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Abstract— This paper describes a motion planning algorithm
for a quadrotor helicopter flying autonomously without GPS.
Without accurate global positioning, the vehicle must use on-
board sensors to detect environmental features and infer its
position in a pre-existing map. The vehicle’s ability to localize
itself varies across the environment, since different map featue
give different degrees of localization information. Therefore, if
the vehicle plans a path without regard to how well it can
localize itself along that path, it runs the risk of becoming lost.

We begin by applying the Belief Roadmap (BRM) algo-
rithm [1], an information-theoretic extension of the Probabilistic
Roadmap algorithm, to incorporate sensing during the motion
planning process in a high-dimensional space. We extend
the original BRM to use non-linear state inference via the
Unscented Kalman Filter (UKF), and describe a sampling Fig. 1.
algorithm that minimizes the number of samples required to
find a good path. Finally, we demonstrate the BRM path-
planning algorithm on the helicopter, navigating in an indoor

Our quadrotor helicopter.

constrained by weight and, consequently, power limitation

environment with a laser range-finder. A vehicle small enough to fly indoors or through populated
urban areas safely can carry very little in terms of sensor
. INTRODUCTION payload, leading to reduced range and field of view.

Unmanned air vehicles (UAVs) rely heavily on accurate Nevertheless, most UAVs can carspmesensing capa-

knowledge of their position for decision-making and conPlility for localization; they simply cannot carry sensofeat

trol. As a result, considerable investment has been ma§82abPle themselves to localiewerywherelf the vehicle can
towards improving the availability of global positioning use its sensor model to incorporate predicted measurements

infrastructure, including utilizing satellite-based G&@tem N0 its decision making, then the vehicle can plan trajeeto

and developing algorithms to leverage existing RF signaf?at are robust to sensor limitations. In essence, the ptann

such as WiFi. However, important domains, such as indodli@ses the motion of the vehicle towards paths where the

environments and the urban canyon, remain without acce¥ghicle has high localization capability, trading off thalue
to external positioning systems. Autonomous UAVs thuof fast mission completion against the cost of errors due to
currently have limited ability to fly through these areas.  POOr localization. _ _ _
Consequently, there has been considerable growth in the!n this paper, we describe a planning algorithm for the
use of environmental sensors for position estimation ofu@drotor helicopter, shown in Figure 1, and built by Ascent
mobile robot systems. Vehicle localization using sonagran 1€chnology [5]. This vehicle has a laser range-finder capabl
ing [2], video imaging [3] and laser ranging [4] have beerPf estlma_tmg position, yaw angle_ and altltude_ information
used extremely successfully in a number of applicationom environmental features within &n range in a240°
and have now essentially become commodity technologffé!d of view. The limited range and field of view of the
especially aboard ground robots. Unfortunately, the UAPENSOr lead to position 9stlmates that vary in accuracy and
community has not been able to leverage these grouf@nfidence over the environment.
vehicle successes for two reasons. First, some of the mostOUr algorithm is based on the Belief Roadmap (BRM)
successful demonstrations of long-term robot autonomy ha@lgorithm [1], which is a generalization of the Probabitist
used planar laser ranging based on the ubiquitous SIdRoadmap (PRM) algorithm [6]. The BRM performs searches
laser range finder, which normally provides localizatiodn the information space of the vehicle very efficiently by
information for three dimensions without additional spéci USing the sympletic form of the Extended Kalman Filter
ized hardware. While this is sufficient for ground vehicle(EKF) to find the minimum expected cost path for the
localization, localization in six dimensions during flightVehicle. We make two contributions in extending the BRM
requires considerably more data. Second, UAVs are severdly this paper. First, while the original formulation of the
BRM assumed the Extended Kalman Filter for position
Ruiie He, Sam Prentice and Nicholas Roy are members ofracking, we show how to generalize the BRM to use the
the Computer Science and Artificial Intelligence LaboratoMas-  Unscented Kalman Filter (UKF) [7] for position tracking,
sachusetts Institute of Technology, 77 Massachusetts , AGam- . . . . L
bridge, MA 02139 Ui j i e@ri t. edu, prentice@rt.edu, providing better approximation of the non-linearities oAU
ni ckroy@ri t . edu motion and laser sensing. Second, the BRM is a sampling-



based planner, and the original formulation does not peovidtself by using sensors to measure environmental featurgs a
guidance in choosing a good sampling function. We use thben registering those measurements against a pre-existin
notion of a “Sensor Uncertainty Field” [8], and show how amap. Bayesian statistical analysis is one of the most robust
model of sensor uncertainty can be used to generate a maonethods of localization, [2], [10], in which a probability
efficient representation of the information space. Unlike idistributionp(s;|u;.¢, 21.¢) over the (unknown) vehicle state
previous formulations, we do not need to compute a densg at timet is inferred following a series of noisy actions
representation of the sensor uncertainty field across ttireeen u;., and measurements.;. With some standard assumptions
configuration space; by sampling from the sensor unceytainhbout the actions and observations, the posterior belief ca
field, we generate a sparse and computationally efficiebte expressed as

representation of the localization performance through th 1

environment. Finally, we conclude the paper with a demonp(s:|u1:¢, 21:¢) :Ep(zt|5t)/p(3t|ut7 s¢-1)p(se1)dse1, (1)
stration of the quadrotor helicopter using the BRM algarith o

to navigate autonomously indoors. where Z is a normalization factor. Equation (1), referred to
as the Bayes’ filter equation, provides an efficient recursio
1. TRAJECTORY PLANNING for updating the state distribution. We will referjp0s;) = b,

We first formulate the problem of motion planning foras the vehicle’s belief about its position.

a UAV. We assume that the vehicle is holonomic and that There are many different representations of the Bayes’
we have full control authority, allowing us to ignore velicl filter equation, but the Kalman filter is one of the most
dynamics and treat the problem as a kinematic motiogommon. The Kalman filter assumes that all probability
planning problemC denotes the configuration space [9], thedistributions are Gaussian, and that the transition andrebs
space of all vehicle pose€y,.. is the set of all collision- vation Gaussians are linearly parameterized by the state an
free poses (based on the map of obstacle positions) and control. The Extended Kalman filter (EKF) allows the same
Copst IS the set of poses resulting in collision with obstaclespference algorithm to operate with non-linear transitior

so thatC = Cy.e. U Copst- Given an initial vehicle state, observation functions by linearizing these functions atbu
and a map of the environment, the planning problem is the current mean estimate. More formally, the stateind
find a sequence of actions to move the vehicle from state observationz; are given by the following functions,

to a goal state, without collisions. Our UAV has 6 degrees o

of freedom ¢, Z, z, roll, pitch, yaw), soC = RS, which is st = g(si-vup,wi),  we~ N(O, W), (2)

of moderately high dimension. and  z; = h(st, @), @~ N(0,Q), (3)

One popular algorithm for planning in high dimensionalyhere «, is a control action, andv; and ¢; are random,
spaces is the Probabilistic Roadmap (PRM) algorithm [6], ifinobservable noise variables. The EKF computes the state
which a discrete graph is used to approximate the connegistribution at timet¢ in two steps: a process step based
tivity of Cgrce. If the graph ofCy,... contains the start and only on the control input, leading to an estimatg(s;) =
goal states and a path exists from the start node to the gqakﬁt’ft), and a measurement step to complete the estimate

node in the graph, then this path also exist€i... The  of j(s,). The process step follows as
PRM builds the graph by sampling a set of states randomly

from C (adding the start state, and goal states, to the = g(p—1,w), B¢ =GSaGl +ViW V], (4)
sample set), and then evaluating each state for membersWHerer
in C¢ree; the assumption is that it is much cheaper to evaluatfacobiar’]
randomly sampled poses in higher dimensions than it is
build an explicit representation @,.... Samples that lie
within Cy,.. constitute the nodes of the PRM _graph and ,, =7 + K,(H, — z), ¥ = (I — K.H)%y, (5)
edges are placed between nodes where a straight line path

between nodes also lies entirely withify,... Given this Where H, is the Jacobian of with respect tos and K; is
graph, a feasible, collision-free path can be found using known as the Kalman gain, given by

standard graph search algorithm from the start node to the - 7 - 7 1

goal node. The path can be executed by using a simpIeKt =X Hy (HtEth +Qt) : (6)

controller to follow each edge to the goal. An alternate form of the EKF represents the covariance by its

However, the PRM, and its variants, are not yet well-suitefhyerse, the information matrix [11]. The information niatr
to the problem of a GPS-denied UAV, in that executing gpdates can be written as

plan requires a controller that follows the straight-lirges

is the Jacobian of with respect tos andV/ is the
ofy with respect taw. For convenience, we denote
th £ V,W,V,T. Similarly, the measurement step follows as:

joining graph points. If the UAV executing the plan does 0, =5, =(G= G +R)" @)
not ha\{e a good estimate _of its state, it may not be able to Q=+ H'Q7 ' H,. (8)
determine when it has arrived at a graph node and should
start to follow a new edge. For convenience, we denotel, = H}Q;'H, such that
O = Q¢ + M,. The distribution p(s¢|u;.+,21.+) can be
I1l. VEHICLE POSITION ESTIMATION represented by the information vectgrand the information

If the UAV does not have access to perfect state knowhnatrix Q; = ¥;' and may be more efficient to compute in
edge, such as through a GPS system, it can still localizkomains where the information matrix is sparse.



IV. BELIEF SPACE PLANNING

Recall from section Il that the PRM planning algorithm e - T P —
constructs a graph in the state spahg.. of the vehicle.
However, the vehicle does not know its actual state but orjs 2
has access to the EKF state estimate (u, X); by planning
in the belief space(or information space), the vehicle can g% ———=02) D) )
distinguish between state estimates where the norm of the
covariance is small (i.e., the vehicle has high confiden§f—‘ép3
in its mean state estimate) and state estimates where the
norm of the covariance is large (i.e., the mean state estimat ot
is uncertain). Ideally, beliefs with high uncertainty ae t
be avoided, and if encountered, conservative sensingmactio
would be a reasonable response. Fig. 2. The Belief Roadmap with one-step transfer functicalsudated

Conventional motion planners generally search for gsing the UKF. In step 1, the graph of mean poses is constiuatedi
collision-free path that minimizes the distance to the god]ulualy wsbie nodes are connected wih edges, In step @ptterio
location. In belief space, every belief typically has som@pdates. In step 3, the one-step covariance transfer @i calculated
probability that the robot is at the goal state. A mordrom the individual multi-step updates.

appropriate objective function is therefore to maximize thalong edge;; to reach nods, incurring the computational

probat_)ili_ty Qf the goal state, and (_ext_e_nsions of t_he PRMost of propagating along the edge (some series of EKF
to optimization (as opposed to satisficing, searching for g,ja1eq) for each covariance. The BRM algorithm avoids

fe?iblg plan) havehtt)eerll explored belic,_e\;vhere [12], %’O)t]h this complexity by using an alternate representation of the
naive approach to planning n beliet space would tNeres 4 iance that allows multiple EKF updates to be compiled
fore involve sampling beliefs directly fronu, ), adding

the initial belief be t ruct th h nod laci into single linear transfer function. By pre-computing the
o deg;,gl kl)aetvvgeli pgir:o?c:)r:as;ié(lg bj)efo?r\;a\l/ﬁichng Ceos‘r’]trr())ﬁgngtransfer function for each edge, the search complexity for

; LN ) , belief space planning becomes comparable to configuration
exists that can take the vehicle from beliéfto b7, and then P P 9 P 9

carrying out graph search as before. Unfortunately, it hasé3 ace planning.

b h 11 that the likelihood i f i It has been shown previously [14], [1] that the covariance
een shown [1] that the likelihood is zero OF Sampling anYy¢ 5 Kaiman filter-based state estimator can be factored as
beliefs that are actually reachable from the initial beligf

) . > = BC~1, where the combined process and measurement
However, the EKF representation of the belief space c ¢ P

ries an extremely useful property. Each beligfs a factored a%pdatznfgrcan EKF gived; and C; as linear functions of
combination ofy, and X. Under some mild assumptions of =1 =t

unbiased motion and sensor models, the reachability ofiany Given:¥; ; = B, 1C; "4 9)
is a function .of the vehicle kinematics _and the environmienta =%, = GB_1C; \GT + R, (10)
structure as in the PRM. For somehat is reachable along a _r 1

path fromyuy, the corresponding reachable covariance can be = (GiBi-1)(Gy 7 Ci1) ™ + By 1)

Step 1 Sampled nodes and edges ‘ ! ‘

Series of process and measurement updates ‘ ! ‘
|
|
|

Single transfer functioriij ‘ | ‘

predicted by propagating the initial covariancg along the _ (ﬁtf—l)_l (12)
path using equations (4) and (5) and the motion and sensing ‘
models. whereD, = G; 7C,_; andE, = G, Bi_1 + Ry(G;TC,_1)

Therefore, to construct a graph of the reachable beligfq equation (12) follows from a matrix inversion lemma.

space, the planner first samples a set of mean pbggs The covariance update in the information form can similarly
from C,.. using the standard pose sampling of the PRMye factored as

algorithm, and places an edgg; between pairs(y;, ()

——1 _ _
if the straight line between poses is collision-free. Foova S = (8, +HQH)T (13)
search is used to search for a path through the graph, but — (ﬁf{l + M)t (14)
each step of the search computes the posterior covariance at
each node instead of the standard cost-to-go. Using the same matrix inversion lemma,
A.Tliehef Utpdatlngta? a O”ne(;Step (;-peratlon - : = E,D, + M,E,)"! (15)
e most computationally demanding aspect of the graph- = B (16)

search algorithm described above is in propagating thialinit
covarianceX, to each graph node. Covariance propagatiowhere B, = E, = G,B,_1 + R,(G;7C,_,) and C; =
requires multiple EKF updates along each edgg and (D, + M, E,) = G;TCt_l + M,GyB;_1 + Rt(G;TOt_l).
while this operation is a constant multiplier of the asyntigto |n both casesB; and C; are linear functions oB;_; and
search complexity, it can still dominate the overall searcly, ;. Collecting terms, we can write the complete update
time. Furthermore, these EKF updates are not a one-tinggep linearly, such that

cost; the search process will find multiple paths to nade B 0 I 0 G-T B

Each of these paths will lead to a different posterior covari ¥, = {C] = [I M} [G RGT} {C} , o @n
ance at node, and each such covariance must be propagated t t t t—1



Algorithm 1 The Belief Roadmap (BRM) algorithm. V. THE UNSCENTED KALMAN FILTER
Require: Start belief(1o, Xo), goal f1400: and mapC
1: Sample pose$y; } from Cy,.. to build belief graph node
set{n;} such thatn;, = {u = p;, X = 0}
2: Create edge sefe;;} between nodegn;,n;) if the
straight-line path betweefm; [], n;[x]) is collision-free

The critical step of the BRM algorithm is the construction
of the transfer function, which depends on teris and
M, the projections of the process and measurement noise
terms into the state spac®; and M, also represent the
; . information lost due to motion, and the information gained
3: Build one-step transfer functiorf;;} ¥ eij € {eij}  que to measurements. When using the Extended Kalman
4: Augment node structure with best paik-0, such that fer 1o perform state estimation, these terms are trivial t

_ gi:{M,E,P} H ith initial . q . compute. However, the EKF is not always a feasible form
5: Create search gueue with initial position and covariancgs gayesian filtering, especially when linearizing the coht
Q — no= {0, Xo, 0} or measurement functions leads to a poor approximation. A

6: while @ is not emptydo particularly relevant application where EKF state estiorat
I Popn @ fares poorly is localization in discrete or grid-based maps
8 ifn= Ngoal then Grid map representations contain a strong independence
o antlnue assumption between the grid cells, which causes measure-
10:  end if ) ) ments of neighboring grid cells to appear uncorrelated. When
11: for all n’ such thaBe, andlnot n' > nfp] do computing the Jacobian of a measurement with respect to
12: Compg[tg] one-step update’ = Gnn - W, Where 5 g cell. however, the gradient of the measurement is
= [ I } ) strongly correlated with the neighboring cells. As a result
13: D TR EKF localization requires high-level features such as swall
14: if tr(X7) <tr(n’[X]) then and corners to be extracted for use in both computing the in-
15: n' —{n/[u], X', n[p] U {n'}} novation of the measurements and computing the Jacobians.
16: Pushn’ — Q This example is one of a number of problems that can occur
17: end if with a standard EKF implementation.
18:  end for In order to address the limitations of linearization, alter
19: end while nate forms of the Bayes filter have been developed. One
20: return  ngoq[p] recent extension is the Unscented Kalman filter (UKF) [7],

which uses a set 02n + 1 deterministic samples, known
as “sigma points” from an assumed Gaussian density to
where U, is the stacked block matrikZ ], consisting of the represent the probability density of a space of dimensitnal
covariance factors angl = [/ X ], is the one-step transfer " These samples are generated according to:

Y Z
function for the covariance factors fo¥;, H;, R; and M. X0 =14 (18)
Notice that all of the elements i are directly control- ¢ - ;
lable, except foM/;, which is related to the measurement X' =g + ( (n + /\)zt> . i=1,...,n (19)

but is not a function of the measurement itsélf, represents ;
the total amount of information that the measurement pro- X/ =, ; — (\/(n + /\)Et) , di=n+l,...,2n (20)
vides at timef and depends on the measurement noise model

Q@ (which is usually constant) and the measurement Jacobian ( )2 . .
H;. The accuracy of the EKF approximation assumes th}ﬂhere (n+ )% ) is theith column of the root of the

the measurement function is locally linear, which is exactl Matrix. Each sigma poin&™ has an associated weigh,

the approximation that the Jacobian is locally constant. A4sed when computing the mean, amdl is the weight used

a result, whenever the EKF assumptions hold, then w&hen computing the covariance, such thaf”,wi = 1,

can assume that/; is constant and knowa priori. This > .o wh, = 1. The weights and tha parameters model the
allows us to determing; for any point along a trajectory; width of the covariance; the mechanism for choosing these
furthermore, the linearity of the update allows us to corabinparameters can be found in [7]. The samples are propagated
multiple ¢, matrices into a single, one-step update for th@ccording to the non-linear process model such that
covariance along the entire length of a trajectory. Theegfo — ;

for each edge;; in the BRM graph, we can pre-compute X = g(X/,u,0), (21)

each(, along the edge from the relevant Jacobians and th‘ﬂénerating the process mean and covariance
multiply the set of¢;’s into a single transfer functiod;;

that will propagate an initial (factored) covariance aldhg B n p—
length of the edge in a single matrix multiply. Figure 2 shows My = Z Wy, Xy (22)
this process of constructing the transfer function for each i;U
edge' = ~ 1/ 71 — 71 —
Table 1 describes the complete Belief Roadmap algorithm. Ly = Z we( Xy — 7)) (Xy —11) + Re. (23)
=0

Step 2 of the algorithm contains a pre-processing phase
where each edge is labeled with the transfer funcfigrthat The sigma points are used to create sigma points in the
allows each covariance to be propagated in a single step.measurement space, which are then transformed to generate



the posterior mean and covariange, >;), such that

2n )
Z, = h(X},0) =y w,Z, (24) 3
i=0 .
2n o L én
St = (Z w2 = 71)(Z; — uf)) Q. (25) i
i=0 Se ‘
2n ) ) . £ 02
K = <Z we (X, —1,)(Z2; — Mf)) 5;1 (26) o ',.//
=0 o o1 oz
e = ﬁt + Kt (Zt _ ﬁf) (27) Trace of Full UKF Covariance

=%, — K;S,K;. (28) (a) Comparison of covariance predictions

The advantage to the UKF formulation is that the process

and measurement functions are not projected into the state

space by a linearization; instead, the Unscented Transform

computes the moments of the process and measurement
distributions directly in the state space itself. As a resul
the UKF eliminates the need for linearization and captures d
the distribution accurately up to the second order, rathn t
just the first order fidelity of the EKF.

Unfortunately, although the UKF provides a mechanism of )
efficiently tracking the posterior distribution as a Gaassi t e eorngis
while avoiding linearization of the measurement model, the
UKF no longer calculates th&/, matrix which is a critical
piece of the individual transfer functioigs. However, we can
still recoverM; from the UKF update directly by working in Fig. 3. (a) Comparison of trace of covariance from full UKFefilhg and
the information form and noticing tha, is the information _ ¢85 Ectarance fam one tep vanster functon usaEU e
gain due to measuremeni. We can therefore combine the one-step transfer function using a constant prior.
equation (8) and equation (28),

(b) Distribution of error using constant prior
approximation

distribution of the ratio of the error of the one-step cosade

Q=0+ M, (29)  to the full UKF covariance, where 7000 trials were performed
=M, =Q,—Q (30) using 100 different priors and a range of initial conditions
R — and trajectories were used to calculate fhle matrix. The
=2 - (1) error induced in the one-step transfer function for using a
= (3, - K8 K,) ™t — ft_l (32) constant) is less than 2% with a significance pf= 0.955,

_ _ _ indicating low sensitivity to the choice of prior over a rang
In order to calculate thé/ matrix for a series of points along of operating conditions.

a trajectory, we can generate a prior covariance and compute
the posterior covariance as in equation (28). Happily, the VI. SAMPLING IN BELIEF SPACE
UKF covariance update does not depend on the actual meaAs the number of samples and the density of the graph
surement received, exactly like the EKF covariance updatgrows, the BRM planning process will find increasingly low-
The UKF is still a projection of the measurement noise&ovariances paths. However, as the density of the graph
into the state space, but is a more accurate projectigmows, the cost of searching the graph will also grow;
than an explicit linearization of the measurement modesearching the graph will have complexiy(b?) for b edges
By representing the belief update process with the one-stger node and path of lengtth edges. We can reduce this
transfer function, we are approximating the non-linear UKEomplexity by minimizing the size of the graph, sampling
update. Figure 3(a) depicts the difference between covanedes that reflect the useful part of the information space.
ances computed using the full UKF update and covariancesThe optimal sampling strategy would generate samples
computed using the one-step transfer function for a range tifat lie only on the optimal path to the goal; this would
motions and randomized initial conditions. As expected, thof course require knowing the optimal path beforehand.
one-step transfer function using tli¢ matrix calculated in However, some samples are more likely to be useful than
equation (32) is an approximation to the UKF model but thethers: vehicle poses that generate measurements with high
induced error is low; the trace of the covariances are gfoseinformation value are much more likely to lie on the op-
matched. timal path than vehicle poses that generate measurements
The UKF calculation of the information gaif, does with little information. If poses are initially sampled fro
however, depend on the specific prior maffix As a result, C uniformly, but are retained according to the expected
different choices of prior for equation (32) may result ininformation gain from sensing at each point, the graph
different one-step transfer functions. Figure 3(b) shows will converge to one that maintains the connectivity of the
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(a) Samples drawn uniformly (b) Sample map of sensor uncertainty field (c) Samples from sensor uncertainty field

Fig. 4. Bird's-eye view of unstructured, GPS-denied envinent. The brick structures are pillars in the undergroundgg (a) Distribution of samples
drawn uniformly. (b) The sample map with the sensor uncertdiatgl. The intensity (darkness) of each pixel correspondfédanformation gain available
by sensing there. (c) Distribution of samples drawn accgrdiinthe sensor uncertainty field.

free space and places nodes that maximize the localization 10
accuracy of the vehicle. We call this sampling strateggsor o - :
uncertainty sampling, after the “Sensor Uncertainty Field” A " arutoit oo S
(SUF) defined by Takeda and Latombe [8]. By sampling
from this field in building the BRM graph, we gain the j Th
benefits of focusing the search on the states that lead to high ° I I II I
information gain without the cost of explicitly building ¢h A
sensor uncertainty field. st RENE S S
Information gain is calculated from the difference in F s
entropy of the prior and posterior distributions, 2f
I(z) = H(p(a|2)) — H(p(x)) (33) e e e

where entropy is
Fig. 5. Comparison of uniform vs. sensor uncertainty sampsinategies.
The sensor uncertainty sampler finds accurate trajectoitescansiderably
H(p(z)) = — /p(x) log p(z). (34)  fewer samples than the uniform sampler.

In practice, we use a constant pripfz) = %, such that far from the environmental structure where sensing pravide

H(p(z)) = C and Bayes’ rule to computg(z|z) = p(z|z) - the least amount of information.

p(x), such that Figure 5 shows the advantage of sampling according to the
sensor uncertainty. The graph constructed using sensor un-

IZ(x) = H(p(z|z)) = C (35)  certainty sampling consistently found a trajectory résglin

where > = argmax, p(z|z) andp(z|z) is calculated accord- a qovariance vyith trace.48 usin_g 100 samples, Whereas_ the

ing to the UKF. We normalize the posterior entropies Sbjmfor_m samphr_lg method requwgd 100.0 samples to achieve a

that Z(z) lies in the rangef0, 1], allowing us to treat the covariance of siz8.43. By sampling uniformly, the standard

information gain ofx as a probability that the sample is F’R'\f re;quwes a Iarge_zr i?d Idehnse graph to gchlevfe goor:j
accepted or rejected. ocalization accuracy. Table | shows a comparison of grap

Figure 4(a) shows a bird's-eye view of an example engonstruction and planning times. The conventional PRM

vironment with limited structure and no GPS, specifically's clearly the fastest algorithm in both graph construction

the Stata Center parking garage at MIT. The brick strucb-peed and path search, but_the localization p_erformanc_e s
tures in figures 4(a) and (c) are the parking garage pi”aresxpe_ctedly poor. The_BRM W'.th sensor uncertainty sampling

and stairwell (top right). In figure 4(a), sample poses ar equires .add|t|onal time dyrlng the graph.creatmn. phase,
drawn uniformly. Figure 4(b) shows the sensor uncertaint ut thls.tlme can be amortized across multiple queries, and
field [8] where equation (33) is evaluated at each locatio esults in measurably better paths.

(z,y) for fixed height and attitude. (The lack of smoothness Trace Goal| Graph Build | Path Search

between obstacles is an artifact of the rendering process Covariance| Time (s) Time (s)
d lar discretization.) The pixel intensity corresjmo PRM ; 10,096 0.036 0.001

and angu \ tion. p nsity BRM, Uniform Sampling | 4.223 18.920 0.039

to the information gain, where darker pixels have more BRM, Sensor Uncertainty 1.094 25.589 0.032

information. This field is shown only to illustrate the copte ~ Sampling

computing the field for realistic domains is impractical. TABLE |

Finally, figure 4(c) shows samples drawn according to the  PERFORMANCE AND TIME COSTS OF DIFFERENT PLANNERS
sensor uncertainty. Note that the sample density is lowest
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(a) PRM trajectory, uniform sampling (b) BRM trajectory, SU sampling (c) Laser Perception Model

Fig. 6. (a) and (b) show an example indoor environment for comgdhe performance of the BRM algorithm. The dashed line igridiectory computed

by the respective algorithms, and the solid line is the laediibn estimate of the helicopter’s position during the exiea of the planned trajectory. The
ellipse denotes the uncertainty of the helicopter whendthes the end goal. (a) The trajectory planned by the PRMlantbtalization estimate of the
trajectory flown by the helicopter. (b) The trajectory pladrby the BRM using sensor uncertainty sampling and the latidin estimate of the trajectory
flown by the helicopter. (c) The perception model of the ontidaser range-finder, including the field of view of the X-Y mpéaand the field of view of

the ground plane.

VII. INDOOR NAVIGATION RESULTS uncertainty sampling enables the helicopter to stay well-
The BRM algorithm and sensor-maximizina samolin localized, as shown in Figure 6(b). The helicopter achieves
9 9 PINGhis by detouring from the shortest path toward areas of high

;Srfrigeg)r/evieré tueisteg duviil':]hgatSti-cs]:jai)?lri(z)g:irort:ergi(e)pte:bsg(;\\%gnsor information, resulting in an error at the goal of only
9 - EquIPp gy 9cm, as well as low uncertainty in its final position, as shown

accelerometers, the helicopter has on-board atutudemjontlﬁgathe size of the ellipse in Figure 6(b). This demonstrates

and' thus acts as a sFabIe sensor platform. The on-boa} t the BRM trajectory leads to measurably more accurate
environmental sensor is a Hokuyo URG laser sensor _paerformance

planar laser rangefinder that provides a 2#6ld-of-view at
10 Hz, up to an effective range of 3m. The laser is mounted in
the X-Y plane of the helicopter, and we modified the laser to
optically redirect 20 of its field-of-view to provide a small ~ Modern approaches to planning with incomplete state
set of range measurements in the (downwardjirection. information are typically based on the partially obsereabl
In a single scan, the vehicle is therefore able to estimaiarkov decision process (POMDP) model [15] or cast
its position, yaw orientation and altitude with respect tas a graph search through belief space [16]. Computing
environmental features. Figure 6(c) shows an example scaOMDP solutions requires finding an optimal action for each
In practice, the measurement of the ground plane is relgtivepossible belief in the entire belief space. While the POMDP
noisy, although sufficient for closed-loop altitude cohtro  provides a general framework for belief space planning,
In this task, the helicopter is required to plan a path tas the size of the belief space grows POMDP techniques
traverse from the starting position to the end goal, showbecome computationally intractable. The complexity of the
in Figures 6(a-b), and must constantly be able to localizeolution grows exponentially in both the number of possible
itself while executing the planned trajectory. To compareontrol outcomes and the number of potential observations.
the performance of the BRM algorithm using the sensdlumerous approximation algorithms continue to mitigate
uncertainty sampling strategy, as opposed to a traditiontle problem of scalability [17], [18], but to date POMDP
PRM algorithm performing uniform sampling, we first plantechniques still face computational issues in addressirgel
a path for the helicopter using each method. We theproblems.
manually fly the helicopter through the environment using The concept of the information gain at each location is
the planned trajectories, recording both the helicoptassr related to the Sensor Uncertainty Field (SUF) [8], which
range measurements and the motion commands that wesstimates the distribution of possible errors in robot cprfi
transmitted to the helicopter. The sensor and control datation that may result from sensing at each location in space
were then used to test the localization ability of the hgdteo At every position in the map, the SUF is an estimate of the
when executing the given planned trajectory. expected localization error when the robot's sensor data at
Figure 6(a) shows an example trajectory generated by tis¢éatex is matched against a prior environment model. A pre-
traditional PRM planner, which finds a direct path from starcomputed SUF model therefore provides the path-planner
to goal. Because this plan ignores the helicopter's need farith a method for selecting safer paths by tracing those
sensor information to localize itself, the helicopter ighly  points that result in less positional uncertainty. Altaively,
uncertain of its position by the end of the executed trajgcto the Augmented MDP uses the concept of information gain
and suffers a localization error of 259cm at the goal. Oby the sensor at each possible pose in the environment
the other hand, an example BRM trajectory using sens@mreespace [19] in order to compute a dense policy. The

VIIl. RELATED WORK



Augmented MDP approach is strongly related to the ideas
in this paper, but does not scale well to more than twoyy
dimensions.

The extended Kalman filter and unscented Kalman fiIterZ]
have been used extensively. Ko et al. [20] use the iMoteé
technology and the UKF for state estimation in aerial vehi-
cles, and Valenti et al. [21] were the first to demonstrate®!
reliable navigation and position estimation on quadrotor
helicopters. The sympletic form (and related Hamiltonian[4]
form) of the covariance update has been reported before,
originally in [22]. Most recently, Mourikis et al. [23] used |5
a semi-definite programming approximation to optimize the
Riccati equation corresponding to the covariance update fo[6]
a set of sensors, solving the problem of optimal measurement
frequencies as a convex optimization problem. Finallyedas
range finding on-board helicopters is not a novel technol-m
ogy [24], [25], although we believe we are the first to
demonstrate reliable autonomous localization and motion
planning on an indoor helicopter using laser range finding. 8

El
IX. CONCLUSION
. [10]
In this paper, we have addressed the problem of a he-
licopter localizing and navigating in GPS-denied environ-
ments. The helicopter uses laser range data and an exist[?‘l]d
map to localize, but the laser has a limited field of view,
causing the helicopter to lose track of its own position in
certain configurations and in some parts of the environment?
We showed how the Belief Roadmap algorithm [1] can
be used to plan trajectories through the environment th&gl
incorporate a predictive model of sensing, allowing the
planner to minimize the positional error of the helicopteri4]
at the goal using efficient graph search. The original BRM
algorithm assumed an extended Kalman filter model for pg;g
sition estimation, and we showed how this algorithm can be
extended to use the unscented Kalman filter. Furthermore, \Wé]
showed that by choosing an appropriate sampling algorithrnq]
the BRM can find better trajectories with fewer samples than

using uniform sampling strategies. 8]
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