let ·̂ denote the (wedge) operation that maps a vector in R3

to a member of the Lie algebra so(3). With f expressing the
magnitude of the total thrust produced by the thrusters, and
M the total moment relative to the body-fixed cg frame, the
dynamics of the UAV is

Mṗ = Mv, m Mv̇ = −m Mg + f M
cgR e3 (3a)

M
cgṘ = M

cgR
ĉgω, J cgω + cgω × J cgω = M (3b)

The desired velocity for the UAV is determined using the
navigation function ϕ. Specifically, if vmax denotes the vehi-
cle’s maximum speed given the capabilities of its actuators
or safety specifications, and kϕ is a positive control gain,
then with ∇x denoting the gradient with respect to variable
x, the desired velocity relative to the inertial frame would be

Mvd , − erf
(
kϕ(‖Mp− MpT ‖ − r)

)
· ∇pϕ

‖∇pϕ‖
·vmax (4)

Consequently, the velocity error for the UAV would be ev ,
Mv − Mvd. A suitable value of kϕ in erf function ensures
that the velocity of the UAV approaches that of the target
when they are within distance r to each other. The desired
heading direction (b1d in Fig. 1) can be selected such that
target remains in the field of view, while the desired rotation
matrix M

cgRd is be constructed so that the UAV achieves the
desired velocity [16]. The orientation and angular velocity
errors are defined accordingly (ᵀ is for transpose), [16]

êR = 1
2

(
M
cgR

ᵀ
d

M
cgR− M

cgR
ᵀ M

cgRd

)
(5a)

eω = cgω − M
cgR

ᵀ M
cgRd

cgωd (5b)

With these definitions in place, and with kv , kR and kω
denoting positive control gains for velocity, orientation, and
angular velocity, respectively, the UAV control inputs are

f =
(
− kv ev +m Mg +m Mv̇d

)
·
(
M
cgR e3

)
(6a)

M = −kR eR − kω eω + cgω × J cgω (6b)

Proposition 1: For sufficiently large kv , kR, and kω , and
given Mp(t) and MpT (t) for any t > 0, if Mp(0), MpT (0) ∈
F , then Mp converges asymptotically to a ball of radius r
around MpT , and F is positively invariant.

Proof: Only a rough sketch of the proof is included here
due to space limitations. The time-varying motion of the tar-
get makes ϕ̃( Mp,MpT ) a time varying Lyapunov function;
invoking Barbalat’s Lemma and showing limt→∞ ˙̃ϕ = 0
suffices to prove asymptotic convergence. For a UAV speed
sufficiently higher than the target’s, and with appropriately
tuned κ, it can be shown that the ˙̃ϕ exists and bounded and
that ¨̃ϕ is also bounded. The conditions of the Lemma are
subsequently fulfilled.

III. STATE ESTIMATION

The UAV is assumed to be equipped with a set of stereo
cameras, and an IMU which provides linear acceleration
and angular velocity readings. Cameras provide bearing
measurements to three classes of objects: the target, known
landmarks, and unknown features. To accommodate on-
board computational constraints and need for low-latency,
the MSCKF [1] is extended to estimate (i) the state of the
UAV and its target, and (ii) the transformation between the
UAV and map frames, through fusion of inertial (IMU) and
visual (camera) data.

The state of the UAV is parameterized in terms of the unit
quaternion Ik

G q̄ expressing the rotation from the IMU’s global
frame G to the local IMU frame [19] Ik at measurement time
step k, the IMU’s gyro bias bwk

, the vehicle’s velocity Gvk in
the IMU’s global frame, the IMU’s accelerometer bias bak ,
and the robot’s current position Gpk in the IMU’s global
frame:

xIMU,k =
[
Ik
G q̄

ᵀ
bwk

ᵀ Gvk
ᵀ

bak
ᵀ Gpk

ᵀ
]ᵀ

(7)

The target’s state for the estimator is a vector T ∈ R3n+3

containing derivatives Gp
(i)
Tk

of the target’s current position
GpTk

at the IMU’s global frame up to order n.

Tk =
[
GpTk

ᵀ Gp
(1)
Tk

ᵀ
Gp

(2)
Tk

ᵀ
· · · Gp

(n)
Tk

ᵀ
]ᵀ

The estimator also needs to estimate a number of static
(no dynamics involved) quantities, among them clones of its
past IMU poses at measurement time step i as well as the
pose of the frame M of the prior map

xclone,i =
[
Ii
Gq̄

ᵀ Gpi
ᵀ
]ᵀ
,xMAP =

[
M
G q̄

ᵀ GpM
ᵀ
]ᵀ

(8)

relative to its own IMU’s global frame G, which is needed as
the estimator initializes its own frame during startup, without
any knowledge of its pose relative to M. If the estimator
maintains N past clones,

xclones,k =
[
xclone,k

ᵀ xclone,k−1
ᵀ · · · xclone,k−N+1

ᵀ
]ᵀ

the static parameters that it has to estimate at step k can
be grouped to a vector xstatic,k =

[
xclones,k

ᵀ xMAP
ᵀ
]ᵀ

,
allowing the combined state of the estimator to be written
xk =

[
xIMU,k

ᵀ Tk
ᵀ xstatic,k

ᵀ
]ᵀ

. Note that x does not live
in a vector space, and so we employ indirect filtering [19].
In particular, the relationship between x and its estimate x̂
is understood via the error state δx through the generalized
update operation x = x̂ � δx, where the operator � takes
the form of simple addition for vector terms and quaternion



multiplication for some quaternion error δθ, so that q̄ =

ˆ̄q� δθ ≡ δq̄⊗ ˆ̄q with δq̄ ≈
[
δθ
2

ᵀ
1
]ᵀ

.
A standard assumption is that the vertical (z) direction of

M and G are aligned [20]. As a result, the transformation
from G to M has only four degrees of freedom: a relative
position between the respective origins and a relative yaw.
Parameterizing orientation of M relative to G using a single
degree-of-freedom quaternion (representing a rotation about
the common gravity direction) allows one to write

M
G q̄ =

[
0 0 θ

|θ| sin
|θ|
2 cos |θ|2

]ᵀ
≈
[
0 0 δθ

2 1
]ᵀ
⊗ M

G
ˆ̄q

and thus implement any updates to the estimate via rotations
about the z-axis.
A. Filter Propagation

Let Iω and Ia be angular velocity and local linear accel-
eration of the local IMU frame I, while Iωm and Iam denote
the measurements of these quantities, respectively. Let also
nw and na represent continuous-time white Gaussian noise
vectors that corrupt respective measurements, and express
the measurement model as

Iωm = Iω + bw + nw,
Iam = Ia + I

GRGg + ba + na

Measurement biases bw and ba are modeled as continuous-
time random walks, driven by Gaussian white noises nbw and
nba. The estimator state components evolve continuously as

ḃw = nbw ḃa = nba ẋstatic = 0 I
G

˙̄q = 1
2Ω(ω) I

Gq̄

Gṗ = Gv Gv̇ = I
GRᵀ Ia Ω(ω) =

[
−ω̂ ω
−ωᵀ 0

]
The estimator assumes a random model for the target,

driven by a Gaussian noise vector, nT , i.e., Gṗ
(i)
T = Gp

(i+1)
T

and Gṗ
(n)
T = nT , giving rise to a (stochastic) linear model

—involving a (3n + 3) × 3 evolution matrix H having all
zeros but for the bottom-right 3 × 3 block entry, which
takes the form of an identity matrix, and a state Jacobian
matrix B, so that the total target state evolves continuously
as Ṫ = B T + H nT . Applying the expectation operator on
the continuous evolution equations for the IMU and target
states, yields the dynamics of the states’ estimates,1

I
G

˙̂q = 1
2Ω (Iωm− b̂ω) I

Gq̂, G ˙̂v = I
GR̂ᵀ

(
Iam − b̂a

)
+ Gg

G ˙̂p = Gv̂,
˙̂
bω = 0,

˙̂
ba = 0, ˙̂xstatic = 0,

˙̂
T = B T̂

These above equations allow efficient propagation of the
state estimate by analytical solution of the differential equa-
tions across the measurement time-interval [tk, tk+1] between
measurements k and k + 1.

Let F and G be the Jacobians of the IMU state with respect
to itself and the IMU noises respectively. We say the target
state is `-dimensional while the static state is s-dimensional.
Let nIMU = [ nᵀ

w nᵀ
a nᵀ

ba nᵀ
bw ]ᵀ denote the stacked vector of

IMU noise. The linearized dynamics now takes the form[
δẋIMU

δṪ
δẋstatic

]
≈
[

F 015×` 015×s

0`×15 B 0`×s

0s×15 0s×` 0s×s

][
δxIMU

δT
δxstatic

]
+

[
G 012×3

0`×12 H
0s×12 0s×3

][
nIMU
nT

]
(9)

1Notation ·̂ for estimates should not be confused with the slightly wider
differential geometric ·̂ wedge mapping.

Let Φ(tk+1, tk) and A(tk+1, tk) be the discrete-time state
transition matrices of the IMU and target based on (9). Matri-
ces QIMU and QT henceforth denote the noise covariances for
the IMU and target state evolution, associated with discrete-
time noise characterization [19], [21]. Letting Diag (·, ·, ·)
refer to the function which places the argument matrices on
the block diagonal of an otherwise zero matrix, propagation
of the covariance P is given by:

Ψ = Diag
(
Φ(tk+1, tk),A(tk+1, tk), Is×s

)
Qk = Diag (QIMU,QT ,0s×s) , Pk+1 = ΨPkΨ

ᵀ + Qk

B. Filter Update

Define the projection operator Π
(
[ x y z ]

ᵀ) , [
x/z
y/z

]
,

which is involved in mapping the global position vector
Gpf of an environment feature to the camera image plane.
Considering the camera frame C at measurement step k, and
letting C

I R and CpI be the known transformation between the
IMU and camera, the (noisy) camera measurement is

zfk = Π
(
C
I R Ik

G R ( Gpf − GpIk) + CpI

)
+ nz

where nz is the imaging measurement noise vector. In
addition, we can write the measurements with respect to
the target by replacing Gpf in the above equation with the
position of the target, GpT . Similarly, for a known landmark
ML,2 one would write

zLk
= Π

(
C
I R Ik

G R ( G
MRᵀ ML + GpM − GpIk) + CpI

)
+nz

While the feature measurements with respect to known
landmarks and the target are processed through the standard
Extended Kalman Filter (EKF) update, linear marginalization
through the MSCKF update step [1] is performed on the
feature measurements, otherwise a standard EKF storing all
the measured features in the state vector would lead to un-
bounded computation. Collect all camera measurements and
corresponding noises in stacked vectors z and n respectively,
and note that if instead of the true estimator state x one
uses its estimate x̂, the expressions above yield a camera
measurement estimate, ẑ. If the camera measurement model
is linearized, then the camera measurement residual z̃ , z−ẑ
is expressed in terms the estimator state error δx, the feature
position error δpf , and the Jacobians Hx, Hf , with respect
to the estimator state x and feature position pf :

z̃ = Hx δx + Hf δpf + n (10)

QR decomposition on Hf gives a unitery matrix Q2

whose columns span the left nullspace of Hf . If C denotes
the covariance of z and one lets C′ , Q2

ᵀ C Q2 and
n′ ∼ N

(
0,C′

)
, this projection eliminates the dependency

on feature errors of the new residual

z̃′ , Q2
ᵀ z̃ = Q2

ᵀ Hxδx + Q2
ᵀ n (11)

2Assumed perfectly known without noise. Noise can be included by using
the Cholesky-Schmidt-Kalman Filter proposed in [20].



C. Initialization
1) Map Initialization: To initialize a parameter not yet

contained in the state, it is required to find an initial estimate
of the new variable and compute Jacobians for a set of
initializing measurements with respect to the current state
and the new variable respectively [20]. In particular, bearing
measurements to known landmarks are collected until the
transformation between the global G and prior map M frames
can be estimated. An estimate of the landmarks in the IMU’s
global frame, GLf , can be recovered through multi-view tri-
angulation. Using the positions for the landmarks expressed
in both frames, the 6 DOF relative pose is estimated [22],
from which the relative position and yaw are extracted.
Variable initialization can be performed by separating the
Jacobians of the collected landmark bearing measurements
with respect to the current state and the new map parameters.

2) Target Initialization: Let GpT0
denote the target’s

position at the time t0 that it is sighted by the UAV, and d,
b denote the depth and bearing of the target in the camera’s
image. In general, d and Gp

(i)
T0

are unknown, but if one
collects N consecutive measurements of the target’s after
the target’s initial sighting and assumes a constant derivative
model over the interval tj− t0 of time elapsed since the first
sighting and a subsequent target measurement j, a constraint
for each subsequent measurement can be stated about the
position of the camera in the global frame for j ∈ {1, . . . , N}

GpCj
= −dj bj +

n∑
i=0

(tj − t0)i

i!
Gp

(i)
T0

(12)

Construct p = [Gpᵀ
C1
, · · · , Gpᵀ

CN
]ᵀ by stacking all the

relevant camera poses, and recall that T0 denotes the initial
target state. Similarly, let d to be the stack vector of
all target depths dj , and Y be the matrix encoding the
constraints (12). The least-squares estimates of T̂0 and d̂

are: p = Y
[
T0

d

]
=⇒

[
T̂0

d̂

]
= (Yᵀ Y)

−1
Yᵀ p.

Propagating T̂0 using the discrete-time target model Tk+1 =
A (tk+1, tk) Tk + nTD with discrete-time noise character-
ization nDT ∼ N (0,QT ), now yields estimates of the
target state {T̂0, T̂1, · · · , T̂N} at each measuring time, as
well as a constraint that, when used in combination with
the collected bearing measurements, can be used as the
initializing measurements for the target state.

IV. SIMULATIONS

The detection scenario consists of a simulated workspace
of 20 m× 20 m× 5 m centered at (0, 0, 2.5m) having three
squircle shaped obstacles shown in Fig. 2a. A Firefly UAV
equipped with a 20◦ downward facing VI-sensor intercepts a
target (turtlebot, shown at the bottom of Fig. 2a). Figure 2b
shows a section of the time-varying navigation function at
an instance where the target is at (7.5m, 5m, 0.5m), with
parameters κ = 6, λ = 104 and λsq = 104.

A dense set of 1550 unknown features and a sparse
set of 160 known landmarks are randomly placed in the
environment. Noisy IMU measurements (with noise density
1×10−6 for accelerometer and gyroscope both) are simulated
at 200 Hz while the bearing measurements are simulated at

(a) (b)
Fig. 2: System validation: (a) The simulated workspace whose boundary is
not shown for clarity. (b ) Navigation function constructed on unit squircle
world in the plane containing the target at location (7.5m, 5m, 0.5m).
Variation across different heights can be seen in the attached video.

a rate of 20 Hz and are corrupted by Gaussian noise of one
pixel standard deviation. The MSCKF window is of size 8.
Occlusions are simulated by checking whether each bearing
ray intersects with obstacle boundaries.

The target is assumed to carry an isotropic Cf-252 neu-
tron source, and the UAV picks emitted neutrons using a
Domino thermal neutron detector3. Radioactivity is simulated
using the thining algorithm [23]—benchmarked against a
5µCi (micro Curie) source available—to guide the simulated
realization of higher activity sources. (The activity of a
5µCi source, 1.5 m away from the target essentially blends
completely into background.)

The UAV behavior consists of three phases: (I) hovering
temporarily to initialize tracking, (II) intercepting the target
guided by the time-varying navigation function, and (III) re-
turn to hovering once the target exits the detection area.
Figure 3 depicts two instances of interception phase (II). The
target moves in a straight line with a velocity of 1 m/s and the
UAV intercepts it with a maximum speed of 6 m/s (Fig. 3a).
Once Intercepted, the UAV follows the target maintaining a
constant distance of about 0.7 m (Fig. 3b).

(a) (b)
Fig. 3: Stages of Target Interception for the setup shown in Fig. 2: (a) High
speed Interception (b) Chase from a fix distance. Both maneuvers are guided
by single time-varying navigation function.

Figure 4a shows the true and estimated relative distance
between the UAV and the target. Starting high during tracking
initializing phase, it eventually converges to approximately
15–20 mm. Figures 4b and 4c show the components of the
relative position error between estimate and ground truth
(simulated using Gazebo’s odometry sensor), of the UAV
(self position estimates) and the target, respectively. The
estimation error in the target’s position starts with a high
value due to initialization at a distance, but eventually con-
verges to acceptable values. The UAV state estimation error,
due to informative known landmark bearing measurements,
remains bounded within 10 cm over the whole path. Figure 5a
presents the desired and achieved velocities of the UAV in
all three phases, while Fig. 5b shows positions of the UAV

3Radiation Detection Technologies Inc http://radectech.com/products/rdt-
domino-v5-4



and the target only in the interception phase (II) (as they
are constant in I and III), during which synthetic radiation
measurements are produced to simulate target radioactivity.

(a) (b) (c)
Fig. 4: (a) Estimated and Ground-truth values of Relative distance between
the UAV and the target. (b) Error in VINS position estimates of the UAV.
(c) Corresponding errors for the target.

Detection of weak radioactive material requires close
proximity of sensor to target. To assess how close to the
target the UAV should be, simulations were repeated with
different safety bubble radii r. Figure 5c shows the variation
of bound on PM with safety bubble radius. The bound on FA
α is constrained at 0.001. The total time allocated to make
the decision was capped at 20 sec while the experimentally
obtained background radioactivity and detector’s radiation
cross-section used in the calculations were 0.005833 counts
per second (CPS) and 2.12× 10−6m2. Radiation sources of
three different strengths 2.2 × 105, 3.3 × 105, and 4.4 ×
105 CPS were simulated. The source activity is calculated
assuming 4.4 × 109 neutrons/Curie/second from a Cf-252
source.4 A bound on probability of missed detection is
set at 0.1 for when the UAV is within approximately 1-
1.25m of the target—weak sources mandate close sensor
proximity, justifying tightly coupling state estimation and
target tracking.

V. CONCLUSIONS

An integrated motion-planning and estimation framework,
which tightly couples visual-inertial navigation and target
tracking implemented through a navigation function and a
differential geometric controller, is shown to be appropriate
for applications of UAV-based radiation detection. Such an
integrated system offers a provable solution for guaranteed
autonomous tracking (necessary for accurate detection) and
collision avoidance, that can work without reliance on exter-
nal infrastructure for positioning and tracking.
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