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Abstract— This paper focuses on the development of a observations at one specific spot while ignoring a large
cost-aware sequential Bayesian decision-making stratedgr ~ amount of unsurveyed regions in the domain. Building
the search and classification of multiple unknown objects on previous work in the deterministic framework [1]
within a task domain. Search and classification of multiple ) e . !
objects of unknown numbers are competing tasks under and _the Bayesian-based prObab'“St'C fram_ework in [2],
limited vehicle and sensory resources. This is because sens N this work a cost-aware Bayesian sequential search and
equipped vehicles in the system can perform either the sednic  classification decision-making algorithm is developed to
or classification task but not both at the same time. The guarantee the detection and satisfactory classification of
decision of one task over the other may result in missing all objects in the domain with minimum Bayes risk.

other, more important objects not yet found or missing the ) . . .
opportunity to classify a found critical object. Building on We first review some of the related literature. Inspired

previous Bayesian-based probabilistic work by the authors Py work on particle filtering, in [3] the authors develop a
in this paper we develop a cost-aware sequential Bayesian strategy to dynamically control the relative configuration

decision-making strategy for search and classification. It of sensor teams under a probabilistic framework. The goal
will be demonstrated that the proposed approach results in 5 15 get optimal estimates for target tracking through
detection and satisfactory classification of all objects irthe . L
domain. sensor fusion. In [4], the authors use the Beta distribution
to model the level of confidence of target existence for an
I. INTRODUCTION unmanned aerial vehicle (UAV) search task in an uncertain
In a search and classification mission, an autonomo@svironment. The Beta distribution defined for each cell
sensor-equipped vehicle searches for and classifies migli-a function of the prior probabilities which is updated
tiple objects distributed over a domain. Search and clagirough Bayes’ theorem. In [5], the above uncertainty
sification are two competing demands. The objective imeasurements are extended by using the Modified Bayes
a search task is to find each object and fix its positiofractor, and prediction of future measurement is also taken
in space, while the objective in a classification task is ténto account to calculate the possible uncertainty redacti
observe each found object and collect enough information UAV search operations. An alternate approach for
to classify it. Therefore, a sensor vehicle can perforrgearching in an uncertain environment is simultaneous
either the search task or the classification task but néacalization and mapping (SLAM) [6].
both at the same time (search requires mobility and Coordinated search and tracking in a probabilistic
classification constrains the motion of the vehicle to thaframework has been studied mainly for optimal path
of the object). Hence, a sensor vehicle has to decide ¢anning in the literature. In [7], the authors investi-
whether to continue searching or stop and characterig@te search-and-tracking using recursive Bayesian fijeri
once it finds an object. This decision may be very criticawith foreknown targets’ positions with noise. A vehicle
in some applications as in search and rescue, where, foill keep searching until the target detection probability
example, finding and analyzing a nonhuman object mag above some preset threshold. However, the target might
come at the cost of delaying or altogether missing a livee lost and need to be found again due to measurement
human victim. Conversely, a vehicle may come across Roise. The results are extended in [8] for dynamic search
human victim and, at the cost of missing it, decides tépaces based on forward reachable set analysis. In [9], the
continue the search task. author proposes a Bayesian-based multisensor-multitarge
When we consider the observation cost of taking eacsensor management scheme. The approximation strategy,
new measurement, we may soon make a decision foased on probability hypothesis densities, maximizes the
either the search/classification process using very lanitesquare of the expected number of targets. With the same
observations at hand with high uncertainty. This is beobjective, in [10] the authors seek to maximize the prob-
cause, at the outset of the mission, it is costly to takability of finding a target with some foreknown location
. ) o ~information in the presence of uncertainty. In the above
tute"v'i%%arl‘r'f;i'tufggg‘gaeé',n%vgrigzg:er,\‘/}'/\vg‘fggs_teé_;o;}’u;‘f’é&?;g’ literature, there is no explicit decision-making stratégy
ihusseir} @wpi.edu. search and tracking proposed in the above literature.
"Electrical and Computer Engineering Department, Worcety- Sequential detection [11], also known as quickest de-
ffég:/‘;p:”:é'&”te' 100 Institute Road, Worcester, MA 01689mail:  taction [12], allows the number of observation samples
EAir l;orcé Research Laboratory, Space Vehicles Directoratd® Vary in order to achieve an optimal decision. Due to
AFRL/RV, 3550 Aberdeen Ave. SE, Kirtland AFB, NM 87117. the randomness of observations we may get at each time



step, a decision may be made with a few observation sammotion
ples, whereas for other cases we would rather take more at+1) = q(t)+ut),

samples for a possibly better decision. In our prObIen%hereq €D c R? rep_resents the position af, and
with a relatively high observation cost at the beginning o{l € U C R? is the control inputi/ is the set of aII(;wabIe

the mission, it is wise to make a crude decision first anfl, 015 At any timer, the vehicle can either perform the

return later when the cost is low. The Baysian sequentigh s ch task or the classification task, but it is not capable
detection method used in this paper is such that the Bay Bboth at the same time

risk is_ minimized !n each time SteP- Other sgquentig In this work, for both the search and classification
detection method includes Sequential Probability Ra_t'Brocesses, we use a sensor model with Bernoulli distri-
Tehst (SPRT)_ [11] bsss_? on ][\leyma_m-Ffearsog fgrmulatlo'ghﬂon’ which gives binary outputs for a single observa-
where no prior probability information is needed. tion, however, with different observation contents: objec

In this paper, we will employ the sequential BayeSiampresent" or “absent” for search, and property “F” or “G”
decision-making strategy for both the search and c:Ia%r classification

sification processes, which considers the cost of taking

observations. We first introduce a Bernoulli type sensof. Sensor Model for Search

model in Section Il, combined with a real time obser- ~ .

vation, we update the posterior probability according to !n the search process, IeX(q) b_e a binary state
the Bayes rule in Section Ill-A. In Section IlI-B, an Variable, where0 corresponds to object absent, and
uncertainty map for the search process is built baséa)rresponds to object present. Note that the realization

on the probability of object presence over the domairP! (@) depends on the position of the observed point

A classification uncertainty function is also defined ford: that is, B

each found object. Based on the uncertainty function, X,(@) :{ L qeP,

we propose the metrics for the search and classification 0 otherwise.

processes in Section IV. In Section V, we study théince P is unknown and randomX,(q) is a random
cost-aware sequential Bayesian decision-making metho¢@riable with respect to ever§j € D. Define the obser-
We then make sequential decisions based on both tWation indicating object present as a positive observation
posterior probabilities and the minimum Bayes risk curveand the observation indicating object absent as a negative
To illustrate the performance of our approach, in Sectiofbservation. Lef’s(q) be a binary observation variable,
VI, we provide a simulation result for a single cell inwhere 0 corresponds to a negative observation, and

a search task. The algorithms for motion control of th€0rresponds to a positive one taken at p@jnt
autonomous vehicle is developed in Section VIl and a full-  Because the states,(q) are spatially i.i.d., the obser-
scale simulation with the autonomous mobile vehicle ovefationsY;(q) taken at every poing§ within the mission
the entire mission domain for search versus classificatigfPmain D are spatially i.i.d. Conditioned on the state
is presented in Section VIII. We conclude the paper by<s(@) at a particular poini, let ¢ be time index, the

current and future work in Section IX. observation¥’; ;(q) taken along time are temporally i.i.d.
Therefore, if we take an observation at each time step at
[l. SETUP AND SENSORMODEL q, for a window of L time steps, we havé + 1 different

o ) ) combinations of unordered scalar observations, that is,
Let D C R? be a domain in which objects to be ranging from zero positive observation tb positive
found and classified are located. Lgtbe an arbitrary gnes Let the variableZ,(§) be the number of positive
point in D. Assume there aréVi cells in D and let  qpservations at poing, which is a number in the set
1 < No < N be the number of objects i. Both (o ... r}. The following (L + 1) x 2 matrix gives the

No and the positions of the objects iR are unknown general conditional probability matrix for the search task
beforehand. We assume that the probabilities of object

presence are spatially i.i.d. ovex. Let the position of the

static objec0;, j € {1,2,..., Ny}, bep;. P is the set of

all object positions (unknown and randomly generated).

N, is a binomial random variable with paramete¥g

and Prolbq € P), where Probg € P) is the probability : :

of object presence at poirj (identical for all ¢ and ProiZ, = L|X:(q) =0] ProZ; = L|X(q) = 1]

independent). Hence, the expectation’of equals to the .y, S ProfZ, = 11X.(@) = j] = 1,j = 0,1. Be-

number of total points multiplied by Prog ), that s, cause the sensor follows the Bernoulli distribution for a
E[No| = NitProlig € P). single observation, ProB, = 1|X,(q) = j] will follow a

We will assume that there exists a single autonomousinomial distribution with parametef; ;,i = 0,1 and

sensor-equipped vehicle (denoted by that performs L, which describes the probability of havirgpositive

the search or classification tasks. The vehiélsatisfies observations given stat&,(q) = j.

the following simple first order discrete-time equation of For the sake of simplicity, we can assume that the

ProdZ, = 0| X4(q)
PquZs - 1|XS(Q)

=0] ProdZ, =0|X,(q) =1]
=0] ProdZ, =1[X,(q) =1]
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B, =
AN Prol{Z. = 0|X.(q) = 0] ProZ. = 0| X, ((:1
g 0.‘0:3.3“*3\**\\‘\\ ProfiZ: = 1X.(4) = 0] - Prot{Z = 1|X.(a)
{0 .
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ProbZ. = L:|Xc(q) =0] Projz.= L|Xc(q) =1]
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Fig. 1. Ss as a function of distance from sensor location to an arlyitrar : .
point in the domairD with q = 0, M = 0.4 andrs = 2. (1 -8 )L 5L
(&

with 7 ProZ, = [|X.(q) = j] = 1,j = 0, 1.
The value ofs, follows a some form a8, and is given

sensor probabilities of making a correct observation ar%y )
the same. That is, we havg ; = 5y s = 3s. Hence, the J(¢) = % (52 — 7‘3) +b, if s<r.
conditional probability matrix can be written as follows: b if s>r.
BL (1—By)F where M, + b,, gives the maximum sensing capacity and
L(1 = BB LB(1 - Bs) r. is the sensing range for classification.
: : ' 1. BAYESIAN UPDATES AND UNCERTAINTY MAP

(1—B)F BE In this section, we summarize the main algorithms
The value of 3, depends on the range between theresented by the authors in [2].
sensor and the observed point. Here we assume a simple Bayesian Updates for Search and Classification

model for g, Ehat !s gfourth order polynomial function of For the search process, we define the general update
s = [|a(t) — q]| within the sensor range; andb, = 0.5 gqyation for the probability of object preseneg(d, t-+1)

Bs =

otherwise, e (2 as follows: .
£ (s*—r2)" +0b, ifs<r - s Ps (g
(s) =4 n WSST ) P(@t+1) =
ﬁ(S) { b'n. ifS>T5 ( ) (q + ) Y t( )2ﬁs S( ) ﬁs_ ( 4, )+1
where M, + b, gives the peak value of, if q being (1= yoa(@) (1= 8s)Ps(a,t) 3)

observed is located at the sensor vehicle’s location.The —28sPs(q,t) + Bs + Ps(q, )’

sensing capability decreases with range and bec@nies wherey; +(q) is the actual realization of the random vari-

outside of the limited sensory rang#®. Figure 1 shows ableY;.(q). Note that the probability of object absence

the 55 function over a square domain of sizex 4. Other is given byl — Ps(q,t + 1).

models for(; can also be used and the analysis still holds. For the classification process, we use a similar update
equation as (3) to express the posterior probability of a
found objectk at locationq,, having property “F”:

ﬁc (qka )
P(qut"’_l)—yct( )
B. Sensor Model for Classification (2505 qu’( ) - )ﬁc Pe(@, 1) +1
+(1— yer(@) o) eldr, ! (@)

- . —2B.Pe(Qk,t) + Bc + Pe(qr, t)’

In the classification process, I8{.(qx) be a binary whereq, is the position of objeck. The probability of
state variable for objecf,k = 1,2,---,No, where having property “G” isl — P.(qy,t + 1).
0 corresponds to object having Property “G”, and g Uncertainty Map
corresponds to Property “F". LeY.(qx) be a binary
observation variable, whel@ corresponds to observation
showing Property “G”, and corresponds to observation
showing Property “F”.

Assume the observations ;(qy;) taken along time are

For the search process, we use the information entropy
function of the probability distribution of object presenc
to construct the uncertainty map for evegywithin the
search domain. The uncertainty map will be used to
temporally i.id. For a window off, time steps, there guide the vehicle in the search domain. We define the

are I + 1 different combinations of unordered SCaIar|nformat|0n entropy distribution for discrete probalyilit

observations. Let/.(qx) be the number of observations?Azmbugog_ff[sd_: {fs(_q, t])c’ 1 _b.PS(q’ 0} (e, Péq [;S
showing Property “F” for objectk. Assume that the > proba lity distribution for object present and a pent
sensor probabilities of making a correct observation afdtdat each time step as

the same, the followingL-+1) x 2 matrix gives the general H(Pp,,q,t) = —Ps(q,t) In Ps(q,1)

conditional probability matrix for the classification task —(1 = Ps(q,t)) In(1 — Ps(q,t)). (5)



For the classification process, we define a similar erwherei = 0,1 represent): object absent and: object
tropy functionH.( P, , qx, t), with Py, = {P.(qx,t),1— present,j = 0,1 correspond to stat&(;(q) = 0 and
P.(qx,t)}, for every found object (located atqx) to  X,(q) = 1. HenceC;; is the cost of deciding when

evaluate classification uncertainty. the state isX;(q) = j. C can be written in the matrix
HC(PHcaqkat) = _Pc(q}’mt)lnpc(fhwt) form as 0 1
_(1_Pc(qkat))ln(l_Pc(q}’mt))' (6) C= |: 1 0 :| .

There are as many scaléf,’s as there are found objects Let Ro(d, L,A),L > 1, be the conditional risk of

k up to timet. - : - L .
deciding there is an object gtgiven that there is actually

IV. SEARCH AND CLASSIFICATION METRICS none over at least one observation,
In this section we develop metrics to be used for the Ro(a, L, A) = cF Ab, (10)

search versus classification decision-making process.

define the cost of not carrying on further search as . - .
_ ~ contains the costs of deciding object absence or pres-
T(t) = Jp Hs(Ph.., G, t)dq_ (7y ence when there is nothing ai. The quantityb, =
_ HsmaxAp _ [BE, - (1 — B5)F]T is the first column of conditional
The costJ is proportional to the total integral of the propapility matrix B, and contains the probabilities of
search uncertainty ovéP. We divide the integral by the having zero £, = 0) to L (Z, = L) positive observations
area of the domaimlp multiplied by H max in Order \hen there is nothing af. The quantityA is a deter-
to normalize7 (¢). According to this definition, we have minjstic decision rule and used to evaluate the Bayes risk
0 < J(t) <1.Iffor somet, we haveH,(Pr,,q,ts) =0, to help decide the minimum Bayesian risk,. (to be
for all q € D, thenJ(t;) = 0 and the entire domain gefined in Section V). Fol. > 1, A is a2 x (L + 1)
has been satisfactorily covered and we know with 100%,atrix. The number is the number of possible final
certainty that there are no objects yet to be found. decisions in this case, corresponding to “object absent”
Fo.r the classification process, I&t,(¢) be the number and “object present” respectively. The quantity > 1
of objects found by the autonomous sensor vehicle Ug the number of observations that one can make over
to time ¢. For each found object € {1,2,---, No(t)},  a window of L time steps, and the first t6L + 1)

V\\I/v%ere co is the first column of the cost matrig' and

define the classification metril,(q;,t) to be columns in theA matrix correspond to zero tb positive
Hay(qj,t) = eI (1), (8) observationsAl,i =0,1, 1=0,1,---, L can be eithef
wheree, is a preset upper bound on the desired uncertaingf 1, and>";_, Al = 1. If Al = 1, it means that we will
level for classification. make decision given there ard positive observations.
Let us define the classification conditions as follows: Therefore A can have2“*! different matrix values. When
la(t) —a;ll < e (a) L = 0, i.e., there is no observation takef, could be
H.(Py,,q;,t) > Hq(q,;,t) (b) ) either “always decide there is an object” or “always decide
H(Py,,q;,t) < es (c) 7 there is no object”, regardless of the observations, but
No Decision at q; at ¢t (d) there will be no explicit matrix form for\.

wheree, is some upper bound on the search uncertainty to In this paper, we assume that the sensor is a “good”

be met before a classification task can be carried on. Onfye, that is to say, the detection probability is higher

when all the classification conditions are satisfied, i&)., (than the error probability of the sensor, i.€, > 0.5.

the objectQ; is within the vehicle’s sensory range, (b) Therefore, there are only a small number of “reasonable”

the classification uncertainty gfis larger than the desired deterministic decision rules. Giveln observations, the set

uncertainty, (c) the search uncertainty;a relatively low of “reasonable” deterministic decision rules is the set of

(we are to some extent sure thats an object), and (d) all rules of the type

no decision has been made about the property yét at . 1 >0

previous time step, then the vehicle will start to classify Al = 0 otherwise

j. If any one of the above condition fails, the vehidke . "
herel € {0,...,L} is the total number of positive

stop classifying the found object and switch to searchin
P fying ) gpservations and € {0, ..., L+1} is the threshold where

again. It can resume classifying an object that has be K itive decision. Thi | d
detected and completely or partially classified in the paé’i’e make a positive decision. This means we only need to

if it finds it again during the search process. When thigonsider decision rule matrices that look like

occurs, the value off; will be smaller than the last time A = L1100 0}
) 00 1 1 1
the objected has been detected. .
and not like

V. COST-AWARE SEQUENTIAL DECISION-MAKING 101 1 0

Assuming a Uniform Cost Assignment (UCA), we A = {0 1 00 1] '
define the decision cost matrix as When the threshold = 0, we will always decide object

C,i = 0 ifi=j present and ignore the observations. Similarly, when

1 ifitj



L + 1, we will always decide object absent. Note thabne more observation.

“reasonable” decision rules grows linearly with and Define the stopping time as
dominates any other type of decision rules with the same N(¢) = min{k : ¢, = 1},
value of L.

which is a random variable due to the randomness of the

N observation we may get at each time step. The expected
Ri(q,L,A) = cf Aby (11)  stopping time under stat&,(q) = j is then given by

gives the cost of deciding that there is no objedj afiven E;[N(¢)] = E[N(¢)|X.(q) = 7).

that there is actually something ovér> 1 observations.

_ Therefore, under UCA, there is no cost if the decisiog,e o gitional Bayesian risk (10,11) under UCA over
is the actual state, and the conditional risk(21) can be | < o ghservations can be modified to be:

interpreted as the error probability of deciding there is a . B . . .
(no) object given that there is actually none (one) undergzo(q’ L, A) = Prol{decide object presence,(q) = 0)

Similarly, the conditional risk

Since now we assign a cog&ys for each observation,

certain decision rulé\ over L observations for poing. +cobsFo[ N ()], (12)
Assume that we could collect one observation from g, (@, L, A) = Proldecide no obje¢k,(q) = 1)
the sensor at each time step. Now each observation is consE1 [N ()] (13)

o .

assigned a costops(t), which may be based on energy,f Ah lici T q furth
time etc. For both the search and classification processés,L = Lh bas explicit matrix .orm and we can further
we couple the search task with the classification task usif§'//te the above equations as:

a dynamic observation cosys that depends on how much Ro(@, L, A) = ¢ Abo + cobsFio [N (9)], (14)

more uncertainty there remains to be eliminated Ri(a, L, A) = ¢ Aby + copsFr [N (). (15)
cobs(t) = 1T (1), Define the Bayes risk as the expected risk of making

where~ > 0 is some constant. That is to say, at thea wrong decision under decision rule

outset of the mission with a relatively high value gf (@, L, 71, A)

high uncertainty), the observation cost is high sincedher - -
;rg still many uyr?covered points in the don?ain and itis (1= WI)ROEq’L’A_) +W1R_l(q’L’A)’. .L = 0(1.6)
expensive to only make observations at a particular poinf/érém = Prolig € P] is the prior probability of object
The cost-aware Bayesian sequential decision-making str&€Sence at poing, which ranges front to 1. Similarly,
egy tends to make a decision with a few observatiof? — 1—m glves.the.prlor probability of object ab_sgnce.
sample in that case, which may yield large number ojote that the prior is used to construct the minimum
false detections and miss detections. When the vehicle hggyes ”_Sk curve over all possible priors and Iengt_hs of
surveyed most points in the domain, both the uncertainfPServations. Fix ar; € [0, 1], the minimum Bayes risk
and the observation cost decrease. The vehicle is able {@4'Ve at this particular prior has the minimumvalue
come back to some already searched/classified points qyer all possmle Ch.O.ICGS fﬁ‘ with L = 0 This IS not the
take observations again and make better decisions witig e prior probab|I|tyP_S(q,_t) defined in S?ctlon IHI-A,
lower uncertainty. The process is repeated uftit) — 0 which evolves a_llong with _tlme for_ a Specifig
for search orH, < H, for classification. We want to fmd_ a terminal decision rudebased on all

At every time step, the vehicle has to choose to decidd€CiSion rulesA with L > 0 such that the Bayes risk

|r%m|n|m|zed at each time step. This sequential Bayesian-

object present, decide object absent or take one mo 4 decisi K . imal | i
observation and postpone making any decisions regardingse ecision maxing strategy Is op_t|n_1a In every time
ep, but not historical. All the cost paid in the past steps

object presence to the following time step. This sam@ ) e
decision procedure is repeated until the cost of making H forgotten in the current step, the best decision is chosen
wrong decision based on the current observation is le2&Sed on both the current observatidyy and the time-
than that of taking one more observation for a poss€V0lVing prior probabilities”;(q. ). _

bly better decision. The cost-aware sequential Bayesian If we do ”F’t,take any observqtloné & 0) and _dlrectly
decision-making strategy is such that the Bayes risk é‘?ake_ a decision, the Bayes risks f — 2 different
each time step is minimized. Denate= {¢;};2, to be decision rules are as follows _ _ _

the stopping rule and = {4;}7°, the terminal decision ~ 7(a, L = 0,m, A = always decide there is an objgct
rule. If ¢, = 0, we continue to take another measurement;: 1 — 7,

if ¢ = 1, we stop taking further observations. The
quantityd;, can be either one of three possibilities: decide
object present, decide object absent or take one more”!-

observation. Note that while the final decision is either If we do not stop at = 0 but take one observation
object present or absent, at every time stepefore we (L = 1), the minimum Bayes risk over all possible choices
could make a final decisiony, takes up one of three

possibilities: make a decision of object present, make a

decision of object absence, and make a decision of taking

r(q, L = 0,71, A = always decide there is no objgct



of Awith L=1s show the lines of decision rules that constitute these red

Pmin(@, L = 1,m) = min (1 — 7)Ro(q, L = 1,A) lines and list the equation of these lines. The Bayes risk
AGL functions under more thad observations [, > 3) have
+mR1(q, L =1,A) > cobs larger » values and do not contribute tf,;, (G, ) for

wheregy, is defined as the set of all deterministic decisiorthe particular choice ofi; and cops here.
rules that are based on exacllyobservations (Herd, =
1 since we have only taken one observation).

Following the same procedure, we compute the min- = AN
imum Bayes risk functions under different observation . -
numbers and find the overall minimum Bayes risk over

Bayesian Riskr
Bayesian Riskr

all decision rules {, > 0). 1s : ”
T;knin(Q7 7T1) = L:Iol}%g,mrmin((ivljvﬂl)' o B o . sk

The basic idea of the cost-aware sequential Bayesian ”r‘%’é’al)’ﬂg’l c LA
decision-making method is as follows: With an initial

prior probability of object presenck;(q, t), we check its .
corresponding- ;,, value in the overall minimum Bayes o
risk curve. Ifr} . (q,m) is given by the line withL > 1, =0
the Bayes risk is lowered by taking an observafign.;,
computing the posterior probabili#y; (q, t+ 1) according

Bayesian Riskr
e g

L=
to Equation (3) and again checking its corresponding \ .
minimum Bayesian riskr}, (q,m) to make decision. 1
That is, an observation is taken if and only if the prior o
71 = Py(q,1) is such that S

Tmin(q,LZ1,7T1)<H11D(7T1,1—7T1). ©
The left hand side of this inequality corresponds to théi%i mZL}m B(:)egaéfiesi ELSnkctiEﬂhC(t(ignSe;r;c:]@sttrzti) noté?iavsté%r& 0(r?)
minimum r|sk_ of all dgmsmn rules_, that ta!<e_at Iea_stl';/} the mimmﬂm Bayes risk curve under a fixed i
one observation. The right hand side of this inequality
corresponds to the minimum risk of the decision rules that Let us interpret each of the lines.
take no observation. Hence, an observation is only tak

’

is repeated using this posterior as the new prior. For . . .
f X ; : r(q, L = 0,7, A = always decide there is an objgct

example, at time stept-1, Ps(q, t) is regarded as the prior

probability in the update equation (3). If the decisionisto = (1 —m1) x 1 +7m1 x0=1—7y;

take one more observation, the same procedure is repeatéde 2. This line also represents the decision rules without

until the Bayes risk of the taking one more observation iany observation. Always decide there is no object regard-

higher than the cost of making a wrong decision. That iess of the observations:

to say,r},;, is given byr(q, L = 0,m, A). ~ r(q,L=0,m,A = always decide there is no objgct
Let us illustrate the detailed scheme by the following — (1= m1)(0 + cons X 0) + 71(1 + caps x 0) = 1.

first-step simulation. _ ; o
Line 3. The blue line corresponds to the decision rule

VI. SIMULATION FOR A SINGLE CELL OBSERVATION 3 after taking one observation: decide the actual state

In this simulation, we fix a poing§, chooses, = 0.8  according to the only one observation, that isZif = 1,
(i.e., M = 0.3 and the sensor is right at this point), andWe decide there is actually an object. We have
set the observation cost as a fixed numbgg= 0.05t0  r(q, L =1,m1,A = A1) = (1 —m)(1 — s + cobs) +
dgmonstrate the sequential Bayes_ian—basgd decision rule:, (1 — 3, + cops) = 1 — s + Cobs
Figure ?(a) shows a!l the Bayes risk _functlom;lnderlo Line 4. This line gives the decision rules after two
(black lines),1 (blue lines) or2 (green lines) observations observations. Line 4 corresponds to the decision rule that

with 7, € [O’_l_]' In Figure 2_(b)’ th? red lines indicate decides there is actually an object if and only if all the
the overall minimum Bayes risk;,;,(q, m1). The overall s ohservations are positiveZ( — 2). Following the
minimum Bayes risk curver;; (q,m) is constructed .. procedure as above, we have

by taking the smallest value of afl,i,(q, L, m),L = . ' )

0,1,2,--- under each fixed prior probability;. Figure r(@, L =2,m,A=As)=(1-75)"(1—m)

2(c) shows the construction of the minimum Bayes risk +(28(1 = Bs) + (1 = B:)*)m1 + 2covs

(the red dot) under a fixed priorj. Here, we only Line 5. This line also gives the decision rules after two



observations. Line 5 corresponds to the decision rule tha@he nominal control law is then set to be

decides there is no object if and only if none of the two a(t) =q.(t+1)—q(t) e U. (20)
otiservatlons is object present, This choice for the nominal control law is inspired by the
r(Q, L =2,m,A=Ag)= nominal control law in [13].
(265(1 = Bs) + (1 = B)H) (A = m1) + (1 — Bs)*m1 + 2Cobs If Condition C1 holds, then the perturbation controller
Thus, the red line gives the minimum Bayesian riski(t) is used: _
7*..(q,m) over 0,1,2 observations. u(t) = —k(qt) —q")
The intersection of lines 1, 5 is the lower priorwhere0 < k < 1 is the controller gain, and* €
probability 7, = 0.2059. When the posterior probability 9, (1) := {q € D : g — q(t) € U} such that

1 — Py(q,t) updated through Equation (3) is below,, H,(Py.,q*,t) > e. We assume thal{ is such that
we stop taking observation and decide that the actua@,(¢) = D for all time t. The controller is used to drive
state is object present. This is because the minimutie vehicle out of the region with low uncertaingyto
Bayesian risk is determined by line instead of line5  someq* € Qp(t) such thatf,(Py.,§* t) > ¢, if such
when 1 — Py(q,t) € [0,7.]. The intersection of lines a point exists.

2, 4 is the upper prior probability;; = 0.7941. When Here we present an efficient energy-wise way to choose
1 — Ps(q,t) is abovery (i.e., Ps(q,t) < m), we decide a pointg*. Let

that there is actually no object. We start with the prior — [ . 5

P.(q,0) = 1 — P,(q,0) = 0.5, and decide to take one Delt) =14 € Qo(0): (P, Q1) > o}
observation according to the red line. Next, we take
observation, and if the observation 15 ;-1(q) =

awhich is an open set of ad] for which H, (P, q, t) is larger
than a preset value Let D (t) be the closure oD, (t).

Let D v(t) be the set of points iD.(¢) that minimize

indicating there is an object, then we update the post : "
. . . . e distance between the position vector of vehi¢ley,
rior probabilities according to the new observation an —

and the seD.(t):

the Bayes update rules (3). The posterior probability IS _

Py(@1) = 08,1 — Py(@ 1) = 0.2 < 7. We decide  Pev(?)

not to take any more o_bser\{atloq and determlne there is _ {q* eD():q" = argming . ;) [|d — q(t)||}.
actually an object at this point with Bayes risk= 0.2

according to line 1. VIIl. SIMULATION

In this simulation, we consider all the poingswithin
a 20 x 20 square domairD. For eachq € D, we assume
In this section, we summarize the main results of thgn i.i.d. prior probability of object presence equals to
search control strategy presented in [2]. We will considep, (q,0) = % = 0.2, where E[N,] is the expected
a motion control strategy for the vehicle that guarantegsumber of object. The number and locations of the objects
finding all objects inD (i.e., achieve7 — 0) with the  are randomly generated. The number of objects generated
minimum Bayes risk at every time step. for this simulation turns out to b&2 with locations as
Let the controlu(t) be restricted to a séf. Based on indicated by the magenta dots in Figure 3. The radius
this constraint on the control, we define the ,(t)  of the search sensor is chosen ta@nd the classification
of points in}V reachable from the current location of theradius . is chosen to bes, as shown by the magenta
vehicle at timet: and green circle in Figure 3. The black dot represents
Ow(t)={aeW:q—q(t) eU}. (17) the position of the vehicle. Figure 3 shows the evolution

We use a control law that drives the vehicle to som&f Hs. From Figure 3(d), we can conclude that at most
point ¢ € Oy (t) that has the highest uncertainty, andHs = 1.1 x 1075 has been achieved everywhere within
switch to a perturbation control law when the vehicle iP- In this case, we set the maximum sensing capacity as
trapped in a region where no such point exists. Let ud/ = 0.5, and the cost-aware decision rule will stop and
first consider the following condition, whose utility will make decision if and only if the point is under at least
become obvious shortly. sensory capability).95. The parametety = 0.05.

- _ - For the classification process, let the desired upper
Cpndltlon Cl. Hy(Pn,;q,t) <¢ V4 € Qw(t), where bound for classification uncertainty be = 0.01 and
e is a preset threshold of some small value.

Consider the followi y es = 0.3 for search. The priord.(q,0) = 0.5 and all
onsider the following control law the objects with even number have property “F".

VII. V EHICLE MOTION CONTROL

u*(t) = { 1:1(t) if C1 does not hold (18) Here we_use the control law in equation (18) with
u(t) if C1 holds - control gaink = 0.2. The set/ is chosen to bé.
whereu(t) is the nominal control law and u(t) is the Figure 4(a) records the number of false detections and
perturbation control law. miss detections versus time. We can see from the figure
Let q. be the point that has the highest uncertaintyhat the number of miss detectionss) is much larger
within Qyy(t), that is, than that of the false detectioB)(at the beginning of the

a.(t +1) = argmaco,, ) Hs(Pu,, 4, t). (19) task. This is because the initial prior probabilil(q, 0)



we start with is closer to zero, which makes it easier to
have a wrong decision with one negative observation given mqu W
that the actual state is object present. Figure 4(b) corspare

the number of deciding Property “F” given Property “G”,
and deciding Property “G” given Property “F” over all
detected objects. These two numbers are similar since we
have P.(q,0) = 0.5. In both figures, it can be shown e m w o w w e . ERm w o w e .
that as time increases, the number of miss detections and @) (b)

false detections decrease. Both of the error numbers gogg. 5. Probability of object having Property “F” and the responding
zero with zero uncertainty at the end of the mission. Thigncertainty functionfZ. for (a) objectl, and (b) object.

implies that we can balance between the error numbers

within the tolerance range and the limited time we have ) ) _ _ ) )
to decide when to stop. Bayesian risk analysis. Numerical simulations demon-

strated the performance of the strategies. Future research
will focus on locating and classifying dynamic objects
with multiple autonomous sensor vehicles. The question
of unknown environment geometries (i.e., unkno@

will also be addressed. Objects with uniform distributions
over the domain will be investigated, where the decision-
making at one point is affected by all the decisions made

) at other points. SPRT method will also be investigated for
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Fig. 3. Uncertainty map (dark red for highest uncertaintgl dark blue
for lowest uncertainty) at (a) = 1, (b) ¢ = 200, (c) t = 400, and (d)

t = 800 (with initial uncertainty Hs(Ps(q, 0)).
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Fig. 4. (a) Posterior probabilities of object presence f@rgq within [9]

D att = 800, (b) Number of false detections and miss detections, and
(c) Number of deciding Property “F” given Property “G”, andaiding
Property “G” given Property “F”".

[10]
Figure 5(a) shows the property of objett which

has zero probability of having Property “F” with zeroiy

uncertainty, i.e., we ard00% sure that objectl has

Property “G”. Figure 5(b) shows that objethas Property [12]

“F” with zero uncertainty. [13]

IX. CONCLUSION
Based on a Bayesian-based probabilistic framework, a

decision-making strategy was developed to guarantee the
detection and classification of all objects in a domain using

the cases where no prior information is available.
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