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Adaptive Sensor Selection for Monitoring Stochastic Processes

Shinkyu Park, Carlo Ratti, and Daniela Rus

Abstract— We investigate an adaptive sensor selection prob-

lem in which a stochastic process is monitored by multiple

sensors. We design a sensor selection policy that assigns a set of

sensors to collect measurements for which the sensor selection

depends on previously collected measurements and auxiliary

data, and is subject to a constraint on the number of sensors

to be selected. We use the mutual information to assess the

performance of the policy.

The goal of this paper is to find an approximate solution

to the sensor selection problem and to assess the performance

of the solution. For this purpose, we define greedy adaptive

policies using greedy heuristics and derive a performance bound

on greedy policies with respect to the performance of adaptive

policies satisfying so-called diminishing property and optimality

conditions. The main result shows that the performance of a

greedy adaptive policy is at least

1
2 of that of the best policy

satisfying these two conditions.

I. INTRODUCTION

Given a stochastic process {xk}N
k=1 ⇢ X, we consider a

system consisting of M sensors that monitors the process.
At each time index k in {1, · · · , N}, the system selects a set
Sk of sensors to collect measurements {y(j)

k }j2Sk ⇢ Y|Sk|

and has access to auxiliary data zk 2 Z, where y

(j)
k and

zk represent noisy information on xk. The sensor selec-
tion at each time index k depends on previously collected
sensor measurements ({y(j)

1 }j2S1 , · · · , {y(j)
k�1}j2Sk�1) and

available auxiliary data (z1, · · · , zk), and is subject to the
cardinality constraint |Sk|  sk for a positive integer sk.1

In this paper, we focus on finding a computationally
feasible policy that governs the sensor selection process.
To assess the performance of each policy µ, we adopt the
mutual information (MI) between the stochastic process and
measurements from selected sensors given auxiliary data:

I(x1, · · · ,xN ;ySµ
1
, · · · ,ySµ

N
| z1, · · · , zN ) (1)
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1The auxiliary data zk can be regarded as any information that are not
subject to the cardinality constraint. See the example given in Section II.

where ySµ
k

def
= (S

µ
k , {y(j)

k }j2Sµ
k
) is a tuple of the sensor

selection set Sµ
k and collected measurements {y(j)

k }j2Sµ
k

. For
every k in {1, · · · , N}, an adaptive policy µ = (µ1, · · · , µN )

recursively defines the set Sµ
k of sensors to collect measure-

ments by

S

µ
k = µk(ySµ

1
, · · · ,ySµ

k�1
, z1, · · · , zk) (2)

subject to the constraint |Sµ
k |  sk.

Different from existing work, here we consider the adap-
tive setting in which the sensor selection process depends on
both previously collected sensor measurements and auxiliary
data. However, finding the optimal solution to optimization
(1) is known to be NP-hard even for a special case of our
problem [1]. To find a computationally tractable solution, we
adopt greedy heuristics from [2] to define greedy adaptive
policies and provide analytical results on the performance of
greedy policies.

The key technical challenges lie in assessing the perfor-
mance of greedy heuristics-based approaches in the adaptive
sensor selection problem. In literature, under submodularity
assumptions, many of notable efforts have been made to
establish the performance of greedy heuristics-based ap-
proaches in sensor selection problems. However, without the
assumptions, few results are known, and in many cases even
checking such submodularity conditions is a non-trivial task
[3]. Besides, examples in a previous study [4] suggest that
MI is in general not submodular in adaptive sensor selection
problems, and existing submodularity analysis cannot be
extended to our problem setting.

Our paper contributes in the following ways: (i) We adopt
greedy heuristics to define greedy adaptive policies for the
sensor selection problem. (ii) To establish a performance
bound on greedy policies, we define a class of adaptive
policies satisfying diminishing property and optimality con-
ditions2 and show that a greedy policy performs at least
1
2 of the performance of the best policy within the class.
(iii) We establish connections between our results and those
from submodular optimization literature, and show how
our analysis generalizes results in the literature. (iv) We
execute experiments in monitoring yeast population growth
to demonstrate how our approach can be used in a biology
application and to assess the performance of greedy policies.

We organize the paper as follows: In Section II, we
proceed with introducing a motivating application of our
adaptive sensor selection problem. In Section III, we provide
a formal description of the adaptive sensor selection problem
and the definition of greedy adaptive policies considered

2The precise definitions of the conditions are given in Section III-B.
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throughout the paper. In Section IV, we provide a com-
parative review of relevant work in literature. In Section V,
we analyze the performance of greedy adaptive policies and
establish a connection to results from submodular optimiza-
tion literature. In Section VI, we present experiment results
on monitoring yeast population growth using the adaptive
sensor selection scheme. We end the paper with conclusions
and future plans in Section VII.

II. MOTIVATING APPLICATION

An application that motivates our adaptive sensor selec-
tion problem is in monitoring human health signals from
city’s sewage network (see the project Underworlds [5] for
more descriptions). Consider a network of M sensor-enabled
sampling devices in which each device j 2 {1, · · · , M} is
capable of collecting data z

(j)
k using its on-board sensor and

collecting a sewage sample from which we could extract a
measurement y(j)

k through processing the sample at biology
facilities. Data collected by the network can be used to infer
public health pattern in urban epidemiology studies.

One of key challenges in this application is due to the
costly process of sample collection/processing. The advent
of miniaturized liquid sample analysis platforms – such as
miniature mass spectrometers or microfluidics devices – en-
ables in situ detection of biological signals [6], [7]. However,
measuring majority of health-related signals still requires
pre-processing of the samples, which is a challenging task
with in situ sensing platforms. Also comprehensive analysis
of samples to obtain information on the signals at a fine-level
of granularity still requires significant human involvement
which is costly and there are potentially a large number
of locations for sample collection. This naturally imposes
budget constraints on the process such as limits on the
number of samples that can be collected and processed on
each experiment-day.

To address the challenge, we formulate the problem as
adaptive sensor selection and find a computationally feasible
solution. In the problem, as in the motivating application,
we can consider that y(j)

k is the informative measurement of
xk from sensor j whereas the auxiliary data zk is the noisy
measurement of xk. We present the following example to
demonstrate how we can adopt the adaptive sensor selection
framework for monitoring population growth. In Section VI
we describe experiments using the models from the example.

Example II.1: Consider M separate locations where at
each location we aim at monitoring the population of a
biological agent growing at the location. Let us consider
that the population growth of the agent is described by a
stochastic exponential growth model [8] given as follows:

x

(j)
k+1 = x

(j)
k + r(j)x(j)

k

h
1� x

(j)
k

�
K(j)

i
+ v

(j)
k (3)

where x

(j)
k denotes the population of the agent at loca-

tion j and at time index k, and r(j) and K(j) denote the
growth rate and carrying capacity, respectively. The random
variables x

(j)
1 and v

(j)
k describe the initial condition and

noise term, respectively. Note that each x

(j)
k constitutes xk

as xk = (x

(1)
k , · · · , x(M)

k ), which defines the stochastic
process being monitored in our sensor selection problem.

To monitor the population growth, consider that M sensor-
enabled sampling devices are deployed across all the loca-
tions where each device j is deployed at location j. For
each time index k in {1, · · · , N}, we denote y

(j)
k as a mea-

surement obtained through collecting/processing a sample of
the agent from location j, and z

(j)
k as data collected from

device j using its on-board sensor. We adopt the following
models to describe how y

(j)
k and z

(j)
k are related with x

(j)
k :

y

(j)
k =

(
x

(j)
k + w

(j)
k w.p. p

? w.p. 1� p
(4a)

z

(j)
k = x

(j)
k + u

(j)
k (4b)

where the random variables w

(j)
k and u

(j)
k are mutually

independent disturbances for all j in {1, · · · , M} and k
in {1, · · · , N}, and the entropy of the random variables
satisfy h(w

(j)
k ) << h(u

(j)
k ), i.e., the measurement y

(j)
k

contains more information about x

(j)
k than does z

(j)
k . We

define auxiliary data zk as zk = (z

(1)
k , · · · , z(M)

k ). Given an
adaptive policy µ = (µ1, · · · , µN ), the set Sµ

k of locations
to obtain measurements {y(j)

k }j2Sµ
k

can be computed using
(2). Notice that according to (4a), for each selected sampling
location j, the system obtains the measurement x(j)

k + w

(j)
k

with probability p or it fails to obtain any measurement with
probability 1� p. We assume that the event of obtaining no
measurement is independent of v(j)

k ,u(j)
k ,w(j)

k . ⇤

III. PROBLEM FORMULATION

A. Notation and Definitions

We begin with describing some of key notation and
definitions used throughout the paper.

Notation:

• M – the total number of sensors available for collecting
measurements.

• N – the length of the time horizon over which the
stochastic process is monitored.

• {sk}N
k=1 – positive constants that describe the maximum

number sk of sensors to be selected at each time index k
in {1, · · · , N}.

• x1:N – given random variables {xk}N
k=1, x1:N is short-

hand notation for x1:N = (x1, · · · ,xN ).
• yS1:N – given random variables {y(j)

k }M
j=1 and a subset

Sk of {1, · · · , M} for k in {1, · · · , N}, yS1:N is
shorthand notation for yS1:N = (yS1 , · · · ,ySN ) with
ySk = (Sk, {y(j)

k }j2Sk).
• Sk, Yk – given a positive constant sk, Sk represents

a collection of subsets Sk of {1, · · · , M} for which
|Sk|  sk holds, and Yk represents a collection of
measurements ySk for every Sk 2 Sk.

• Sk, Yk – given a positive constant sk, Sk represents
a collection of subsets Sk of {1, · · · , M} for which
|Sk| = sk holds, and Yk represents a collection of
measurements ySk for every Sk 2 Sk.
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In what follows, we define admissible adaptive policies
and information states.

Definition III.1 (Admissible Adaptive Policy): An adap-
tive policy µ = (µ1, · · · , µN ) is called admissible if each
µk is defined by3

µk : Y1 ⇥ · · ·⇥ Yk�1 ⇥ Zk ! Sk (5)

We denote the set of all admissible policies by U .
Remark III.2: We call a policy µ = (µ1, · · · , µN ) adap-

tive as each µk depends on measurements yS1:k�1 2 Y1 ⇥
· · · ⇥ Yk�1 and auxiliary data z1:k 2 Zk in assigning
a set Sk 2 Sk as in (5). We refer to a policy µ non-
adaptive if it only depends on sensor selection sets S1:k�1 2
S1 ⇥ · · ·⇥ Sk�1.

Definition III.3 (Admissible Information State): We refer
to (yS1:k�1 , z1:k) 2 Y1 ⇥ · · ·⇥ Yk�1 ⇥ Zk as an admissible
information state at time index k if there is an admissible
policy µ = (µ1, · · · , µN ) for which Sj = µj(yS1:j�1 , z1:j)
holds for all j in {1, · · · , k � 1}.

Remark III.4 (Sensor Selection Subset): Given an admis-
sible information state (yS1:N , z1:N ) with its associated
policy µ = (µ1, · · · , µN ) 2 U , we represent each sensor
selection set Sk by Sk = {j1, · · · , jsk}. The i-th element
ji can be considered as a random variable defined by
ji = µi

k(yS1:k�1 , z1:k), where µi
k is the i-th component

of µk.4 We refer to ˘

Sk as a subset of Sk if it holds that
˘

Sk = {ji1 , · · · , jis0
k
} with {i1, · · · , is0

k
} ⇢ {1, · · · , sk} and

s0k < sk.
Remark III.5: Note that given an admissible informa-

tion state (yS1:k�1 , z1:k) and an admissible policy µ =

(µ1, · · · , µN ), we can derive

S

µ
j = µj(yS1:k�1 ,ySµ

k:j�1
, z1:j) (6)

for all j in {k, · · · , N}. We adopt the shorthand notation
S

µ
k:N = µk:N (yS1:k�1 , z1:k) to denote the sensor selec-

tion sets {Sµ
j }N

j=k determined by µ according to (6) using
(yS1:k�1 , z1:k).

B. Problem Description

We formally state the main problem of designing an
adaptive policy for sensor selection.

Problem III.6: Find an adaptive policy
µ = (µ1, · · · , µN ) in U that maximizes

J (µ) = I(x1:N ;ySµ
1:N

, z1:N ) (7)

subject to

S

µ
k = µk(ySµ

1:k�1
, z1:k) (8a)

|Sµ
k |  sk (8b)

3Note that without loss of optimality, we will be restricting our attention
to adaptive policies that assign sensor selection sets with the maximum
cardinality. This is mainly because (1) only increases with more sensor
measurements.

4Here the order in labeling the elements of µk can be arbitrary and our
results do not depend on the ordering.

Note that using the chain rule of MI, we can see that (1) and
(7) are different by a constant which does not depend on the
choice of a policy.

We maintain the following assumption throughout the
paper.

Assumption III.7: We assume that the joint probability
density function

p(x1, · · · ,xN ,y(1)
1 , · · · ,y(M)

N , z1, · · · , zN ) (9)

is well-defined, and given x1:N , the random variables y

(j)
k

and zk for all j in {1, · · · , M} and k in {1, · · · , N} are
mutually independent.

In what follows, we state two conditions on adaptive
policies, which will be used to derive the main results of
this paper. To this end, let us re-write the performance index
(7) as follows: For each k in {1, · · · , N + 1},

J (µ) = I(x1:N ;ySµ
1:k�1

, z1:k)

+ I(x1:N ;ySµ
k:N

, zk+1:N |ySµ
1:k�1

, z1:k) (10)

with zN+1 = 0. The second term in (10) can be viewed as
the cost-to-go of (7) from time index k given the information
state (ySµ

1:k�1
, z1:k). In terms of this cost-to-go, we define

diminishing property and (necessary) optimality conditions
as follows.

Definition III.8 (Diminishing Property Condition): We
say that an admissible policy µ = (µ1, · · · , µN ) 2 U
satisfies the diminishing property condition if the following
inequality holds for any admissible information state
(yS1:N�1 , z1:N ): For each k in {1, · · · , N},

I(x1:N ;ySµ
k:N

, zk+1:N |yS1:k�2 ,ySk�1 , z1:k)

 I(x1:N ;yS̆µ
k:N

, zk+1:N |yS1:k�2 ,yS̆k�1
, z1:k) (11)

where S

µ
k:N = µk:N (yS1:k�2 ,ySk�1 , z1:k) and

˘

S

µ
k:N = µk:N (yS1:k�2 ,yS̆k�1

, z1:k) for an arbitrary subset
˘

Sk�1 of Sk�1.
Definition III.9 (Optimality Condition): We say that an

admissible policy µ = (µ1, · · · , µN ) 2 U satisfies the
optimality condition if the following inequality holds for any
admissible information states (yS1:N�1 , z1:N ): For each k in
{1, · · · , N},

I(x1:N ;yS̆µ
k:N

, zk+1:N |yS1:k�1 , z1:k)

 I(x1:N ;ySµ
k:N

, zk+1:N |yS1:k�1 , z1:k) (12)

where S

µ
k:N = µk:N (yS1:k�2 ,ySk�1 , z1:k) and ˘

S

µ
k:N =

µk:N (yS1:k�2 ,yS̆k�1
, z1:k) for an arbitrary subset ˘

Sk�1 of
Sk�1.

An intuition behind the diminishing property condition
is that the cost-to-go in (10) attains a higher value when
it is assessed conditioned on the smaller information state
(yS1:k�2 ,yS̆k�1

, z1:k). The notion of the diminishing prop-
erty for adaptive policies is closely related with submod-
ularity of set functions used in combinatorial optimization
literature [9]. We will briefly discuss their relationship in
Section V.
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Algorithm 1: Greedy Adaptive Policy µg
k

input : Information state (yS1:k�1 , z1:k)
output: Sensor Selection Set Sg

k = µg
k

�
yS1:k�1 , z1:k

�

1 begin

2 Sg
k  ?

3 while |Sg
k | < sk do

4 jg  argmax

j2{1, ··· ,M}\Sg
k

I(x1:N ;y

(j)
k | z1:k = z1:k,

5 yS1:k�1 = yS1:k�1 ,ySg
k
)

6 Sg
k  Sg

k [ {jg}

The optimality condition has the following implication:
The policy µ = (µ1, · · · , µN ) assigns sensor selection sets
S

µ
k:N with the information state (yS1:k�2 ,ySk�1 , z1:k) that

attain a higher cost-to-go (12) than do other sensor selection
sets ˘

S

µ
k:N determined by the same policy but with the

smaller information state (yS1:k�2 ,yS̆k�1
, z1:k). Associated

with Definition III.9, notice that if a policy µ 2 U does not
satisfy (12), then µ cannot be the optimal policy.

C. Greedy Adaptive Policies

Finding the optimal adaptive policy is NP-hard even for
a special case of our problem [1]. To find a computationally
tractable solution for Problem III.6, we adopt the greedy
heuristics to our problem setting and define greedy adaptive
policies as follows.

Definition III.10 (Greedy Adaptive Policy): An adaptive
policy µg

= (µg
1, · · · , µg

N ) 2 U is called greedy if for every
element (yS1:k�1 , z1:k) in Y1 ⇥ · · · ⇥ Yk�1 ⇥ Zk, each µg

k
assigns a sensor selection set Sg

k according to Algorithm 1.
One key feature of Algorithm 1 is that it does not

require any look-ahead in computing the sensor selection set
Sg

k : Algorithm 1 consists of sk rounds of sensor selection
(Line 4) in which each round only requires to compute MI
between x1:N and y

(j)
k given a realization (yS1:k�1 , z1:k) and

the set Sg
k representing sensors selected in prior rounds.

IV. RELATED WORK

The problem of designing sensor selection policies for
monitoring stochastic processes is closely related with sensor
scheduling/management problems investigated across multi-
ple disciplines.

A number of efforts have been made to develop optimiza-
tion frameworks to find optimal sensor selection schemes. A
convex relaxation method for a sensor scheduling problem
was developed to estimate a vector parameter [10] and
a stochastic signal [11]. The work of [12] investigated a
stochastic sensor scheduling problem using a convex opti-
mization framework. More recently [13] presented a relaxed
convex formulation for a sparse sensor selection problem. For
linear dynamical systems, tree representation-based methods
and pruning-based computational methods to find optimal so-
lutions are developed in [14], [15]. In addition, the POMDP
framework was adopted in a sensor scheduling problem [16]
for optimal scheduler design.

However, finding the optimal solution is in general NP-
complete [17], and optimization-based approaches require
substantial computational resources. The paper of [9] in-
vestigated the notion of submodularity, which was orig-
inally introduced in combinatorial optimization literature
[2], [18], in resource allocation problems, and showed that
greedy heuristics provide computationally feasible and sub-
optimal solutions in submodular problems. As applications
of submodularity methods to sensor scheduling problems
with information theoretic performance indices, the work of
[4] verified that MI is submodular and the greedy heuris-
tics ensure the performance of greedy sensor scheduling
schemes. On the other hand, log estimation error ellipsoid
is shown to be submodular in [19]; while the authors of [20]
investigated submodularity of various performance indices
used in sensor scheduling problems. For further reading, the
reader is referred to survey papers [21], [22] and references
therein.

While the above-mentioned work mainly focuses on sensor
selection problems in non-adaptive settings, the work of
[23] investigated a stronger notion of submodularity, namely
adaptive submodularity, to investigate the performance of
adaptive greedy heuristics in learning and optimization prob-
lem domains. An application of adaptive sumbodularity
in batch mode active learning problems is found in [24].
Analytical tools for adaptive sensor selection problems are
further developed in [25], [26] to establish the performance
gap between non-adaptive and adaptive policies [25], or
to explore sensor scheduling problems in continuous space
domains [26].

V. PERFORMANCE ANALYSIS OF GREEDY ADAPTIVE
POLICIES

In this section, we analyze the performance of the greedy
adaptive policy and establish a connection to results from
submodular optimization literature.

A. Performance Analysis

We first proceed with performance analysis on greedy
adaptive policies.

Theorem V.1: Let UD be the set of admissible adaptive
policies satisfying Definitions III.8 and III.9. For a greedy
adaptive policy µg , it holds that

1

2

max

µ2UD
J (µ)  J (µg

)

In general, the optimal adaptive policy in U does not
belong to UD, and thus the performance bound on the
greedy adaptive policy cannot be directly related with the
performance of the optimal policy. However, depending
on applications and problem domains, important classes of
adaptive policies are associated with UD.5

Let us define a set Uz of admissible adaptive policies
µz

= (µz
1, · · · , µz

N ) that assign sensor selection sets S

µz

1:N

5Due to space restrictions, we provide a few examples in this paper and
leave in-depth analysis for future work.
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as follows: For each k in {1, · · · , N}, given (yS1:k�1 , z1:k)

in Y1 ⇥ · · ·⇥ Yk�1 ⇥ Zk,

S

µz

k = µz
k(S1:k�1, z1:k) (13)

where S

µz

k belongs to Sk. Note that the policy µz
=

(µz
1, · · · , µz

N ) depends on the choice of sensor selection sets
S1:k�1 and auxiliary data z1:k.

The following proposition states that the optimal policy in
Uz belongs to UD.

Proposition V.2: Consider a class Uz of admissible poli-
cies µz

= (µz
1, · · · , µz

N ) that assign sensor selection sets
S

µz

1:N according to (13). The optimal policy in Uz belongs
to UD.

For the models given in Example II.1, let us define a set
Up of admissible adaptive policies µp

= (µp
1, · · · , µp

N ) that
assign sensor selection sets S

µp

1:N as follows: For each k in
{1, · · · , N}, given (yS1:k�1 , z1:k) in Y1 ⇥ · · ·⇥Yk�1 ⇥Zk,

S

µp

k = µp
k(S1:k�1,�1:k�1, z1:k) (14)

where S

µp

k belongs to Sk and �l
def
= {j 2 Sl |y(j)

l = ?} is
a set of selected sensors from which the system collects ?,
i.e., the system selects sensor j 2 �l, but it fails to collect
any measurement.

The following proposition states that the optimal policy in
Up belongs to UD.

Proposition V.3: Consider the models described in (3) and
(4) given in Example II.1 and a class Up of admissible
policies µp

= (µp
1, · · · , µp

N ) that assign sensor selection sets
S

µp

1:N according to (14). The optimal policy in Up belongs
to UD.

B. Connection to Submodularity

In combinatorial optimization literature, the notion of
submodularity has been served as an important condition
under which greedy heuristics provide sub-optimal solutions.
However, MI is in general not submodular in adaptive sensor
selection problems, and assessing the performance of greedy
heuristics-based approaches is challenging. In comparison
with results in the literature, our main findings have the
following advantages.

1) Our main result – Theorem V.1 – applies to the
adaptive sensor selection problem without submodu-
larity requirements and along with Propositions V.2
and V.3, it provides a non-trivial lower bound on the
performance of greedy policies.

2) Notably if the performance index (7) satisfies the adap-
tive submodularity condition [23], then the optimal
adaptive policy in U belongs to UD, and based on
Theorem V.1, we can derive the performance bound
on greedy adaptive policies with respect to the perfor-
mance of the optimal adaptive policy.

To explain the second argument, we adopt the adaptive
submodularity condition from [23], and establish the per-
formance bound on greedy adaptive policies, which extends

Bottle

Enclosure Microcontroller

Colorimetric and

Temperature Sensors

(a) (b)

Fig. 1. (a) The test bed consisting of 3 sensor nodes. (b) Absorbance
measurement using the colorimetric sensor.

results of [4] to adaptive sensor selection problems.6 For
simplicity, we consider the case where sk = 1 for all k in
{1, · · · , N}.

Definition V.4: The performance index (7) is said to be
adaptive submodular if the following condition holds for all
j in {1, · · · , M} and k in {1, · · · , N}: Given any admis-
sible information state (yS1:N�1 , z1:N ), for each realization
(yS1:k�1 , z1:k) of (yS1:k�1 , z1:k), it holds that

I(x1:N ;y

(j)
k , zk+1 |yS1:k�1 = yS1:k�1 , z1:k = z1:k)

 I(x1:N ;y

(j)
k , zk+1 |yS̆1:k�1

= yS̆1:k�1
, z1:k = z1:k)

(15)

where, in (15), ˘

Sl is an arbitrary subset of Sl and ˘Sl is a
subset of the realization Sl of Sl for all l in {1, · · · , k� 1}.

According to Definition V.4, it can be verified that the
optimal adaptive policy in U satisfies the diminishing prop-
erty condition. Based on this observation, we can state the
following corollary.

Corollary V.5: Suppose that the performance index (7) is
adaptive submodular. For a greedy adaptive policy µg , it
holds that

1

2

max

µ2U
J (µ)  J (µg

)

The proof directly follows from Definitions III.8 and V.4
and Theorem V.1.

Note that the adaptive submodularity is a condition for
the performance index whereas the diminishing property and
optimality conditions are defined for policies. Corollary V.5
implies that if the performance index is adaptive submodular,
then the optimal adaptive policy belongs to UD.

VI. EXPERIMENTS RESULTS

In this section, we demonstrate how the adaptive sensor
selection scheme can be applied to the motivating appli-
cation. For this purpose, we use our test bed consisting
of 3 wireless sensor nodes and perform experiments on
monitoring the population growth of yeast. Each node in the
test bed is equipped with a WiFi-enabled microcontroller and
colorimetry sensor (see Fig. 1).
Yeast Population Growth: Yeast is a type of a fungus
consisting of single cells that reproduce via a process called
budding. The population growth of yeast can be measured
by evaluating how much a medium containing yeast absorbs

6Note that the problem considered in [23] is different from Problem III.6,
and results from [23] cannot be used to conclude our main results.
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Fig. 2. Population growth data of yeast at two different ratios of yeast and
sugar. The data points are measured at 30�min intervals.
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Fig. 3. The histograms depicting the model error computed using the
experiment data and the graphs of the probability distributions of v(j)

k with
the parameters: (upper figure – yeast : sugar = 1 : 1) �

(j)
v = 0.0089,

(lower figure – yeast : sugar = 1 : 2) �(j)
v = 0.0093.

light at a certain wavelength (Beer’s law). For this reason,
we will use absorbance to denote the yeast population and
adopt the model (3) to describe the population growth, where
the noise term v

(j)
k is assume to be zero-mean Gaussian and

to have a constant variance �(j)
v over entire time horizon.

In experiments, we use active dry yeast dissolved in water
with its food source (granulated sugar) at two different ratios
– 1 : 1 and 1 : 2 (see Fig. 2 for population growth data). For
each of these cases, the growth rate r(j), carrying capacity
K(j), and the variance �(j)

v of v

(j)
k can be computed from

experiment data using the maximum likelihood estimation
(MLE). Fig. 3 illustrates the results on estimating �(j)

v .
Yeast Samples and Population Measurements: During
each experiment, yeast samples are collected at 30 � min

intervals for 8 times (N = 8). Collected yeast samples are
processed using lab-based equipment to obtain population
measurements. We use the model (4a) to describe how the
measurement depends on the yeast population. For simplic-
ity, we assume that the probability of failing to collect yeast
samples is zero, i.e., p = 1 for (4a), and that there is no
disturbance, i.e., w(j)

k = 0.
Sensor Data: The colorimetric sensor is implemented
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Fig. 4. The histogram depicting the colorimetric sensing error and the graph
of the probability distribution of u(i)

k with the parameter �(i)
u = 0.009.

TABLE I
PARAMETERS SELECTED FOR EXPERIMENTS

parameters values parameters values parameters values

r(1) 1.4 r(2) 1.2 r(3) 1.2
K(1) 0.085 K(2) 0.130 K(3) 0.130
�(1)
v 0.0089 �(2)

v 0.0093 �(3)
v 0.0093

�(1)
u 0.009 �(2)

u 0.009 �(3)
u 0.009

�(1)
w 0 �(2)

w 0 �(3)
w 0

at every node and is used to collect noisy measurements
of yeast population. The sensor consists of a green LED
(527 nm) and a photodiode array (TCS3472, AMS): The
LED is used as a light source and the photodiode array
measures the amount of light arrives from the source (see
Fig. 1(b)). From the output of the photodiode array, we
compute the absorbance using Beer’s law. We use the model
(4b) to describe how the sensor data depends on the yeast
population, where the disturbance u

(j)
k is assumed to be zero-

mean Gaussian and to have a constant variance �(j)
u over

entire time horizon. From experiment data, we compute the
variance �(j)

u of u

(j)
k using the MLE. Fig. 4 illustrates the

results on estimating �(j)
u .

Experiment Protocol: To monitor the population growth of
yeast growing in 3 different bottles (M = 3), we use 3

sensor nodes each of which is deployed with one of the yeast
bottles. The yeast population is monitored every 30 mins for
8 times (N = 8): At each time index k 2 {1, · · · , 8}, the
colorimetry sensors collect noisy measurements zk of yeast
population xk. Based on the greedy policy µ, at each time
index k 2 {1, · · · , 8}, we collect a yeast sample from one
bottle, say bottle j, (out of 3 bottles) to obtain an accurate
population measurement y(j)

k of the yeast in bottle j using
lab-based equipment. The experiments are repeated for 5

times. Table I summarizes the parameters for the models
(3) and (4) used in the experiments.
Experiment Results and Performance Analysis: To assess
the performance of the greedy adaptive policy µ, at each time
index k in {1, · · · , 8}, we compute the conditional entropy
h(x1:8 |ySµ

1:k�1
= ySµ

1:k
, z1:k = z1:k) given the population

measurements (ySµ
1:k

, z1:k), where xk = (x

(1)
k ,x(2)

k ,x(3)
k )

and each set Sµ
k is selected according to Algorithm 1.7 The

7Note that given the measurement (ySµ
1:8

, z1:8),
the performance index (7) can be represented as
J (µ) = h(x1:8)� h(x1:8 |ySµ

1:8
= ySµ

1:8
, z1:8 = z1:8).

6771



1 2 3 4 5 6 7 8

time index

0

1

2

3

4

5

6

en
tro

py
re

du
cti

on
greedy policy µz

greedy policy µ

Fig. 5. The graph illustrates the entropy reduction for each k in {1, · · · , 8}
with policy µ and policy µz .

conditional entropy represents the uncertainty in the yeast
population x1:8 over the entire experiment period given the
measurement (ySµ

1:k
, z1:k). Fig. 5 depicts the reduction in the

conditional entropy with respect to h (x1:8), averaged over
the 5-experiment trials.

In addition to illustrating the performance of the policy
µ determined by Algorithm 1, we compute another greedy
policy µz from the set Uz (see (13)) to see how the
performance of greedy-based heuristics changes based on
the amount of information that the heuristics depend on.
The greedy policy µz assigns each set Sµz

k according to
Algorithm 1 where Line 4 is substituted with

jg  arg max

j2{1, ··· , M}\Sµz

k

I(x1:N ;y

(j)
k |yS1:k�1 ,ySµz

k
,

z1:k = z1:k)

To assess the performance of µz , we compute the conditional
entropy

h(x1:8 |ySµz

1:k
, z1:k = z1:k)

given the sampling location sets and sensor data (Sµz

1:k, z1:k).
Fig. 5 depicts the reduction in the conditional entropy with
respect to h (x1:8), averaged over the 5-experiment trials.
Notice that the greedy policy µ, which depends on both the
measurements and sensor data, outperforms the greedy policy
µz which only depends on the sensor data.

VII. CONCLUSIONS

We have investigated designing adaptive policies in an
adaptive sensor selection problem. The main contributions of
this paper are to define greedy adaptive policies and establish
the performance bound on greedy policies. For this purpose,
we have defined a particular class UD of policies satisfying
the diminishing property and optimality conditions, and
showed that the performance of greedy policies is lower
bounded by 1

2 of that of the best policy within the class UD.
As future work, we will identify types of adaptive policies
belonging to UD with respect to various stochastic models.
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