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Preface

The partially observable Markov decision process (POMDP) is a widely used model
for planning under uncertainty. Classification and regression are standard statistical
tools for reconstructing a source (or its attributes) from noise-corrupted data. Studies of
POMDPs and classification/regression have been mostly pursued independently in the
past. Recently, however, there has been reported research work showing the possibility
of using classification/regression techniques to solve POMDPs or using a POMDP to
build cost-sensitive classifiers. The work along the first line includes trajectory-based
policy search, value approximation with regression models, while the work along the
second line includes POMDP methods for cost-sensitive feature selection and sen-
sor scheduling with the ultimate goal of classification. Despite of the researches re-
ported to date, there remain many unknowns regarding how POMDP and classifica-
tion/regression techniques can be applied to each other in a mutually beneficial way.
The possibilities have not been explored to their full extent. This workshop aims to bring
this research topic to the attention of more researchers and stimulate a broader range
of contributions to both POMDP and classification/regression by looking at them from
new and unified perspectives. The first paper included in this workshop note describes a
new way of reducing the POMDP planning problem to a sequence of classification prob-
lems. The second paper represents a novel application of POMDPs in multi-modality
autonomous sensing in a complicated environment. The third paper presents a POMDP
formulation of the random disambiguation path (RDP) problem. While this workshop
note does not intend to exhaust all state-of-the-art work on this topic, we hope it will
stimulate more researches that could expand the topic in both the depth and the scope.
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Optimal Sensor Scheduling via Classification Reduction of Policy Seang CROPS)

Doron Blatt and Alfred O. Hero *
Department of Electrical Engineering and Computer Science
University of Michigan
Ann Arbor, Michigan, USA

Abstract

The problem of sensor scheduling in multi-modal sens-
ing systems is formulated as the sequential choice of ex-
periments problem and solved via reinforcement learn-
ing methods. The sequential choice of experiments
problem is a partially observed Markov decision prob-
lem (POMDP) in which the underlying state of nature is
the system’s state and the sensors’ data are noisy state
observations. The goal is to find a policy that sequen-
tially determines the best sensor to deploy based on past
data, which maximizes a given utility function while
minimizing the deployment cost. Several examples are
considered in which the exact model of the measure-
ments given the state of nature is unknown but a gener-
ative model (a simulation or an experiment) is available.
The problem is formulated as a reinforcement learning
problem and solved via a reduction to a sequence of su-
pervised classification subproblems. Finally, a simula-
tion and an experiment with real data demonstrate the
promise of our approach.

Introduction

The advent of agile sensing systems that collect data throug
a variety of sensing modalities has brought about new and
exciting challenges to the field of signal processing. Agile
multi-modal, sensing (see e.g. (Krishnamurthy 2002) an
(Kastella & Hero 2005)) exploit the capability of control-
ling the data collection process. Examples of agile sensing
systems include a radar that can control its beam diredion,
land mine detector that can deploy radar or seismic sensors,
or a LANDSAT satellite that can control the frequency band
of its radar. The key element that differentiates agile isgns
systems from other data collection systems is a resource al-
location constraint that precludes using all sensor mbesli
at all times. We formulate agile sensing as an optimization
in which the system must automatically select the best sens-
ing modality based on past observations to maximize a given
objective function while minimizing the data collectionsto
When formulated as a sequential chdioé experiments
problem (DeGroot 1970), the agile sensing problem consists

d

*This research was partially supported by DARPA-MURI grant
ARO DAAD 19-02-1-0262.
Copyright © 2006, American Association for Atrtificial Intelli-
gence (www.aaai.org). All rights reserved.

The key difference from the related sequential design of ex-

Workshop on POMDPs, Classification and Regression: Relationships

of an episodic task that is divided into a sequence of deci-
sion epochs. Each episode begins as the first observation is
collected. Then, at each subsequent decision epoch two de-
cisions are made. The first one is to decide if the amount of
information collected thus far is sufficient for making infe
ence (detection or estimation) on the data with a desired ac-
curacy or whether more observations are required. This first
decision also determines the choices available at the decon
decision. If more observations are required, the next best
sensor modality needs to be determined. If the information
is deemed sulfficient for inference, the final estimation er de
tection decision is made. Every sensor modality has an asso-
ciated deployment cost and a decision rule must balance the
expected information gain from a sensor deployment, which
results in improved inference capabilities, with the dgplo
ment cost. The collection of decision rules, i.e., the saqee

of mappings from past observations to the decision space, is
called a policy and the goal is to find a policy that optimally
trades-offs the overall average sensor deployment codts an
the estimation or detection performance, e.g., mean sduare
estimation error or classification error rate.

The problem of finding optimal policies for sequen-
tial choice of experiments suffers from the curse-of-
dimensionality (Bellman 1957) and scenarios in which a
closed form solution for the optimal policy exists are rare.
Past research has focused on the asymptotic regime in
which one assumes a large number of data collection iter-
ations (or sensor dwells) and low sensor deployment cost
(see (Keener 2005) and references therein). Another focus
has been on “experiment sufficiency” — when is one experi-
ment (or sensor modality) always better than another exper-
iment (see (Goel & Ginebra 2003) and references therein).

In this paper, we take a different approach. We assume
that the underlying model is unknown and aim at finding
approximatesolutions to the optimal policy. In particular, in
the absence of a model, optimal policies are approximated
from data using a generative model, where data is generated
by a simulator or collected in a field experiment. It is shown
that this problem formulation falls into the class of reirte-
ment learning problems and the Classification Reduction of
Policy Search (CROPS) methodology that has been recently

periment problem is that instead of adapting a set of continuous
experiment parameters, here we choose from a finite set of fixed
experiments.

and Joint Utilization
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proposed by the authors (Blatt & Hero 2005) is applied. Two and observations, we léf = [X7, ..., Xk| and define the
case studies are reported as well. The first is the problem of policy = as a two-dimensional function df. Given, the
finding sensor scheduling policies for land-mine detection value of Z, its first argumentir(Z)]; is the resulting se-
For this problem a simulator is used to generate data which quence of sensors that were deployed prior to the final de-
is then used for policy search. The second problem is per- cision and its second argument Z)]- is the prediction for
form optimal waveform selection for a multi-band radar on Y. Note that in general, only a subset of the element& of

a land classification satellite. In this application contpet are observable at the time the final decision is made.
policies are found from experimental LANDSAT data. Denote byP,(7) = Pr{[n(Z)]2 = Y} the probability of
correctly predicting the value df based on the data col-
Problem Formulation lected according to the policy, by C([7(Z)]1) the cost as-
Let X; € X1, X5 € As, ..., X € Xy be K random vari- sociated with the sequence of sensor deploymgitts)],
ables that correspond to the outputsiotensors ok sen- €., the number of sensor dwells, andbyC([r(2)]1)}

sor modalities. Note that each of these random variables the expected cost. We assume that the cost of the deploy-
lies, in general, in a different space. We append each ran- ment of a sequence of sensors is the sum of the costs of
dom variables with its index so that a value of an observa- deploying each of the sensors, and hence, does not depend
tion also indicates which sensor was used to collect it. Let On the order of deployment. The optimal poligy is the

Y € Y be a discrete random variable that represent the state Policy that maximizes

of nature whose value we try to predict. The presented re- P.(m) = AXE{C([7(2)]1)}, (1)

sults can also be applied whéfis a continuous random  \here ) is a tuning parameter that trades off the cost of
variables, whose value we try to estimate, but we focus on data collection and the cost of prediction error. Under cer-

the detection problem for concreteness. _ tain regularity conditions, the optimal policy can be de-
A policy  specifies which sensor to deploy first, say sen- fined though backward induction (see e.g. (Puterman 1994)).

sork. Then based of the value dfj. the policy determines  However, when¥; ..., X are continuous or discrete and

if an accurate prediction of is possible, and if so, what  |arge, the solution becomes intractable. Furthermorey eve

is the best prediction, or, otherwise, which is the next best \when Xi,..., Xk are finite and relatively small, the back-

sensor to deploy to collect additional data. This proceBs co  ward induction iterations require computing expectations
tinues until either a prediction df is made or all available  ith respect to the joint distribution ¢f andY .

sensors are deployed. We assume that each sensor can be |n this paper we allowt], ..., Xk to be continuous or
applied at most once and hence, the total number observa- giscrete and large, and consider the case in which the joint
tions is bounded by<. Therefore, a policyr is sequence distribution of Z andY” is unknown. We assume thatreal-

of K + 1 decision rulest = [y, 7, ..., mx41]. This as- izations of(Z, Y') are available and the goal is find a policy
sumption is valid when the randomness in the process, €.9. that maximizes (1) based on this data set. Hence, this is a
the observation noise, is governed by clutter that cannot be model free instance of the sequential choice of experiments
averaged out by repeated measurements, rather than by therproplem as formulated in (DeGroot 1970), which, to the best
mal noise. Note that; simply indexes the first sensor to  f our knowledge, has not been considered previously in the

deploy (excluding the possibility of predicting without literature.
taking any observations), and heneg, € {1,2,...,K}.
Also note thair x4 is used only if at all the decision epochs Partially Observable Markov Decision

the decision was to defer the prediction Yfand deploy . .
another sensor. The decision rutg ; is a map from Processes and Reinforcement Learning

X x X x ... x Xg to ). If the objective is to try to The field of reinforcement learning is centered around the

minimize the detection error, then it is well known that the ~challenge of designing agents that learn to act in a stoichast

Friedman 2001) As the agent interacts with the environment it receives re-
. wards, and the goal is to eventually learn through these re-
Ti1(T1, 2, TK) = arg e wards which actions maximize the future sum of rewards. A

Pr{Y = y[X1 = 21, X5 = X = 25} common mather_nat_ical model_for reinf_orcement Iear_ning is
Yyidr =21, A2 = L2, AK = TKJ - the problem of finding the optimal policy for controlling a
The domain and range of the decision rules for stages finite-horizon partially observable Markov decision prsse
2,..., K depend on the sequence of sensors deployed up (POMDP) (Kearns, Mansour, & Ng 2000). The formulation
to the decision time. For exampleif = k, then of our sequential choice of experiments problem as finite-
ot X — ({1,2,... K} \ k) Uy' horizon POMDP consists of several elements:

e The decision epochdletermine the times in which the

If mo(zr) € ({1,2,..., K} \ k) then the decision is to take agent is to take an action. In the discrete model adopted
another observation using sensorz;). Alternatively, if here, decision epochs occurtat 0, ..., 7. At every de-
ma(zk) € Y, then the decision is that the amount of infor- cision epoch either another observation is collected, or a
mation is sufficient and, (xy,) is the predictor ot". Instead final prediction ofY is made. In the later case the pro-
of explicitly defining the policy through a sequence of map- cesses terminates. Therefords a random variable that

pings whose domains and ranges depend of past decisions depends on the deployed policy afid

6 Workshop on POMDPs, Classification and Regression: Relationships and Joint Utilization
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e The system’s state is the realizationYofwhich is fixed maximizes the expected sum of rewards:
throughout the episode. -

e The state at time zero is a random variable with distribu- V(n) =E, ZT(Y’ 7(0s-1)) ¢, )
tion D over) . =0

e The state of the system cannot be directly observed but \yhere the expectation is taken with respect to the jointielist
instead after every decision epack= 0, ..., 7, in which bution of Z andY’, which, throughr, induce a distribution
the decision is to collect another observation, a noisy on the observation®,, O, . ..,0,_1. The expected sum

servation O, of the systems’ state is collected. The do-  of rewardsV/ (=) is called the value of the policy.
main and distribution of the observation depends on the |t s well known that when the underlying joint distribu-

underlying systems’ stafe and the deployed sensor. De-  tion of the system state and the observations is known and
note byO; = [Op, 01, ..., O:] the observationsuptoand  the observations can take a finite number of possible val-
including timet < 7, and note tha®), is a subset of. ues, it is possible to formulate the problems in terms of the

o At every decision epoch < ¢ < 7 the agent chooses an  information state and solve for the optimal policy (Kael-
action a,, based on the past observations, from a set of bling, Littman, & Cassandra 1998). In our setting, how-
possible actions called thaetion spaced,. Though not ever, the joint distribution is unknown and the observegion
explicitly appearing in the notation, the set of available are, in general, continuous random variables. Approximat-
actions.4, may depend on the past actions. In our appli- ing the optimal policy in this case is a classic problem in re-
cation, only actions that correspond to sensors that have inforcement learning. Here, we adopt the generative model
not be previous]y dep|0yed can be taken. assumption of (Kearns, Mansour, & Ng 2000). Under this

assumption, the initial distributio® and the distribution of

' the observations conditioned on the system state and the de-

) ) ployed sensor are unknown but it is possible to generate re-

e We note that even though in our formulation the state of alizations of the system Stat/eaccording taD and observa-
the system is fixed throughout the episode, the results can tions conditioned on arbitrary staté and deployed sensor.
be generalized to the case in which upon taking action  |n particular, we assume that we haveealizations of the
at statey, the system makes a transition to stgitaccord- pair (Z,Y') denoted by{(Z1,Y1),(Z2,Y2),...,(Zpn,Yn)}.
ing to atransition probability P, .. In other wards, it~ Note that given a realizatiofiZ, Y;) it is possible to gen-
is possible to generalize to the case in which the system’s erate the entire decision tree associated with the sealienti
states evolve as a Markov process. This generalization is choice of experiment problem. An example of the decision
important for cases in which sensor deployment may be tree in a problem in which there are two senshirs= 2 and
sensed by the target and lead to changes in the target'sy — {0, 1} is given in Figure 1. Given a realizati¢®;, Y7 )
state as in (Kastella & Hero 2005). and a policyr, it is possible to follow the path that a system

e A reward r(Y,a) is received after each time an action that usesr will follow and compute the sum of rewards for
is taken. When a sensor is deployed to collect another this realization. Prior to the prediction of, the rewards
observation (Y, a) is minus the cost of deploying sensor ~ are minus the sensor deployment costs, and, at the predic-
a regardless of the state of the system. When the final tion epoch, a unit reward is received onlyifO, ;) = Y7,

prediction is made a reward of one unit is received only \yhereY (O, _,) is chosen by following the path induced by
if the predictiona = Y (O, ;) equalsY’, i.e.,r(Y,a) = .
I(a = Y), wherel is the indicator function that equals

one when its argument is true and zero otherwise.

e A policy 7 is a sequence of decision rules, or mappings Deplay sensor 1
from past observations to the action spaces, which speci-
fies the action to take at each decision epoch. The policy
is composed ofK" + 1 decision rulegmg, 71,...,TK), Viake
however, if the termination action is taken prior to deci- prediiction
sion epochi then not all decision rules are executed.

A typical episode is a sequence
ag — Op — al(OO) — 01 — a2 (61) s :’IrZZieclinn x::?ctiun
Or_1 — a7(67—71) = Y(6771)7

where qq is the first decision to deploy a sensor before

e There exists a termination action which ends the process
such as the action of making the predictioraf

Episode begins

Deploy sensor 2

Deploy Make

sensar 2 prediction Deploy sensor 1

| Y(01) | |02=X2] | Y(0n) | [02=X]]

any observations were collectedy, O, ...,0,_; are the

observations whose domains and distributions depend on Figure 1: A decision tree for a sequential choice of experi-
Y and the decisionsy,aq,...,a,_1, respectively, and ment problem withk = 2 and) = {0,1}.

a-(0O,_1) is a decision that the past observations are suf-

ficient for making a prediction ol, and it specifies the pre- Now, consider a class of policid, i.e., each element
dictor ?(57_1). The objective is to find a policyt that m € Ilis a sequence of decision rutes= (mg, 71, ..., 7K).

Workshop on POMDPs, Classification and Regression: Relationships and Joint Utilization 7
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It is possible to estimate the vallgr) (2) of any policy in nonlinear function is often referred to as nonlinear Gauss-
the class from the set of trajectory trees by simply aveagin ~ Seidel algorithm (Bertsekas 1999). It is in this sense that
the sum of rewards on each tree along the path that agreeswe call the above component-wise policy search a nonlinear
with the policy (Kearns, Mansour, & Ng 2000). A policy  Gauss-Seidel approach.

specifies the action to take at each decision epoch and so This procedure is illustrated for the simple decision tree

there is exactly one path in every tree that agrees with angive of Figure 1 in Figure 2. Note that since after taking an ac-

policy. Denote by17i(7r) the observed sum of rewards on
thei'th tree along the path that corresponds to the paticy
Then the value of the policy is estimated by

! Z?i(ﬂ).

In (Kearns, Mansour, & Ng 2000), the authors show that

with high probability (over the data seﬁn(w) converges
uniformly (overlII) to V' (x) with rates that depend on the
VC-dimension of the policy class. This result motivates the
use of policiesr with high Vi, (m), since with high probabil-
ity these policies have high values6fr).

In (Blatt & Hero 2005) it is shown that while the task of
finding the global optimum within a class of non-stationary
policies may be overwhelming, the componentwise search,
i.e., optimizing a single decision rule at a time, leads o si
gle step reinforcement learning problems which can be re-
duced to a sequence of multi-class weighted classification
problems. Multi-class weighted classification problems ca
be solved using re-sampling methods or heuristic extession
of methods for binary weighted classification (see (Abe,
Zadrozny, & Langford 2004) for both approaches). Below,
it is shown how to convert a multi-action RL problem into a
binary RL problem by introducing dummy decision epochs.
Then, applying the method in (Blatt & Hero 2005) leads to a
sequence of binary weighted classification problems that ca
be directly solved using off-the-self classification metb.o

-~

Va(m) =n~ 3)

A Nonlinear Gauss Seidel Approach

Suppose an initial policy is given and one wishes to im-
prove upon it by optimizing one of the decision rules at a
time while holding the rest fixed. In (Blatt & Hero 2005)

it is shown that this component-wise search is equivalent
to simple tree pruning operations. In particular suppose
7 IS updated while the decision rulés, ..., m,—1) and
(Tk+1,-..,7K) are held fixed. Sincén,...,m;_1) are
held fixed, the path taken by the policy up to and includ-
ing epochk — 1 will not change when we update.. Hence,

it is possible to prune the tree from the top down to eplch

tion at decision epoch the path of the tree is fixed regard-
less of the policy (see Figure 1), there is no tree pruning,
only reward propagation according to the value)?qﬁg).
Specifically, after the reward propagation, we can observe
that taking action 'make prediction’ results in an immeeliat
and final reward (Y (O;) = Y) and taking action 'deploy
sensor 2' lead to an immediate reward of minus the deploy-
ment cost associated with sengoplus the subsequent re-
ward I(Y (O,) = Y). Since at epoch the future sum of
rewards is determined for every action, the task of updating
policy 7, is a single step RL problem. Below it is shown
that this problem is equivalent to a certain supervisechlear
ing problem. Before the conversion to supervised learning,
we convert the RL problem into a binary RL problem.

Episode begins

Deploy sensor 1

Pruning tree down
according to x,

Make

prediction Updating =, is a single

stage RL problem

| Y(01) |

Make
prediction

0. =33

Propagating rewards
up according to =,

Figure 2: Updatingr; while holdingmy andn, fixed.

From Multiple-Action Reinforcement
Learning to Binary Reinforcement Learning

The nonlinear Gauss-Seidel approach of the previous sec-
tion breaks the multi-stage search associated with thectraj
tory tree method into a sequence of single-stage RL subprob-
lems. In (Blatt & Hero 2005) these single-stage RL subprob-
lems were converted to multi-class weighted classification

by removing the branches that do not agree with the actions problems, which can then be solved using, e.g., re-sampling
taken according tdmo, ..., mx—1). Since(mgt1,...,7TK) methods (Abe, Zadrozny, & Langford 2004). In this sec-
are held fixed, the path taken by the policy after taking tion it is shown that it is possible to convert a single-stage
each of the possible actions at epdchre known and will RL problem into multi-stage binary RL problem, apply the
not change when we update.. Hence, it is possible to nonlinear Gauss-Seidel approach, and arrive at a sequence
prune the tree fronk + 1 to the leaves by removing the  of binary single-stage RL subproblems.

branches that do not agrees with the actions taken accord- Consider a single-stage RL problem with possible ac-

ing to (mx+1,...,7K). Furthermore, since by the second tions. It is possible to describe any action as the answer
pruning the path that will be followed after taking each of to at most[log,(K)] 'yes or no‘ questions, whergx] is

the actions at decision epoéhis known, it is possible to the smaller integer larger than or equalio Then, the
obtain realizations of the sum of future rewards that result single-stage RL problem is described by the decision tree
in taking each of the actions at decision epéchin math- associated with these binary decision epochs. Once an in-
ematical programming, a component-wise optimization of a termediate decision is made, it corresponds to a transition

Workshop on POMDPs, Classification and Regression: Relationships and Joint Utilization
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to the same state, i.e., the state does not evolve, but with a {s, s |0, s¢|1}. In this caseV,,(x) can be written explic-
reduced (halved) action space. Only when the decision is itly by
between two actions, does the chosen action is executed and

a state transition occurs. Figure 3 demonstrate converting - !
a4-action single-stage RL problem into a two-stage binary Va(m) = En {ZT(SO’Z’ S1DI(r(So) =1) ¢, ®)
RL problem. 1=0

Finally, reapplying the nonlinear Gauss-Seidel algorithm - wherer(Sy, 1, S, |) is the reward gained when taking action
of the previous section leads to a sequence of single-stage; at stateS, and making a transition to stag|/, for a func-
binary RL subproblems. tion f, E, {f(So, 51]0,5:]1)} is its empirical expectation
n~ YT f(sé, s110,s4]1), andI(+) is the indicator func-
tion taking a value of one when its argument is true and zero

Initial state Initial state

otherwise.
ction 1 ; Decide te : : Wi \W. X-
A Decide to The following theorem shows that the problem of ma
Action 4 - take either L. .. X . .
take either action 3 or 4 imizing the empirical reward (5) is equivalent to a binary
e e inthe future weighted classification problem
Nexd in the future .
';f,f ::‘; Remain Remain Proposition 1 Given a class of policie$l and a set ofn
acti fi in the in the trajectory trees,
action 1 etend initial initial | y
state state 1
Action 2 i . . .
Action 3 / \ Ac““"7 xﬂ“’""' arg max E,, {Z r(S1[)I(m(Sp) = l)} = arg min
Action 1 Action 2 mell mell
Next Next =0
siate state
after after Next Next Next Next
action 2 | | aciion 3 tale tale ctale ctate By, {|7’(Sl|0) = r(S1[1)[I(7(So) # arg mgxr(Sﬂk‘))}
after after after after
action 1 action 2 action 3 action 4

Proof 1 Take L = 2 in Proposition1 in (Blatt & Hero
2005)

. ) . . . The theorem implies that the maximizer of the empirical
Figure 3: Converting a action single-stage RL problem  re\yard over a class of policies is the output of an optimal

into a two-stage binary RL problem. weights-dependent classifier for the data set:

n

A Reduction From a Single Step { <So’arg kgi%ﬁ}r(sl‘k)’ Ir(s[0) = r(511)|) }i_l ’

Reinforcement Learning Problem to Weighted where for each sample, the first argument is the example, the

Classification second is the label, and the third is a realization of the cost
incurred when misclassifying the example. The implication
is that a variety of supervised learning methods, such-as
nearest neighbors (Devroye, &, & Lugosi 1996), neu-

ral networks (Bishop 1995), Boosting (Freund & Schapire
1997), and support vector machines (8&bpf & Smola
2002), can be applied to solve the single-stage binary RL
problem.

In this section we present the conversion of a single-step bi
nary RL problem into a supervised learning problem, which
is a special case of the classification reduction in (Blatt &
Hero 2005). The goal is to leverage techniques and theo-
retical results from supervised learning for solving theeno
complex problem of reinforcement learning (Barto & Diet-
terich 2004). To simplify to presentation we do not carry the
heavy notation of the previous section but rather introduce ) ) )
simple generic notation to explain the conversion. Conside ~ Sensor Scheduling for Land-Mine Detection

a single-step binary RL problem. An initial statg € S This section reviews a sequential choice of experiment-prob
generated according to the distributibnis followed by one lem that arises in the design of unmanned land-mine detec-
of 2 possible actionsl € {0, 1}, which leads to a transition  tion vehicle. The vehicle carries three sensors for perform
to stateS; whose conditional distribution given that the ini-  ing the detection: an EMI sensor, a ground penetrating radar

tial state iss and the action is is given by P ,. Given a (GPR), and an acoustic sensor. As can be seen in Figure 4,
class of policied], where a policy inl is a map fromS to the sensors have different responses under different tfpes
A, the goal is to find land-mines and clutter. In addition, deploying a senscaesak
N ~ time and energy and hence not all sensors are deployed at
T € arg max Vi (). (4) every potential land-mine location. Upon reaching a new lo-
cation, in which a land-mine is potentially present, a polic
In this single stage problem the data areealizations that trades of the cost of a sensor deployment and detec-
of the random elemen{Sy, 5110, S1|1}, where S;|0 (re- tion probability determines the first sensor to deploy. Base
spectivelyS;|0) is a realization ofS; after taking actior0 on the collected measurement, either a prediction regagrdin
(respectivelyl) at stateS,. Denote the'th realization by the presence of the land-mine is made or a second sensor is

Workshop on POMDPs, Classification and Regression: Relationships and Joint Utilization 9
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deployed. Finally, based on the output of the first two de- Before searching for the optimal sensor scheduling policy,
ployed sensors, either a prediction regarding the preseince  the classifierd (0;),Y (0s), Y (O3) for all possible combi-
the land-mine is made or a third sensor is deployed followed nations of sensor selections

by the final prediction based on all three measurements. The

goal is to maximize the probability of correct detection mi- X1, Xo, X3,
nus a constant > 0 (1) times the number of sensor dwells. (X1, Xa), (X1, X3), (X2, X3),
Since there are a total of three sensBrs: [ X, Xo, X3]. (X1, X2, Xs)

The state space is binapy = {0, 1}, whereY = 0 means
no land-mine is present artd = 1 indicates the presence of  were found by training two-layer feed-forward neural net-
a land-mine. The decision tree associated with this problem works, each with ten input and two output nodes,1660

is presented in Figure 5. samples of Z, Y"). By testing the performance of these clas-
sifiers on a separate test setl6f0 samples, we found that
EMI GPR Seismic the best single sensor to use for detecting a land-mine is the
[ _.'.:I! EMI sensor, that the two best fixed sensors are GPR plus
k.| k 1 . Rock the Seismic, and that in this scenario the classifier Wh.I(.:h is
- - based on the output of all three sensors has a probability of
[ ek Nail correct detection 0§.887. The search for the optimal sen-
: o e sor scheduling policy was conducted while these classifiers
n FrL ;E Plastic Ant-personnel remained fixed. In other words, only decisions regarding
ey B L-‘ Mine whether or not to deploy a sensor, and which sensor to de-
T bl e | o . ploy next were considered. Since the classifiers remained
- r ol :J. Plastic Anfi-tank Mine fixed during the policy search, once a decision to make pre-

diction is made, the reward is gained according to the clas-

sifier output, without trying to further optimize its perfor

Figure 4: Sensors signatures for several land-mine and clut mance.

ter types. As explained above, the optimal policy was approximated
by introducing dummy decision epochs, so that all the deci-
sions are binary. We then performed the nonlinear Gauss-
Seidel decomposition into a sequence of single-stageybinar
reinforcement learning problems. Each subproblem was

then converted to a weighted classification problem that was

solved by a weights-sensitive two-layer feed-forward agur

network with seven input and two output nodes.

Figure 6 summarizes the results. The horizonal axis is the
Seismic © average number of sensor dwells and the vertical is the prob-
ability of correct detection. The three solid circles cerre
spond to the performance of the best single sensor, best two
sensors, and the performance when all three sensors are de-
ployed, respectively. These points are connected by a solid
line that corresponds to performance that can be achieved by
randomly selecting one of these fixed sensor configurations.
The crosses corresponds to the performance (estimated from
Figure 5: The decision tree associated with the land-mine a 1000 trail test set) obtained by the approximated optimal
detection problem. sensor scheduling policies. Each cross correspond to a dif-
ferent choice of: (1), ranging front = 0.2 at the left lower

Figure 7 summarizes the features extracted from each sen-corner and: = 0 at the outmost upper right cross. When
sor and their expected signatures under different scenario ¢ = 0.2 the price of taking more than a single measurement
In the simulation, one of the possible eight scenarios was IS too dear compared to the improvement in the probability
first chosen randomly. Then, a realization of each of the Of correct detection and the policy dictates making denisio
features, which together compa&eis generated as a Gaus- ~ Using only a single sensor. Asdecreases, more and more
sian random variable with meafs0.5, or 1, corresponding observations are allowed. It is interesting to see that when
to low, medium, or high, respectively. The covariances of ¢ IS zero, i.e, the sensor deployment cost is zero, the algo-
sensordl, 2, and3, were0.51, 0.45I and0.1, respectively, rithm does not always deploy all three sensors, but achieves
where! is the 2-dimensional identity matrix. These values better performance than when all three sensors are always
of means and covariances were chosen in correspondencedeployed. This happens since the classifiers used at the pre-
with experiments that were conducted in a sand box (Mar- diction stages are not the Bayes classifiers (in which more
ble, Blatt, & Hero 2006). Hence the marginal distribution ~information can never worsen performance) but rather sub-
of the vector of sensor outputs is a five-dimensional eight- optimal classifiers that were found by training neural net-
component Gaussian mixture. works.

EMI GPR Seismic
| EMidta | [ GPRdata | | seismic data |

Final detection
Final detection

EMI
EMI data

Final detection
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Figure 6: Performance of sensor-scheduling-based detemtimpared to detection under optimal fixed sensor alloesti

Object Type
1 2 3 4 5 6 7 8 Feature
M-AT M-AP P-AT P-AP Cltr-1 Cltr-2 Cltr-3 Bkg Description
Eui Conductivity
Sensor (1) M Size
GPR Depth
@ s
Seismic
(3) Medium Medium | Medium | Medium Resonance
Optimal 2 2 2 2 2 2 2 2
sequence for 3 1 3 1 3 3 3 3
mean state D D D 3 D D D D
D

Figure 7: Sensor mean responses under various scenaribketd; P-Plastic, AP-Anti personal, AT-Anti tank, CltrHallow
metal clutter, Cltr-2-Hallow non-metal clutter, Cltr-3sN-metal non-hallow clutter, Bkg-Background.
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01851 T Neural Network see (Ha§tie, Tibshirani, & Friedman 2001) qhaplt&r In
+ k-Nearest Neighbors this section we explore using sensor scheduling for reducin
the number of waveform (frequency band) transmissions. In
particular, we find policies that select the first best twe fre
guency bands and based on the outcome determine if the
remaining frequency bands are required, or whether the first
two bands provide sufficient information for classifyingth
land type. Hence, at the first decision epoch there are six
possible actions leading to siz possible measured pairs of
frequency bands:

{[X17X2]7 [X1>X3L [X17X4},
[Xs, X3, [ X2, Xa), [X3, Xa]}.

The land type classifiers are thenearest neighbors algo-
rithm with & set to5, as recommended in (Hastie, Tibshirani,

0.13

0.125

C=003
o
0.105
5 c=o0
L¥C=0.04 o
ol C=0.06 tc=0D

o

+C=0.02

i iz 13 14 15 16 a7 i 19 2 & Friedman 2001) for the non-sequential problem. Two

0.095 L L L
1

number of dwells

classifiers for the policy search were considered. The first
is a[7, 5, 2] feed-forward weights-sensitive neural network.
The second is a weights-sensitisnearest neighbor, where
k = 30. The performance are summarized in Figure 8.
The crosses correspond to the performance of policies that
. . o were found by weights-sensitivenearest neighbor classi-
Itis encouraging that by training the neural networks we  fiars asc ranges fromo to 0.18. The squares correspond
found a policy that accounts for generalization errorsatth 5 tpe performance of policies that were found by weights-
predictor level and do not collect the third observation whe sensitive[7, 5, 2] feed-forward neural networks for four val-
that observation might lead to a worse prediction. In Sum- a5 ofc. To study the effect of the initial network weights
mary, it can be seen that through sensor scheduling it is pos- gistribution, for each value of, the neural networks train-
sible to achieve better classification performance withefew ing was initiated at four random weights selections, legdin

average number of sensor dwells. The actual sensor se-y,foyr resulting policies. As can be seen, under both learn-
quences taken under the possible eight scenarios when thejng configurations it is possible to obtain a range of trade-

policy whose performance cross is circled is presented in nfs petween sensor deployment cost and classification per-
Figure 7. Itis seen that the optimal policy dictates that the ¢5rmance. Particularly, the policy learned by thaearest
first deployed sensor is the GPR sensor even though the op-peighhor classifier witlk = 0.02 almost achieves the same
timal single sensor is the EMI sensor. This is not surpris- - harformance as when all sensor modalities are used, but with

ing since an optimal sensor sche(_juling optimizes the future 5 significant reduction in deployment cost. From comparing
sum of rewards rather than choosing the sensor whose standine performance of thé-nearest neighbor classifier based

alone performance are the best. Furthermore, only when the policy with the one based on the neural networks it is seen

underlying system state is a plastic anti-personal lamiemi  {ha¢ the performance achieved by the two architectures are
which has the weakest signature, does the policy dictate us- comparable.

ing all three sensors. In other cases, two sensors are suffi-

Figure 8: Performance of sensor scheduling algorithm for
the land monitoring satellite problem.

cient for the land-mine detection. Conclusions
. o Sensor scheduling for controlling agile sensing systenss wa
Waveform Selection fo_r Land Monitoring formulated as a sequential choice of experiments problem
Satellite and solved via a reduction of the associated RL problem to a

sequence of supervised learning problems. The method was
applied to both real and synthetic data — land mine detection
and LANDSAT terrain classification. Finally, the authors
would like to thank Jay Marble and Raviv Raich for helpful

In this section, the optimal sensor scheduling algorithm is
applied to real data for the problem of waveform selec-
tion for a LANDSAT land monitoring satellite. The satel-
lite collects a radar backscatter on a patch of land and the

goal is to classify the land type based on the returned sig- discussions.

nal. Given a new probing location, the satellite can trahsmi

one of four possible waveforms. The different waveforms References o
correspond to different frequency bands. Therefdfe= Abe, N.; Zadrozny, B.; and Langford, J. 2004. An iterative
[X1, X3, X3, X4]. Each of the observations;, ..., X, is a method for multi-class cost-sensitive learning Pimceed-
9-dimensional vector taking values j, 255]°, and hence, ings of the Tenth ACM SIGKDD International Conference

Z is a36-dimensional vector. There are six land types, and 0N Knowledge Discovery and Data Mining-11.

hence)y = {1,2,...,6}. In the public data set (Srinivasan Barto, A. G., and Dietterich, T. G. 2004. Reinforcement
1994), there ard435 points in the training set an2D00 in learning and its relationship to supervised learning. In Si
the test set. For a more detailed explanation of the problem J.; Barto, A.; Powell, W.; and Wunsch, D., eddandbook
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Abstract

We consider the problem of a robotic sensing system nav-
igating in a minefield, with the goal of detecting potential
mines at low false alarm rates. Two types of sensors are
used, namely, electromagnetic induction (EMI) and ground-
penetrating radar (GPR). A partially observable Markov deci-
sion process (POMDP) is used as the decision framework for
the minefield problem. The POMDP model is trained with
physics-based features of various mines and clutters of in-
terest. The training data are assumed sufficient to produce a
reasonably good model. We give a detailed description of the
POMDP formulation for the minefield problem and provide
example results based on measured EMI and GPR data.

Introduction

In many sensing problems, a robotic platform is preferred
to a humanly-operated platform, an important example be-
ing that of ground-based sensing of landmines (MacDon-
ald 2003). The robotic platform navigates in a minefield
in an autonomous fashion, with optimal decisions dynami-
cally made for its position, orientation, and the deployment
of multiple sensors. The decision optimization is based on
minimizing two fundamental types of costs in landmine de-
tection: the detection cost and the sensing cost.

The landmines and mine-like clutter vary considerably in
their contents (metal, plastic, etc) and size (small, large, etc),
therefore it is vital to build a unified model to represent the
mines and clutter so as to make the decision making possi-
ble. There are several typical sensors used in landmine de-
tection, including ground-penetrating radar (GPR) and elec-
tromagnetic induction (EMI) sensor, which we consider in
the present paper.

The minefield problem may be cast in the form of an adap-
tive sensor-management problem (Kastella 1997; Abdel-
Samad & Tewfik 1999) (here with two sensors, the GPR
and EMI sensors), though the problem is complicated sig-
nificantly by the variety of the landmine and clutter signa-
tures. We here consider a partially observable Markov de-
cision process (POMDP) formalism (Kaelbling, Littman, &
Cassandra 1998). In the POMDP formulation the environ-
ment under test is assumed to reside within a particular state

Copyright (© 2006, American Association for Artificial Intelli-
gence (www.aaai.org). All rights reserved.

SE, and this state is not observable directly; the state of the
environment, defined by the presence/absence of a mine in
the region being sensed, is unchanged by the sensing itself.
The state Sg is partially observable, in the form of the mea-
sured sensor data. The agent has particular actions at its
disposal, including “moving to a new location”, “deploying
one of the sensors”, “declaring the presence or absence of
landmines’. Each of these actions has an expected immedi-
ate cost, as well as an impact on the long-term sensing cost.
The POMDP constitutes a framework that balances the (dis-
counted) infinite-horizon performance of this multi-sensor
problem, i.e., it accounts for the immediate expected cost,
as well as discounted future costs, over an infinite horizon
(Kaelbling, Littman, & Cassandra 1998).

The POMDP is employed to constitute a sensing pol-
icy, defining the optimal next action to take based upon
the agent’s current belief about the environment under test
(Kaelbling, Littman, & Cassandra 1998). The belief is de-
fined in terms of a belief state, a probability mass function
(pmf) of the environmental states Sz, conditional on all pre-
vious actions and observations (Kaelbling, Littman, & Cas-
sandra 1998). To compute the belief state one requires an
underlying model of the environment under test (Kaelbling,
Littman, & Cassandra 1998), characterized by a statistical
representation of observations given a sequence of control-
ling actions. We assume that we have access to a sufficient
ensemble of measured data collected by the GPR and EMI
sensors of the mines and mine-like clutter, so that we can
design the POMDP model and find the corresponding opti-
mal policy. The target states St of the POMDP are defined
by sensor positions relative to the target, and the sequence
of target states visited is modeled as a Markov process, con-
ditioned on the sensor-platform motion; since the target po-
sition is unknown (hidden), the state is partially observable.
In this setting we must distinguish the overarching state of
the environment under test S, which is to be inferred by the
POMDP policy (via the belief state), vis-a-vis the states of
the underlying target model S, which are visited when per-
forming the adaptive sensing. Given a set of GPR and EMI
data, measured at a sequence of spatial positions relative to
the target, we must now develop the POMDP model.

In this paper we develop a POMDP formulation based on
the assumption that a priori and adequate training data are
available for model development. We here employ measured

14 Workshop on POMDPs, Classification and Regression: Relationships and Joint Utilization



GPR and EMI data, for real mines and realistic clutter. The
measured data considered in this study are available upon
request, and therefore it is hoped that it will evolve to a stan-
dard data set researchers may use to test different adaptive
sensor-management algorithms.

Partially Observable Markov Decision
Processes

A POMDP model is represented by a six-element tuple
(S,A,T,Q,0, R), where S is a finite set of discrete states,
A is a finite set of discrete actions, and 2 is a finite set of
discrete observations. The state-transition probability

T(s,a,s") =Pr(Sit1 =St =s,A; = a) (1)

describes the probability of transitioning from state s to state
s’ when taking action a. The observation function

O(a,s’,0) = Pr(Op41 = 0o|lAr = a,Si11 = §') 2)

describes the probability of sensing observation o after tak-
ing action a and transiting to state s’. Finally, the reward
function R(s,a) represents the immediate expected reward
the agent receives by taking action a in state s.

Since the state is not observed directly, a belief state b
is introduced. The belief state is a probability distribution
over all states, representing the agent’s probability of being
in each of the states based on past actions and observations,
assuming access to the correct underlying model. The belief
state is updated by Bayes rule after each action and observa-
tion, based on the previous belief state:

bi(s') = %O(a,s',o)ZT(&a,s')bt,l(s) 3)

seS
with the normalizing constant

c= Z O(a,s',0) ZT(s,a, s")bs_1(s) = Pr(o]a,b) (4)

s’eS ses

A POMDP policy is a mapping from belief states to ac-
tions, telling the agent which action to take based on the
current belief state. The goal of the POMDP is to find an
optimal policy by maximizing the expected discounted re-
ward

k—1
V =E[> 7' R(st,a)] ©)
t=0

which is accrued over a horizon of length k. The discount
factor v € (0, 1] describes the degree to which future re-
wards are discounted relative to immediate rewards. If & is
finite the optimal action depends on the distance from the
horizon, and therefore the policy is termed non-stationary.
However, often an appropriate k is not known, so we may
consider an infinite-horizon policy, i.e., k goes to infinity,
for which we require v < 1. An infinite horizon also im-
plies a stationary policy, independent of the agent’s temporal
position.

When in belief state b, the maximum expected reward k
steps from the horizon V' (k) is

V) (b)
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_ (k=1) (po
= max Z R(s,a)b(s) + Z plola, b)VE=1(12) ] (6)
where b2 the belief state after the agent takes action a and
observes o, as updated in (5). The V(*)(b) represents the
maximum expected discounted reward the agent will receive
if it is in belief state b and takes actions according to the
optimal policy for future steps. In this paper policy design is
performed using the PBVI algorithm, with details provided
in (Pineau, Gordon, & Thrun 2003).

The POMDP Model for Landmine Detection

We consider a minefield as an area of land where mines of
several known types and other mine-like objects (clutter) are
buried underground. The positions of the mines and clutter
are unknown. The task is to detect the mines at a low false
alarm rate, with an economic use of sensors. This is a highly
dangerous task and therefore a robot platform is designed to
perform it. Below we specify the POMDP model for this
problem.

Feature extraction

The EMI measurement in any position is the complex re-
sponse of the magnetic field as a function of frequency. A
typical EMI response when the sensor is above a metal mine
is shown in Figure 1. The magnetic field induced by a target
is represented by the formula (Gadar, Mystkowski, & Zhao
2001)

b b
H(w)oca+ —22 4 22 (7)
w — Jwi W — Jw2

where a,by,by are related to the magnetic dipole mo-
ments of the target, and w; and wo represent the associ-
ated EMI resonant frequencies. Features can be extracted
from an EMI observation by fitting the measured data to the
model in (7), assuming additive noise n in the observation,
ie,Y(w) = H(w) + n . The nonlinear fitting parameters
{a,b1,ba, w1, ws} are our EMI features.

The GPR observation for a given position is recorded as
the radar signature as a function of time. The time dimen-
sion is associated with the depth of the soil: the signals re-
flected from deeper positions have larger time delays. Fig-
ure 2(a) shows a typical GPR observation when the sensor
is above a plastic mine, and Figure 2(b) is a 2-dimensional
scan of the landmine signature. Features extracted from a
GPR observation include the raw moments (corresponding
to energy features) and central moments (corresponding to
variance features) of the time series.

Specification of S, A, (2, and R(s,a)

The landmine detection problem can be viewed as a gener-
alization of the tiger problem (Kaelbling, Littman, & Cas-
sandra 1998). Each mine type represents a type of tiger,
and each clutter type represents a type of non-tiger (reward).
The robot can observe sensor readings (listening in the tiger
problem) to gain information or make a declaration with
regard to the presence or absence of a mine (opening the
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Figure 1: EMI response and model fit when the sensor is
above a metal mine.

(@) (b)

Figure 2: The GPR response when the sensor is above a
plastic mine. (a) Amplitude vs. time signal in one position.
Units in time are 0.05 ns. The first peak corresponds to the
reflection from the ground surface. (b) 2-dimensional scan
of a plastic mine signature. Units in down-track position
are 2 cm. The arrow indicates the position where a sensor
measures the signal in (a).

door in the tiger problem) to complete the present detection
phase. When learning the policy, the problem resets imme-
diately after a declaration is made, and a mine or clutter is
randomly presented to the robot. This corresponds to the
robot randomly encountering a mine or clutter in the next
detection phase.

Across all five types of mines and clutter considered, we
define a total of 29 states, i.e. S = {1,2,---,29}. The 29
states are divided into 5 disjoint subsets: S = S,,,US,US,, U
Se, U S, denoting metal mine, plastic mine, Type-1 clut-
ter (large-sized), Type-2 clutter (small-sized), and “clean”,
respectively. The number of states in each of the five sub-
sets are 9, 9, 9, 1, and 1, respectively. The multiple states
of metal mine, plastic mine, Type-1 clutter represent their
respective 9 annulus sectors. Definition of the states is illus-
trated in Figure 3(a).

In most cases, a mine and clutter is cylindrically symmet-
ric and is buried with its axis perpendicular to the ground
surface. This implies that the robot will not distinguish states
1,2, 3,4 (which are approximately equidistant to the metal
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mine) by observing a single sensor reading in each respec-
tive state. However, by remembering its past observations
and actions, the robot will be able to tell apart these ambigu-
ous states.

The robot has 15 possible actions, ie., A =
{1,2,---,15}, of which the first 10 are sensing actions and
the rest are declaration actions. Each sensing action has the
format of “move and then sense”, where move € {stay,
walk south, walk north, walk east, walk west} and sense €
{sense with EMI, sense with GPR}, with EMI representing
an electromagnetic induction sensor and GPR a ground pen-
etrating radar. Of the 5 declaration actions, one declares the
present sub-area (where the robot currently is) to be “clean”,
and four respectively declare that there is a “metal mine”,
“plastic mine”, “Type-1 clutter”, or “Type-2 clutter” buried
beneath the present sub-area.

The set of possible observation €2 is obtained as the code-
book resulting from vector quantization (Gersho & Gray
1992) of the continuous sensor signatures. Each of the two
sensors, EMI and GPR, generates its own codebook inde-
pendently, resulting in two disjoint codebooks, which are
taken a union over to produce §2.

The reward function R(s,a) is specified as follows. De-
note by m any of the 9 states for a metal mine, by p any of the
9 states for a plastic mine, and by ¢; any of the 9 states for
a Type-1 clutter. Denote by co the Type-2 clutter and by ¢
the “clean” state. See Figure 3(a) for definition of the states.
Denote by A; the action of declaring the present sub-area to
be the state of t. Then R(s = t, a = A;) = 10, for t = m,
P, €1, C2, OF ¢o; R(s = morp,a = A, or A, or A.,) =
—100; R(s = cporcporcy,a = A, ord,) = —50;
R(s =m,a=A,) =5 R(s =p,a=A4,) =5. Al
the remaining entries of R(s, a) are zero.

Estimation of 7'(s, a, s’) and O(a, ¢, 0)

The two sensing actions involving “stay” do not cause state
transitions, hence T'(s, a, s’) is an identity matrix when a is
“stay and sense with GPR” or “stay and sense with EMI”.
All remaining sensing actions can result in transitions from
one state to another. Assuming that the robot travels the
same distance in each step and that the robot’s position is
uniformly distributed in any given state, the probabilities of
these transitions are easily determined by using an elemen-
tary geometric probability computation. Figure 3(b) illus-
trates how the transition probabilities for the two sensing
actions involving “walk south” are computed.

Computing T'(s,a,s’) and Of(a,s’,0) requires prior
knowledge of the possible mines and clutters. This poses no
problem here, as we have the templates of the possible mines
and clutter, which can be employed to compute T'(s, a, s’)
as well as collecting the training signatures for estimating
O(a, s, 0).

Experimental Results

We consider a robot navigating in three simulated mine
fields. The EMI and GPR data are pre-collected over a
1.6 x 1.6 m>2 per simulated mine field, with sensor data col-
lected at a 2 cm sample rate in two coordinate dimensions.
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o = distance traveled in a
single step by the robot

S

Type-1 clutter

Type-2 clutter  clean
where,
or,

p(s'=ss|s=s5,a)=0,/(0,+0,+0,+0,)
p(s'=s,|s=s5,a)=0,/(0,+0,+0;,+0,)

p(s'=sq|s =55,a)=0,/(0,+ 0, +0,+0,)

G,,0,,05,and o,
denote the 4 borders
of state 5, as well as
their respective area
metric

p(s'=sg|s=s5,a)=0,/(0,+0,+0,+0,)
a = “walk south and then sense with GPR”,
a = “walk south and then sense with EMI”

It is assumed that the robot travels the same distance in each step and

that the robot’s position is uniformly distributed in each state.

(a)

(b)

Figure 3: (a) Definition of the states for the minefiel navigation problem. Metal mine, plastic mine, and Type-1 clutter (large-
sized) are each modeled by 9 states, indexed 1 to 9, 10 to 18, and 19 to 27, respectively; Type-2 clutter (small-sized) is modelled
by a single state (state 28); state 29 is used to indicate “clean” (i.e., there are no mine or mine-like objects buried underground).
(b) Tlustration of the geometric method in computing the state transition probabilities T'(s, a, s’) when a is one of the two
sensing actions involving “walk south”. It is assumed that the robot travels the same distance in each step and that the robot’s

position is uniformly distributed in any given state.

The pre-collected data are used to simulate the data collected
by an autonomous two-sensor agent, as it senses within the
mine field. The first simulated mine field is shown in Figure
6.

Clearly, to avoid missing landmines the robot should
search almost everywhere in a given mine field. However,
we hope that the robot can actively decide where to sense as
well as which sensor to use, to minimize the detection cost.
Considering these two requirements together, we assign a
basic path as shown in Figure 4 (dark blue curve with ar-
rows). The basic path defines the lanes as indicated by light
blue in the figure, and the robot is restricted to move along
the lanes by taking actions within the lanes. The basic path
restrains the robot from moving across the lanes, and the
robot defines sectors along each lane as being characterized
by one of the mines/clutter, including clean, while moving
in an overall direction consistent with the arrows in Figure
4. The distance between two neighboring basic paths should
be less than the diameter of a landmine signature.

It is possible that after many measurements in one local
area, the agent still cannot make a declaration. For example,
this can occur if the model we build does not fit the data
in this area, possibly because our model does not include
the current underground target. More measurements do not
help to make a better decision. If this happens, it is better
to say “I do not know” rather than continue sensing or make
a reluctant declaration. We let the robot declare unknown
in this situation, while in the lifelong learning algorithm the
oracle is employed.

In the offline-learning approach the training data are given

Figure 4: Robot navigation path in a mine field. The dark
blue curve is the basic path, which defines the lanes as in-
dicated by light blue. The robot is restricted to move along
the lanes by taking actions within the lanes. The basic path
restrains the robot from moving across the lanes.

in advance, and the training phase and test phase are sepa-
rate. We use Mine Field 1 (Figure 6) as the training data to
learn the model and the policy, and then test our method on
all three mine fields. The training data and test data match
well in that the three mine fields contain almost the same
types of metal mines, plastic mines and clutter. The clut-
ter includes metal clutter (soda can, shell, nail, coin, screw,
lead, rod, and ball bearing) and nonmetal clutter (rock, bag
of wet sand, bag of dry sand, and a CD).

Workshop on POMDPs, Classification and Regression: Relationships and Joint Utilization 17
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Figure 5: Detection performance as a function of number of iterations when learning the policy. (a) Number of total sensing

actions. (b) Correct declaration rate.

Table 1: Detection results on three mine fields

Mine Field 1 | Mine Field 2 | Mine Field 3
Ground truth Number of mines (metal+plastic) 5 (3+2) 7 (4+3) 7 (4+3)
Number of clutter (metal+nonmetal) 21 (18+3) 57 (34+23) 29 (23+6)
Detection result Number of m@nes m@ssed 1 1 2
Number of mines missed 2 2 2

Model training and policy design

Using Mine Field 1 as the training data set the POMDP
model is built and the policy is learned by PBVI. The num-
ber of sensing actions and the correct declaration rate as a
function of iteration number when determining the policy
are plotted in Figure 5. The correct declaration rate is de-
fined as the ratio of the number of correct declarations rela-
tive to the number of all declarations. Note that the correct
rate is not equivalent to probability of detection since one
landmine could be declared multiple times, and the correct
declaration of clutter or clean is also counted in the correct
rate. However, it does reflect the detection performance by
comparing declaration position and ground truth. From Fig-
ure 5, after 75 iterations and five belief expansion phases,
the PBVI-learned policy becomes stable.

Landmine detection results

The stationary policy from the last subsection is then used
to navigate the robot in three simulated mine fields. The
ground truth and detection results are summarized in Table
1. As an example, the layout of Mine Field 1, the declaration
result and a zoom-in of sensor choices are shown in Figure
6. Note that one target may be declared several times.
Missed landmines are usually caused by one of the fol-
lowing two reasons: the mine has very weak signal in both
EMI and GPP responses, such as a small anti-personnel
mine, which is a low-metal content mine; or the mine is
very close to some large metal clutter, so that the clutters
strong response hides the weak signal of the mine. From
Figure 6(c), we see that the policy selects GPR sensors to
interrogate plastic mines, while it prefers EMI sensors when
metal mines are present. This verifies the policy to some

degree since the EMI sensor is almost useless for detecting
plastic mines, but is good for detecting metal mines. We
also see that on the clean area or at the center of a land-
mine, a declaration is made only based on very few sensing
actions, usually two or three, since it is relatively easy for
the robot to estimate its current states. However, at the edge
of a landmine, where there is an interface between two ob-
jects (the landmine and the clean), the robot usually requires
many Number of total sensing actions sensing actions to
make a declaration. The robot requires, on average, approx-
imately 4500 sensing actions in one mine field; the correct
declaration rate is about 0.87 (see Figure 5). As a compari-
son, if a myopic policy is applied, where the agent considers
only one step ahead to select actions, a total of around 8000
sensing actions are needed, and a correct declaration rate
of 0.82 is achieved. Note that if one senses on every grid
point using both sensors, the total number of measurements
is 2 x 8002 = 12800.

Conclusions

We have addressed the problem of employing ground-
penetrating radar (GPR) and electromagnetic induction
(EMI) sensors placed on a single platform, with the ob-
jective of performing adaptive and autonomous sensing of
landmines. The problem has been formulated in a partially
observable Markov decision process (POMDP) setting, un-
der the assumption that adequate and appropriate data are
available for learning the underlying POMDP models, with
which policy design can be effected. The algorithm has been
tested, with encouraging performance, on measured EMI
and GPR data from simulated mine fields.

The assumption that adequate training data are available

18 Workshop on POMDPs, Classification and Regression: Relationships and Joint Utilization
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Figure 6: Ground truth and detection details in Mine Field 1. (a) Ground truth. The red circles are landmines, with ”"M” and "’P”
indicating metal mine and plastic mine, respectively; the other symbols represent clutter. Black dots are small metal segments
and the rest are large-sized metal or nonmetal clutter. (b) Declaration result. The blue ”C” means a declaration of “’clean”, the
green ”?” means “unknown”, and the stars with various colors represent declarations of mines or clutter. Red star: metal mine;
pink star: plastic mine; yellow star: Type-1 clutter; cyan star: Type-2 clutter. (c) Sensor choice in the broken-lined rectangular
area shown in (b). The black square means sensing with EMI sensor and the green circle means GPR sensor. It can be seen that
the policy prefers the GPR sensor for plastic mine (left half in (c)) and the EMI sensor for metal mine (right half in (c)).

is often inappropriate, and therefore in the next phase of
this work we will consider a lifelong-learning algorithm in
which little if any a priori information is assumed with re-
gard to the mines, clutter and soil conditions. The formu-
lation considered for this latter case will be based on the
recently developed MEDUSA algorithm (Jaulmes, Pineau,
& Precup 2005).
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Abstract

Suppose a spatial arrangement of possibly hazardous
regions needs to be speedily and safely traversed, and
there is a dynamic capability of discovering the true
nature of each hazard when in close proximity of it;
the traversal may enter the associated region only if it
is revealed to be nonhazardous. The problem of iden-
tifying an optimal policy for where and when to ex-
ecute disambiguations so as to minimize the expected
length of the traversal can be cast both as a completely
observed Markov decision process (MDP) and a par-
tially observed Markov decision process (POMDP) and
has been proven intractable in many broad settings. In
this manuscript, we adapt the basic strategy of a pol-
icy called the simulated risk disambiguation protocol
of Fishkind et al. (2006) to a different, discretized
setting (a Canadian Traveller Problem with dependent
edge probabilities), and we compare the performance
of this adapted policy against the performance of the
optimal policy—on a class of instances that are small
enough for the optimal policy to be computed. On ran-
dom such instances, the adapted simulated risk disam-
biguation protocol performed nearly as well as the opti-
mal protocol, and used significantly less computational
resources.

Overview
Suppose there is a set of (possibly overlapping) hazard re-
gions H; C R2, fori = 1,2,..., N, each region marked
with the probability p; that H; is a true hazard (as opposed
to a false hazard), and assume that hazard regions are true
hazards independently of each other. Now, suppose a start-
ing point s and destination point d are given in R2, and the
decision maker’s objective is to traverse a shortest continu-
ous curve from s to d avoiding all true hazards, i.e. the curve
is constrained to ({J,c7 H;), where Z C {1,2,..., N} is
the set of indices of true hazards. While Z is unknown to
the decision maker at the outset (in particular, the proba-
bility distribution of Z is specified by the marks p;), when
the curve is on the boundary OH; of any hazard region the
decision maker has the dynamic ability to disambiguate the
region to discover if H; is a false or true hazard and, accord-
ingly, the curve may or may not proceed through H;. Each

Copyright (© 2006, American Association for Artificial Intelli-
gence (www.aaai.org). All rights reserved.

execution of a disambiguation adds a fixed cost ¢ > 0 to
the length of the s-d curve traversed, and it may be useful
to sometimes assume that there are a fixed limit of X' > 0
disambiguations that may be performed. How to optimally
perform the disambiguations so as to minimize the expected
length of the traversal is the random disambiguation path
(RDP) problem in (Priebe et al. 2005).

The RDP problem is a minor modification of the Stochas-
tic Obstacle Scene Problem (SOSP) of (Papadimitriou &
Yannakakis 1991), who also describe a discrete version of
SOSP that they call the Canadian Traveller Problem (CTP).
In CTP, the goal is to minimize the expected traversal length
from a starting vertex to a destination vertex in a finite graph
whose edges are marked with their respective probabilities
of being traversable, and every edge’s actual status can be
dynamically discovered only when encountered. Papadim-
itriou and Yannakakis prove the intractability of several vari-
ants of SOSP and CTP. (For more on CTP see (Bar-Noy &
Schieber 1991)).

CTP is also a special case of the Stochastic Short-
est Paths with Recourse (SPR) problem of (Andreatta &
Romeo 1988), who present a stochastic dynamic program-
ming formulation for SPR and note its intractability. (Poly-
chronopoulos & Tsitsiklis 1996) also present a stochastic
dynamic programming formulation for SPR and they prove
the intractability of several variants. (Provan 2003) proves
that SPR is intractable even if the underlying graph is di-
rected and acyclic.

In (Fishkind et al. 2006), we proposed a class of policies,
called simulated risk disambiguation protocols, for RDP. In
this manuscript, we adapt that basic approach for use on
a discretized version of RDP which, in effect, is a Cana-
dian Traveller Problem with dependent arc probabilities. We
compare the performance of our adapted policy to the per-
formance of the optimal policy, which we can obtain exactly
for relatively small—but nontrivial—instances.

The rest of this manuscript is organized as follows. We
next describe a discretization of RDP and mention how it
can be cast as a partially or completely observable Markov
decision process. Then we adapt the simulated risk disam-
biguation protocol for use in the discrete setting. Finally,
we compare the performance of the adapted simulated risk
disambiguation protocol against the optimal policy obtained
by a standard implementation of value iteration algorithm on
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the Markov decision process formulation.

A Discrete Version of RDP

Because of its continuous setting, the simulated risk disam-
biguation protocol in (Fishkind er al. 2006) is not compa-
rable to the existing heuristics for CTP and SPR, nor are
optimal policies readily computable for all but the most triv-
ial instances. With this in mind, we adapt the simulated risk
random disambiguation protocol in (Fishkind er al. 2006)
to a related, discrete setting in which the protocol adapta-
tion’s performance may be compared to the optimal policy
for relatively small but nontrivial instances.

The discretization of RDP we will consider here is, for
simplicity and convenience, a subgraph of the integer lat-
tice Z2. Specifically, it is the graph G' whose vertices are
all of the pairs of integers =,y such that 1 < x < zpuy
and 1 < y < yYmax, Where xpm,x and ymax are given integers.
There are edges between all pairs of vertices of the form z, y
and = + 1, y, and there are edges between all pairs of ver-
tices of the form z,y and z,y + 1. The hazard regions H;,
fori =1,2,..., N, are open discs in R?. (See Figure 1 and
Figure 2.) One vertex in G is designated as the starting point
s, another vertex in G is designated as the destination point
d, and the decision maker is to walk from s to d in G, only
traversing edges that do not intersect any true hazards. If
an edge intersects any ambiguous hazard region, then a dis-
ambiguation of the hazard region may be performed from
either of the edge’s endpoints that is outside of the hazard
region. As before, the goal is to develop a policy for tra-
versing and performing disambiguations that minimizes the
expected length of the traversal. We call our problem dis-
crete RDP (DRDP).

Markov Decision Process Formulation of
DRDP

We next describe how the DRDP problem can be modelled
as a partially or completely observable Markov decision
process, in a manner similar to that which is done in (Blei &
Kaelbling 1999).

An information vector I € {*a”,“t”,“f’}" keeps track
of the decision maker’s current knowledge of the hazard re-
gions’ status; specifically, for all « = 1,2,..., N, the ith
entry of I is “a”, “t”, or “f” according as H; is currently am-
biguous, true, or a false hazard. Let V' denote the set of end-
points of edges in G that intersect any boundary of any haz-
ard region; in particular, these are the vertices of G at which
the decision maker may execute disambiguations. Now, the
set of states is (V x {“a”,“t”,“f*}V) (J{s, d}, which repre-
sent possible locations on the lattice at which the decision
maker may be at a particular moment in time, coupled with
the possible information vectors that may describe the deci-
sion maker’s knowledge at that moment. The set of actions
is the set of ordered pairs (v, 7) such that vertex v € V is the
endpoint of an edge which intersects 0H;; this pair repre-
sents where the next disambiguation is to occur, and which
hazard region will be disambiguated.

The reward for any appropriate action at any particular
state is the negative of the shortest path distance (avoiding
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all ambiguous and true hazards indicated by the information
vector of the state) between the vertex identified in the state
and the vertex identified in the action; also subtract the dis-
ambiguation cost c if the vertex identified in the action is not
d. The destination d is an absorbative state for which there is
a one-time and very large reward for entering. Given a state
and action, the state transitioned into is the vertex identified
in the action and the information vector of the previous state,
updated to indicate that the hazard H; identified in the action
is true or false with respective probabilities p; and 1 — p;.

The above set of states, actions, rewards, and transition
distributions comprise a Markov decision process with K
stages (or IV stages if there is no limit X on the number of
allowed disambiguations). In the rest of this paper, we will
compute optimal policies in this formulation using the stan-
dard stochastic dynamic programming technique of value it-
eration for relatively small but nontrivial instances. Let p*
denote the s, d-curve traversed by the optimal policy; since
the trajectory under the optimal policy is still random, p*
is an (s, d)-walk-valued random variable, and we denote its
expected length E(p*).

Also, DRDP may be cast as a partially observed Markov
decision process by trimming the set of information vectors
to be just {“t”,“f’}V, and by folding the ambiguity of haz-
ards into ambiguity of the information vector, hence the par-
tial observability of the state.

Adapting the Simulated Risk Disambiguation
Protocol

We next introduce the adaptation of the simulated risk dis-
ambiguation protocol. In our framework, the traversal never
enters hazard regions while they are still ambiguous or are
known to be true hazards. The paradigm of the simulated
risk disambiguation protocol is—for the sole purpose of de-
ciding where to disambiguate next—to temporarily pretend
(simulate) that the ambiguous hazards are riskily traversable.

Under this simulation of risk, for any s,d walk W, the
Euclidean length of W, ¢¢(W), is the number of edges
in W (since each edge in our lattice clearly has Euclidean
length 1). The risk length of W is defined as

FW):=—-log  [[ (=p)
Hi:H;NW#0

This negative logarithm of the probability that W is permis-
sibly traversable is a measure of the risk in traversing W —if
you were willing to take on risk. An undesirability function
is any function g : R>9 X R>¢9 — R which is monoton-
ically nondecreasing in its arguments; that is to say, for all
1,72, tl, tQ S RZO such that 1 S ) and tl S tQ, it holds
that g(ry1,t1) < g(r2,t2). The number g(¢€ (W), (R (W))
is thought of as a measure of the undesirability of W in the
sense that, if you were required to traverse from s to d in G
under the simulation of risk and without a disambiguation
capability, you would select the walk
¢ :=arg  min g(t"(W), £¥(W)).

The adapted simulated risk disambiguation protocol as-

sociated with g would have the decision maker traverse ¢,
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from s until its first ambiguous edge, say, e is encountered at,
say, vertex v, and say e intersects region H;. At this point
(since we may not take on risk in actuality) disambiguate
the hazard region H; and repeat this whole procedure us-
ing v as the new s, and then either removing H; or setting
p; = 1 according as H; was just discovered to be a false
or true hazard. (If at some point the limit X on the num-
ber of disambiguations has been reached, then the shortest
unambiguously permissible path is then taken to d.)

The simplest undesirability functions are the linear ones,
where g(r,t) := r 4+ « - t for some given constant « > 0.
To find ¢, in this particular case, we just need to find a de-
terministic shortest s, d path in G (via Dijkstra’s algorithm,
say) where each edge in G is weighted! with

N
1
w(e) == l=a-3 > #tcomp(e\H,) - Lenp, 20 -log(1— pi),
=1

where 1 is the indicator function (taking value 1 or 0 accord-
ing as its subscripted expression is true or false) and comp(+)
is the number of connected components of its argument. See
illustration in Figure 1 with N = 4. Corresponding edge
weights are shown in Table 1.

! 5]

Figure 1: Ilustration with N =4

Edge [ Edge weight |
e1 1 —alog(l — p1)

€9 1

es [ 1= a(i/2)(loa(l — pa) ¥ Toall — 7))
e 1 — a(1/2)(log(1 — ps) + 2log(1 — pa))

Table 1: Weights of edges in Figure 1

For a fixed a > 0, denote by p,, the s, d walk traversed un-
der the adapted simulated risk disambiguation protocol; p,
is an s, d-walk-valued random variable, since its realization
depends on the outcomes of the dictated disambiguations.
We will denote by Ep,, the expected length of this walk.

'We are assuming s and d are not inside any hazard region, and
that ¢4 never revisits a hazard region.
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Computational Experiments

In this section, we evaluate the performance of the the
adapted simulated risk disambiguation protocols against the
optimal policy, the latter obtained by a standard implemen-
tation of value iteration algorithm on the Markov decision
process model described previously.

For all of the experiments in this Section, the lattice used
iS Tmax = 40 by ymax = 20, with s = (20,20) and
d = (20,1). Each hazard region is a disc with radius 5.5
units, and the disc’s centers are sampled from a uniform dis-
tribution on the pairs of integers in [7, 34] x [7, 14]; in partic-
ular, this ensures that there is always a permissible path from
s to d. Probabilities p; of the hazard regions being true are
sampled from a uniform distribution on [0, 1]. The cost of
disambiguation is taken here as ¢ = 1.5. The environment
is illustrated in Figure 2 with N =7, K = 1.

For the instance shown in Figure 2, the adapted simu-
lated risk disambiguation protocol using o = 1 calls for
traversing to (20, 15), at which point the hazard region H,
centered at (19,9) is disambiguated. In case the hazard
turns out to be false, the decision maker traverses directly
to the destination at a total cost of 20.5. Otherwise, the
decision maker traverses to the destination avoiding all the
hazard regions, at a total cost of 50.5. (Both walks are il-
lustrated in black on Figure 2.) Here, we had py = .2230
thus, in particular, the expected length of the s, d-traversal is
(1 —.2230)(20.5) 4 (.2230)(50.5) = 27.19. This protocol
turns out to be the overall optimal policy.

Figure 2: An experimental realization with N =7, K =1

Similar to what was done in (Fishkind et al. 2006), values
of @ minimizing Ep,, are computed numerically by evaluat-
ing Ep, for a mesh of values of a—starting at o« = 1, in-
crementing « successively by 5 units until « is large enough
that no disambiguations are performed. We will now denote
P* 1= pao~x, Where o* is the value of a minimizing Ep,.

Table 2 compares Ep* (the expected length of the best
adapted simulated risk disambiguation protocol) to Ep* (the
expected length of the overall optimal policy) for 50 experi-
ment realizations under each NV, K combination listed. The
second column shows the percentage of simulations where
Ep* = Ep*, in which case the family of adapted simulated
risk disambiguation protocols contains the overall optimal
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policy. The next column shows the percentage of the sim-
ulations where the optimal policy was to perform no dis-
ambiguations. The next column shows the mean of the rel-

ative errors 22 E;fp for the 50 experiment realizations in
each NV, K.
% where % where p* mean relative VI exec.
Ep* = Ep* | didn’t disambig. | errors E2 E;E P time
K=1:
N=1 86 28 .0097 12 sec
N=5 86 30 .0076 15 sec
N=6 72 22 .0103 20 sec
N=7 66 22 0114 33 sec
N =238 66 36 .0159 48 sec
K=2:
N=14 78 30 .0058 4 min
N=5 66 22 .0065 6 min

Table 2: Comparison of p* to p*; for K = 1, N = 4 the
overall optimal policy was indeed an adapted simulated risk
disambiguation protocol in 86% of the experiments.

As Table 2 indicates, solutions found by the simulated
risk protocol are quite comparable to the optimal solutions.
Among all the simulations we performed, the simulated risk
protocol found the optimal solution 74.3% of the time and
the mean relative error of these simulations was .0096.

The last column in Table 2 shows the execution time for a
single instance of the value iteration algorithm used to iden-
tify an overall optimal policy and to compute Ep*, on a 3.5
gigahertz personal computer with 1 gigabyte memory. We
observed that value iteration required significant computa-
tional resources even for small instances. In fact, value itera-
tion execution time was over an hour for N = 7, K = 3 and
for N = 10, K = 1, value iteration did not run at all due to
insufficient memory. This was in sharp contrast to the iden-
tification of p* and the computation of Ep*, which took a
negligible amount of time in all of these experiments. Com-
puting Ep* continued to take a negligible amount of time for
much, much larger values of NV and K.

Summary and Conclusions

In this manuscript, we adapted the simulated risk disam-
biguation protocol from the RDP setting to the discrete RDP
setting, which is essentially a Canadian Traveller Problem
with dependent edge probabilities. We cast the problem as
a Markov decision process and, via value iteration, obtained
optimal policies for relatively small but nontrivial instances.
Against these optimal policies, we compared the perfor-
mance of adapted simulated risk disambiguation protocols
and discovered that much of the time the adapted risk simu-
lation disambiguation protocols were indeed optimal and, in
general, compared very favorably. Furthermore, negligible
computing time was needed—compared to that expended on
the computation of the optimal policy.
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