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Abstract: Distributed networked sensor systems have a potential applicability for developing
a slope disaster monitoring system. A low energy consumption property and an eventual
long running life are an important issue in this type of outdoor application. This paper
proposes a probabilistic strategy to turn on/off each sensor node that could reduce an entire
amount of consuming energy over the network. Effectiveness of the proposed probability
assignment strategy is evaluated through numerical experiments, and convergence property is
also investigated.
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1. INTRODUCTION

Distributed networked sensing and control systems have
a significant potential applicability in a broad range of
areas Gharavi and Kumar (2003), Hespanha et al. (2007).
This paper focuses on an application of the sensor net-
work technology to a slope disaster detection problem,
which have gained much interest in recent years Schwab
et al. (2007), Mehta et al. (2007), Ramesh (2009), Terzis
et al. (2006), Kim and Han (2008) and also in Japan
as well Kitamura (2007), Chigira (2006), Ikegawa et al.
(2009), Fukagawa et al. (2008), Nishiyama et al. (2008),
since we have large highway and railway systems passing
through a mountain area, and preventing a loss of life and
property due to a slope failure is a significant issue.

The entire sensor network for the slope disaster detection
consists of sensor nodes which are equipped with sensing
and communication capabilities, where the sensor can
measure potential indices of slope failure take place such
as, for example, amount of deformation and soil-water.
Corrected data will be sent to a base station through
wireless interactions between the nodes, and each sensor
node can also generate an alert signal to a facility manager
in case of emergence. A distributed sensor network system,
which can be used for the slope disaster detection, is
required to have abilities to precisely measure the potential
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indices of slope failure and fast response, i.e., a small
time delay in sending an alert message. As well as these
fundamental requirements, a low energy consumption and
an eventual long running life are an important property,
since the network may be installed in a mountain area, and
having a frequent maintenance such as changing power
supply batteries is difficult. As an example, our field
experiment study along the Japanese highway systems
in Koizumi et al. (2012a) have reported that a specific
sensor node has worked for four months with two C-size
alkali butteries, and, in our current field experiment study
in Koizumi et al. (2011), Koizumi et al. (2012b), a new
hardware node device is running with lithium-ion batteries
and is expected to work for more than two years. However,
the running life is still not enough for a real practice, and
we need to develop a management technique of each node
device that can realize a reduced amount of consuming
energy and consequently long running life.

Reducing the energy consumption of wireless communica-
tion devices can be investigated via efficient Media Access
Control (MAC) and routing protocol designs Miller and
Vaidya (2005). Another approach can be formulated as a
sensor selection problem, where a state estimation problem
under the communication bandwidth constraint due to a
limited energy supply rate is considered. Efficient sensor
selection strategies that minimize a certain cost function,
usually related to the state estimation error, can be found
in Jia et al. (2012), Mo et al. (2011), Shi et al. (2008),
Gupta et al. (2006) and references therein.



This paper investigates the problem of reducing the
amount of consuming energy over the sensor network in
a different and more straightforward setting. In the slope
disaster detection problem, each node is equipped with a
sensor that can detect a precise value of potential slope
failure index, i.e., the sensor can measure a precise value
of land deformation or an amount of soil-water at a specific
location where the node is located. If a high possibility of
the slope failure take place was detected, the node can
immediately generate an alert signal. Because of this, we
do not need to formulate a state estimation problem and
can consider a straightforward procedure to reduce the
amount of consuming energy such that turning off the
sensing or communication capability of the specific node
that is located at a point at which there is a low potential
possibility of slope failures. More specifically, we propose
a probabilistic turn on/off strategy of each sensor node,
and if a sensor node detected a low slope failure index,
then the node will turn on its sensing capability with a
low probability in the subsequent time period. On the
other hand, the sensing capability will be turned on with
a high probability, if the node detected a high index of
slope failure, and this high value of activation probability
is also propagated through interactions between the nodes
in order to awake the neighboring nodes and obtain a
more precise data. Since a centralized operation for a large
size network of sensors such as this application for slope
disaster detection is not realistic, we propose a distributed
probability assignments strategy, and each sensor node
decides its subsequent action in distributed fashion uti-
lizing corrected data from its neighboring sensors only.
Effectiveness of the proposed strategy is evaluated through
numerical experiments, and it shows that a resulting as-
signed activation probability can track a time evolution
of unknown time-varying slope failure potential index.
This paper also investigates the convergence property of
the proposed algorithm. An experimental evaluation of
the proposed algorithm using hardware devices have been
reported in Hirata et al. (2013).

The reminder of this paper is organized as follows. The
problem formulation is described in Section 2. In Section 3,
we introduce the activation probability assignment prob-
lem. We propose specific probability assignment strategies
in Section 4. In Sections 3 and 4, for the sake of sim-
plicity, we consider the problem that involves activation
or deactivation of the sensing capability only. An actual
node device in our practice has sensing and communication
capabilities. A generalized problem that involves activa-
tion or deactivation of both sensing and communication
capabilities is considered in Section 5. Section 6 investi-
gates the convergence property of the proposed algorithm.
Concluding remarks are given in Section 7.

2. PROBLEM FORMULATIONS

We start by providing a basic notation, and the readers can
refer to Fig. 1 . Let S ⊂ R2 be a bounded field of interest,
where the sensor nodes are deployed. Let R+ denote the set
of non-negative real numbers, and consider an unknown
time-varying potential function φ : R+ × S → [ 0, 1 ].
One can regard φ as a function measuring the potential
possibility that slope failures take place over the field. The
larger the value φ(t, v), the higher probability of slope

failure takes place at time t ∈ R+ and location v ∈ S.
We undensely deploy a finite number of sensor nodes
over the field S that having sensing and communication
capabilities. A primal purpose of this sensor network is to
detect a high value of the unknown potential function φ
and make an alert signal. A possible rational strategy for
this purpose is to turn on every sensor node at every time
instance and correct the all possible data. However, this
strategy consumes the largest amount of energy, and a long
running life of each sensor node is a considerably important
issue in this type of outdoor application. Our main interest
in this paper is on an activation algorithm of sensing and
communication capabilities of each sensor node, and we
intend to reduce an amount of consuming energy as well as
preventing a serious shortage of the amount of meaningful
observed data.

Fig. 1. A bounded rectangle region indicates the field S
of interest. A curved surface indicates the unknown
time-varying potential function φ, which is defined
on the field S and can be regraded as a function
measuring the potential probability that slope failures
take place over the field. The sensor nodes Pi, i ∈
N are located at the points indicated by circles,
and a communication topology is described by the
undirected edges between sensor nodes.

A group of sensors P = {Pi| i ∈ N}, N = {1, . . . , n} are
deployed over the field S. Let vi ∈ S, i ∈ N denote the
specific located point of Pi, and we also set V = {vi| i ∈
N}. Let Z+ denote the set of non-negative integers. At
each time step t ∈ Z+, each sensor node is potentially
allowed to interact with a group of other sensors, who
are referred to as the neighbors of Pi, and we denote by
Ni ⊂ N the set of indices of the neighbors of Pi and |Ni|
the number of elements in Ni. The interaction topology
between sensor nodes is described in terms of undirected
graph G(V,E) with the set of nodes V and the set of
edges E ⊂ V × V , where the set of indices Ni satisfies
Ni = {j ∈ N | (vi, vj) ∈ E} for all i ∈ N . Since we consider
undirected graph, (vi, vj) ∈ E if and only if (vj , vi) ∈ E.
We also assume (vi, vi) ∈ E for all i ∈ N , i.e., the observed
data by the node Pi can be used by itself.

Example 1. Let us consider a simple rectangle field S =
[ 1, 100 ] × [ 1, 100 ]. We deploy each sensor node Pi with
the located position vi = (4h, 4k) ∈ S, h, k = 1, 2, . . . , 25,
i = h+ 25(k − 1).

We can consider an interaction topology such that Pi

can communicate to Pi itself and the other sensor nodes
located at left, right, top and bottom of it (see Fig. 2 ).�

We suppose that each node Pi is assigned an action set
As

i , and, in our setting, the node can turn on its sensing
capability or turn off it for saving the energy. We set
As

i = { 0, 1 } for all i ∈ N , and the action si(t) = 1 ∈ As
i
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Fig. 2. A simple communication graph configuration.

implies that Pi turns on its sensing capability at time
t ∈ Z+ and si(t) = 0 implies turn off.

At every time step t ∈ Z+, each sensor node obtains an
observed data zi(t) according to a selected action si(t). We
set the sensor output equation as

zi(t) = si(t)× φ(t, vi) t ∈ Z+ i ∈ N (1)

This setting means that the node Pi with the active state
(si(t) = 1) can get an exact value of the unknown potential
function φ at time t and location vi without any effect of
observation noise. On the other hand, the output of the
sensor node with the inactive state (si(t) = 0) is recognized
as 0.

In order to get the most precise information of the un-
known potential function φ, one can set si(·) = 1 for all
i ∈ N , i.e., turn on every sensing capability at every time
instance. However, this strategy consumes battery power
even if the case φ(·, ·) ≈ 0, i.e., turning on the sensing
capability may have less meaning, since there is a very low
possibility that a slope failure takes place. On the other
hand, the case of φ(·, ·) ≈ 1 implies a high possibility of
slope failure, and we should turn on many sensors within
a neighboring locations of this specific location and get
precise data. We also could say that if the value of φ(·, ·)
is medium, it may be enough to turn on half the number
of sensors and observe data with rough degree of accuracy.

We consider an activation strategy of the sensor nodes
in the network that can handle a trade-off between the
accuracy of observation and the amount of consuming en-
ergy. An important issue in this problem is that in a large
scale networks of the sensors, i.e., the network has a huge
number of sensor nodes, a centralized decision making
is impossible. We propose a distributed decision making
algorithm where the sensor node chooses its succeeding
action by using only shared data with its neighbors.

3. ACTIVATION PROBABILITY ASSIGNMENT

We are interested in designing an activation strategy for
each sensor node that can realize a low energy consump-
tion. Our main idea is assigning an activation probability
of the sensing capability of each sensor node. As we have
discussed in the previous Section 2, in case of φ(·, ·) ≈ 1,
we would like to turn on almost all sensing capabilities at
this time instance and neighboring locations. On the other
hand, if we had φ(·, ·) ≈ 0, we need to turn off almost all
sensing capabilities and consequently save energy.

Let psi (t) ∈ [ 0, 1 ], t ∈ Z+, i ∈ N denote the activation
probability of the node Pi, and the sensor node activates
its sensing capability according to the assigned activation
probability, i.e., Pr[ si(t) = 1 ] ≈ psi (t) (see algorithms

in the following Tables 1 and 2 for details). In order to
propose a specific activation probability assignment algo-
rithm, we need to investigate a targeted activation proba-
bility assignment that can be regarded as an ideal solution
to the problem. Let q : R+ × S → [ 0, 1 ] and consider a
monotonically non-decreasing function ψs(q(t, v)) ∈ [0, 1].
The function ψs is a design parameter in our problem, and
the following two extreme examples represent a role of the
function ψs.

Let us set ψs(·) ≡ 1 and consider an activation probability
assignment as ψs

i (·) = 1 ≈ psi . This means that turn on
all the sensing capability at every time instance and every
location, and this activation probability assignment strat-
egy can get every possible data, but consumes the largest
amount of energy. Another extreme choice is ψs(·) ≡ 0,
and an activation probability assignment ψs

i (·) = 0 ≈ psi
turns off every sensing capability and never consumes
energy, but we can get no observed data. Although these
two extreme examples are useless in a practical sense, but
they represent a role of the design parameter ψs, and the
function ψs can be used to design a trade-off between
accuracy of monitoring and amount of consuming energy.

One possibly simple and straightforward choice of ψs is the
identity map, and we set ψs(φ(t, vi)) = φ(t, vi) and try to
assign the activation probability as psi (t) ≈ ψs(φ(t, vi)) =
φ(t, vi). Since a value of the unknown potential function
φ(t, vi) can not be directory used, we may need to replace
it by the observed data zi(t) in (1) or a processed data,
which are provided by the neighboring sensor nodes. In
our proposed activation probability assignment algorithm
in the following section, we regard that, for each node Pi,
realizing psi ≈ ψs is an ideal solution to our problem.

4. ACTIVATION PROBABILITY ASSIGNMENT
STRATEGY

This section considers a specific activation probability
assignment algorithm.

4.1 Initial Activation Probability

Before considering an activation probability assignment
procedure, we need to investigate how to initialize the
activation probability at time t = 0.

Preceding the actual activation of the sensor network, say
at time t = −1, we could turn on all of the sensor nodes
and obtain zi(−1) = φ(−1, vi) for all i ∈ N . Then we could
set psi (0) = ψs(zi(−1)) = ψs(φ(−1, vi)) for all i ∈ N . This
procedure requires once turn on every sensor node and
may consume a certain amount of energy. If one does not
desire this loss of energy, we could set psi (0) ∈ [ 0, 1 ] as a
random variable for each i ∈ N .

4.2 Information from the Neighboring Sensor Nodes

This section considers how to utilize information from the
neighboring sensor nodes. We first define

Ai(t) = {j ∈ Ni| sj(t) = 1} t ∈ Z+ i ∈ N (2)

The set Ai(t) consists of indices of the neighbors who are
in active sensing state (sj(t) = 1) at time t. We define the



mean value wi(t), t ∈ Z+, i ∈ N of available data in the
following manner.

wi(t) =


mi(t) =

∑
j∈Ai(t)

zj(t)

|Ai(t)|
|Ai(t)| 6= 0

psi (t) |Ai(t)| = 0

(3)

In the case of |Ai(t)| 6= 0, wi(t) is simply defined as
the mean of all available data. On the other hand, in
the case of |Ai(t)| = 0, there is no active sensor node
including Pi itself and we could obtain no meaningful data,
thus we define wi(t) as it equals to the current activation
probability psi (t).

4.3 Activation Probability Assignment Strategy

We consider an activation probability assignment algo-
rithm in Table 1. In the algorithm, each sensor node
determines its activation probability psi in a distributed
fashion by utilizing data provided only from its neighbors.

Table 1. Probability assignment strategy.

data: psi (0), i ∈ N , ψs and 0 < ε� 1.
step00: set t = 0.
step10: determine the action si(t) of the sensor node Pi with

the following probability:
Pr[ si(t) = 1 ] = psi (t) + ε(1− psi (t)).

step20: observe zi(t) and determine wi(t) according to the
actions of the neighboring sensors.

step30: update the probability as:
if si(t) = 0
psi (t+ 1) = ψs(wi(t)).

else
psi (t+ 1) = ψs(zi(t)).

step40: set t = t+ 1 and goto step10.

In step10, each sensor node decides its action si(t) accord-
ing to the assigned activation probability, where we use
psi (t) + ε(1 − psi (t)) instead of psi (t) itself. Since ε � 1,
the actual activation probability psi (t) + ε(1 − psi (t)) is
almost equal to psi (t), but the term ε(1 − psi (t)) realizes
force flip of action si(t) with very low probability defined
by ε � 1. This strategic flip of the activation probability
according to a given parameter 0 < ε � 1 is necessary to
detect a sudden generation of the potential possibility that
slope failure take place. Effectiveness of this strategic flip
can be seen in a numerical example in Sections 4.4.2 and
5.3. Each sensor node can get zi(t) and determine wi(t) in
step20, since the actions si(t), i ∈ N are already decided
in step10. In the later part of step30, the node Pi updates
its activation probability as pi(t + 1) = ψs(zi(t)), when
the node Pi turns on (si(t) = 1) its sensing capability at
time t and reliable data zi(t) = φ(t, vi) is available as (1).
On the other hand, if its sensing capability is turned off
(si(t) = 0) at time t, the node Pi uses the mean value
wi(t) to update the activation probability.

4.4 Numerical Experiments

Two examples consider the activation probability assign-
ment algorithm in Section 4.3.

Numerical Example 1 Let us consider again the deploy-
ment configuration of the sensor nodes and communication
topology in Example 1. We use the activation probability

assignment algorithm in Section 4.3 and set ψs as the
identity map and ε = 0.005.

(a) φ(50, v), v ∈ S (b) φ(150, v), v ∈ S

(c) φ(250, v), v ∈ S (d) φ(350, v), v ∈ S

(e) psi (50), i ∈ N (f) psi (150), i ∈ N

(g) psi (250), i ∈ N (h) psi (350), i ∈ N

Fig. 3. Time evolution of the unknown potential function
φ(·, v), v ∈ S and assigned activation probability
psi (·), i ∈ N with identity map ψs and ε = 0.005.

Snapshots of the time evolution of the unknown potential
function φ(t, v), v ∈ S and the assigned activation proba-
bility psi (t), i ∈ N for times t = 50, 150, 250 and 350 are
shown in Fig. 3, respectively. We can see that the assigned
activation probability psi (·), i ∈ N successfully tracks
to the unknown potential function φ(·, v) = ψs(φ(·, v)),
v ∈ S.

Fig. 4 shows the action si(t) of each node at times t =
150 and 250. Each dot indicates the active sensing state
(si(t) = 1). We can see an active sensing state at around
vi = (44, 4) in Fig. 4(a), due to the force flip according to
the parameter ε� 1.

Numerical Example 2 In this example, we set ε = 0
with the algorithm in Table 1. Thus, the algorithm does



(a) si(150), i ∈ N (b) si(250), i ∈ N

Fig. 4. Actions si(·), i ∈ N of the sensor nodes with
identity map ψs and ε = 0.005.

not introduce the force flip into the activation probability
in step10, and this example may clarify usefulness of the
parameter 0 < ε � 1. The sensor nodes deployment
configuration and communication topology are same to
Example 1, and we use the identity map as the function
ψs.

Snapshots of the time evolution of the unknown potential
function φ(t, v), v ∈ S are shown in Figs. 5(a), 5(b),
5(c) and 5(d). In this evolution of φ(·, v), v ∈ S, the
large and small rectangles do not touch and are separated
each other. The corresponding evolution of the assigned
activation probability psi (·), i ∈ N in Figs. 5(e), 5(f), 5(g)
and 5(h) tracks to the evolution of large rectangle, but
it can not detect the generation of small rectangle. Since
the two rectangles are separated and the communication
topology allows to interact with the left, right, top and
bottom sensors only, a positive activation probability
over the region of large rectangle can not propagate
to the region of small rectangle being generate. If the
communication topology allowed each node to interact
with other nodes having more distance, the algorithm
successfully catches up the sudden generation of the small
rectangle. In addition, if we set as ε > 0, the algorithm
also successfully tracks to this unknown potential function
as the numerical example in Section 5.3.

5. SENSING AND COMMUNICATION ACTIVATION
PROBABILITY

This section considers a generalized problem that involves
activation or deactivation of both sensing and communi-
cation capabilities.

5.1 Activation Probability Assignment

The actual sensor node in practice has sensing and commu-
nication capabilities. For each Pi, i ∈ N , we assign another
action set Ac

i = { 0, 1 }, which represents an activity of
communication capability. The action ci(t) = 1 ∈ Ac

i
implies that the node Pi activates its communication
channel. We denote the entire action of each node Pi as
ai(t) = (si(t), ci(t)) ∈ As

i ×Ac
i = {0, 1}2. As similar to the

sensing activation problem, let pci (t) ∈ [ 0, 1 ], t ∈ Z+, i ∈
N denote the communication activation probability. The
node Pi activate its communication capability according
to the assigned probability, i.e., Pr[ ci(t) = 1 ] = pci (t). The
function ψs in the sensing capability activation problem
can be regarded as a function measuring the importance of
sensing activity. As similar to this, we introduce a function

(a) φ(50, v), v ∈ S (b) φ(150, v), v ∈ S

(c) φ(250, v), v ∈ S (d) φ(350, v), v ∈ S

(e) psi (50), i ∈ N (f) psi (150), i ∈ N

(g) psi (250), i ∈ N (h) psi (350), i ∈ N

Fig. 5. Time evolution of the unknown potential function
φ(·, v), v ∈ S and assigned activation probability
psi (·), i ∈ N with identity map ψs and ε = 0.
By setting to ε > 0, the algorithm can successfully
track to this type of unknown potential function (see
numerical example in Section 5.3).

ψc that will represent an importance of interactions with
the neighboring nodes. We consider the following exam-
ples.

Example 2. Let us suppose that, as we have considered
thus far, the targeted sensing activation probability as-
signment psi (t) = ψs(φ(t, vi)) is realized. In the problem
of slope disaster detection considered here, in case of
φ(·, vi) ≈ 1, the nodes at a neighboring location of vi
may have small incentive to turn on its communication
capability, since the node who turn on its sensing capa-
bility (si(t) = 1) according to the assigned sensing acti-
vation probability psi (·) = ψs(φ(·, vi)) ≈ ψs(1) can obtain
a reliable data as in (1) and may not need to interact
neighbors to receive data. Similarly, in case of φ(·, vi) ≈ 0,
the nodes may also have small incentive to turn on the



(a) si(150), i ∈ N (b) si(250), i ∈ N

Fig. 6. Actions si(·), i ∈ N of the sensor nodes with
identity map ψs and ε = 0.

communication capability, because there is a small poten-
tial possibility that the slope failure take place. On the
other hand, if the value of φ(·, vi) takes medium, only a
half the number of nodes turn on its sensing capability,
and observed data is scarce. Therefore, in order to share
scarce data, the interactions between neighboring nodes
become more important. One can consider the following
candidates of the function ψc that represents the above
situations.

ψc(q(t, s)) = 4× q(t, s)× (1− q(t, s)) (4)

ψc(q(t, s)) =

{
2× q(t, s) 0 ≤ q(·, ·) < 1/2

−2× q(t, s) + 2 1/2 ≤ q(·, ·) ≤ 1
(5)

If we set q(t, v) = φ(t, v) and consider the case φ(t, v) = 1
or 0, the both ψc in (5) and (4) become 0. If the value
of φ(t, v) is 1/2, then we have ψc = 1. Therefore, if the
targeted communication activation probability assignment
pci (t) = ψc(φ(t, vi)) was realized, we have dense interac-
tions between the nodes in case of φ(t, v) = 1/2. �

Example 3. In contrast to Example 2, one may find impor-
tance on the interactions between the nodes for the case
of φ(·, ·) ≥ 1/2. The function

ψc(q(t, s)) =

{
2× q(t, s) 0 ≤ q(·, ·) < 1/2

1 1/2 ≤ q(·, ·) ≤ 1

can be a possible candidate of ψc in this case. �

The function ψc is a design parameter in our problem
and can be used to represent importance of interactions
between the nodes. In the following probability assignment
algorithm, we regard that, for each node Pi, realizing
psi ≈ ψs and pci ≈ ψc is an ideal solution to our problem.

5.2 Activation Probability Assignment Strategy

We need to start with modifying the definition of the set
of active neighbors in (2). Let us define

Ai(t) = {j ∈ Ni| sj(t)× cj(t) = 1} t ∈ Z+ i ∈ N (6)

The set Ai(t) consist of indices of the neighbors who are
in active both sensing and communication states (ai(t) =
(si, ci(t)) = (1, 1)) at time t. The mean value of available
data in (3) is redefined as

wi(t) =


mi(t) =

∑
j∈Ai(t)

zj(t)

|Ai(t)|
ci(t) = 1 and |Ai(t)| 6= 0

psi (t) otherwise

If the node Pi activated its communication channel and
had at least one active neighbor, wi(t) is simply defined
as the mean of all available data. Otherwise, including

the case that the node Pi deactivated its communication
channel, we define wi(t) as it equals to the current sensing
activation probability psi (t).

A sensing and communication activation probability as-
signment strategy, which generalizes the algorithm in Ta-
ble 1, can be proposed as in Table 2.

Table 2. Sensing and communication activation
probability assignment strategy.

data: psi (0), pci (0), i ∈ N , ψs, ψc and 0 < ε� 1.
step00: set t = 0.
step10: determine the action ai(t) = (si(t), ci(t)) of the

sensor node Pi with the following probabilities:
Pr[ si(t) = 1 ] = psi (t) + ε(1− psi (t)),
Pr[ ci(t) = 1 ] = pci (t).

step20: observe zi(t) and determine wi(t) according to the
actions of the neighboring sensors.

step30: update the probabilities as:
if si(t) = 0
psi (t+ 1) = ψs(wi(t)),
pci (t+ 1) = ψc(wi(t)).

else
psi (t+ 1) = ψs(zi(t)),
pci (t+ 1) = ψc(zi(t)).

step40: set t = t+ 1 and goto step10.

In the algorithm in Tables 2, we do not introduce a
flip of the communication activation probability, while we
use it for the sensing activation according to the given
parameter 0 < ε � 1. The sensing capability is once
activated, the node obtains a reliable data as in (1), and
the communication activation probability is updated with
the reliable data as pci (t + 1) = ψc(zi(t)) = ψc(φ(t, vi)).
Actually, throughout our numerical experiment studies, we
confirmed that the time evolution of assigned activation
probability successfully tracks to the time evolution of
the unknown potential function, and we conclude that
a flip of the communication activation probability is not
necessarily needed.

We would like to close this subsection with the following
remark. This Section 5 considers turn on/off strategies of
the communication capability of each node from energy
consumption point of view only. Each node not only needs
to send a data, but also needs to receive and forward data
from its neighbors. We need to keep a communication
path from a specific node to the base station, especially
when this specific node generates an alert signal in case of
emergence. Thus, the problem of activating or deactivating
the communication capability should be solved under the
path keeping constraints Shi et al. (2008). For a real
practice purpose, the communication capability activation
probability assignment problem in this section may need
to have a further investigation under this path keeping
constraints.

5.3 Numerical Experiment

Let us consider again the deployment configuration of the
sensor nodes and communication topology in Example 1.
We use the sensing and communication activation prob-
ability assignment strategy in Table. 2 and set ψs as the
identity map, a positive number ε as 0.005 and the function
ψc as in (4).



(a) φ(50, v), v ∈ S (b) φ(150, v), v ∈ S

(c) φ(250, v), v ∈ S (d) φ(350, v), v ∈ S

(e) psi (50), i ∈ N (f) psi (150), i ∈ N

(g) psi (250), i ∈ N (h) psi (350), i ∈ N

Fig. 7. Time evolution of the unknown potential function
φ(·, v), v ∈ S and assigned activation probability
psi (·), i ∈ N with identity map ψs, function ψc in
(4) and ε = 0.005. We omit the figures of time
evolution of pci (·), i ∈ N , but it successfully tracks
to the time evolution of ψc(φ(·, v)), v ∈ S. A positive
ε > 0 makes possible to detect a sudden generation of
small rectangle (see and compare numerical example
in Section 4.4.2).

Snapshots of the time evolution of the unknown potential
function φ(t, v), v ∈ S and the assigned sensing activation
probability psi (t), i ∈ N for times t = 50, 150, 250 and 350
are shown in Fig. 7, respectively. Although, in contrast
to the results in Figs 3 and 5, this example only uses
non-dense communication interactions between the nodes
that is decided according to the assigned communication
activation probability pci (·), i ∈ N , we can see that
the assigned sensing activation probability psi (·), i ∈ N
successfully tracks to the unknown potential function
φ(·, v) = ψs(φ(·, v)), v ∈ S. We omit the figures of time

evolution of pci (·), i ∈ N , but it also successfully tracks to
the time evolution of ψc(φ(·, v)), v ∈ S.

(a) si(150) and ci(150), i ∈ N (b) si(250) and ci(250), i ∈ N

Fig. 8. Actions ai(·) = (si(·), ci(·)), i ∈ N of the sensor
nodes with identity map ψs, function ψc in (4) and
ε = 0.005.

Fig. 8 shows the action ai(t) = (si(t), ci(t)) of each node
at times t = 150 and 250. Each dot indicates the active
sensing state (si(t) = 1), and each edge indicates the
active communication state (ci(t) = 1 and cj(t) = 1 where
j ∈ Ni). At time t = 250, due to a high sensing activation
probability psi (250) ≈ ψs(φ(250, vi)) = φ(250, vi) = 0.9,
almost all the sensing capabilities are activated. On the
other hand, pci (150) ≈ ψc(φ(150, vi)) and ψc(φ(150, vi)) =
ψc(0.5) = 1 establish a dense interactions between the
nodes at time t = 150.

6. CONVERGENCE ANALYSIS

This section investigates convergence property of the pro-
posed algorithm. We apply the standard Lyapunov argu-
ment and will see that the Lyapunov function defined for
each Pi is ultimately bounded. For the sake of simplicity
of notations, we consider the algorithm in Table 1 with
the identity map ψs, but the extension to the case of both
sensing and communication probability assignment with
the algorithm in Table 2 is straightforward.

Let us suppose that there exists t0 ≥ 0 such that the
unknown time-varying function φ(t, v) converges to some
constant value for all t ≥ t0 and all v ∈ S. For each i ∈ N ,
we set

φ(t, vi) = φi for all t ≥ t0
Theorem 1. For each i ∈ N , let us define Vi(t) = (psi (t)−
φi)

2 and E[·] denote the expectation. We have

lim
t→∞

E
[
Vi(t) | psj(t− 1), j ∈ Ni

]
≤ 1− ε

ε
max
k∈N−i

(φk − φi)2

where N−i = Ni \ {i}. �

Let us set ui = maxk∈N−i
(φk − φi)2, and it evaluates the

largest difference between the values of unknown potential
function over the neighbors in Ni. Theorem 1 concludes
that if the variation of unknown potential function φ
was moderately small or the sensor nodes ware densely
deployed, the expectation of (psi (t) − φi)2 converges to a
sufficiently small value.

The remaining of this section proves Theorem 1. For each
Pi, i ∈ N , let psj(t), j ∈ Ni, t ≥ t0 be given sensing
activation probability of its neighbors. According to the
algorithm in Table 1, we have the evolution of psi as



psi (t+ 1) =



φi with probability psi (t) + ε(1− psi (t))
mi(t) with probability

(1− ε)((1− psi (t))−
∏
j∈Ni

(
1− psj(t)

)
)

psi (t) with probability

(1− ε)
∏
j∈Ni

(
1− psj(t)

)
Let us consider a candidate Lyapunov function Vi(t) =
(psi (t)− φi)2, and, by substituting psi (t+ 1), we have that

E
[
Vi(t+ 1)− Vi(t) | psj(t), j ∈ Ni

]
= (mi(t)− φi)2 × (1− ε)((1− psi (t))−

∏
j∈Ni

(
1− psj(t)

)
)

+ (psi (t)− φi)2 × (1− ε)
∏
j∈Ni

(
1− psj(t)

)
− Vi(t)

≤ (mi(t)− φi)2

× (1− ε)((1− psi (t))−
∏
j∈Ni

(
1− psj(t)

)
)− εVi(t)

where we use−1+(1−ε)∏j∈Ni

(
1− psj(t)

)
≤ −ε. From the

definition of ui and (1− pi(t))−
∏

j∈Ni
(1− pj(t)) = (1−

pi(t))(1−
∏

j∈N−i
(1− pj(t))) < 1, we further have

E[ Vi(t+ 1) | pj(t), j ∈ Ni ] ≤ (1− ε)Vi(t) + (1− ε)ui
According to the standard comparison principle for
discrete-time systems Sugiyama (1970), we have

E[ Vi(t) | pj(t− 1), j ∈ Ni ] ≤ xi(t) t ≥ t0
where xi(t) is the solution to the initial value problem

xi(t+ 1) = (1− ε)xi(t) + (1− ε)ui x(t0) = Vi(t0)

Thus, we have

E[ Vi(t) | pj(t− 1), j ∈ Ni ] ≤ (1− ε)t−t0Vi(t0)

+

t−1∑
k=t0

(1− ε)(k−t0+1)ui

Since (1 − ε) < 1, by letting t → ∞, we have
∑t−1

k=t0
(1 −

ε)(k−t0+1) = limt→∞
∑t−1−t0

k=0 (1− ε)(k+1) = (1− ε)/ε, and
this concludes the theorem.

7. CONCLUSIONS

This paper addressed a design of operating function of
a distributed sensor network for slope disaster detection.
We considered a low energy consumption property of the
entire sensor network and proposed a probabilistic turn
on/off strategy of each sensor node. The proposed algo-
rithm assigns the activation probability for each sensor
node according to the observed slope failure index, and
this probability assignment strategy can be realized in a
distributed fashion. Effectiveness of the proposed strat-
egy was evaluated through numerical experiments, and
the results showed that a resulting assigned activation
probability can track a time evolution of the unknown
time-varying slope failure potential index. This paper also
investigated convergence property of the proposed algo-
rithm. We applied the Lyapunov argument and showed
the ultimate boundedness of the Lyapunov function. An
experimental evaluation of the proposed algorithm using
hardware devices have been reported and can be found
in Hirata et al. (2013).
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