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Abstract—When emergencies happen, navigation services that guide people to exits while keeping them away from emergencies are
critical in saving lives. To achieve timely emergency navigation, early and automatic detection of potential dangers, and quick response
with safe paths to exits are the core requirements, both of which rely on continuous environment monitoring and reliable data
transmission. Wireless sensor networks (WSNs) are a natural choice of the infrastructure to support emergency navigation services,
given their relatively easy deployment and affordable costs, and the ability of ubiquitous sensing and communication. Although many
efforts have been made to WSN-assisted emergency navigation, almost all existing works neglect to consider the hazard levels of
emergencies and the evacuation capabilities of exits. Without considering such aspects, existing navigation approaches may fail to
keep people farther away from emergencies of high hazard levels and would probably encounter congestions at exits with lower
evacuation capabilities. In this paper, we propose SEND, a situation-aware emergency navigation algorithm, which takes the hazard
levels of emergencies and the evacuation capabilities of exits into account and provides the mobile users the safest navigation paths
accordingly. We formally model the situation-aware emergency navigation problem and establish a hazard potential field in the
network, which is theoretically free of local minima. By guiding users following the descend gradient of the hazard potential field, SEND
can thereby achieve guaranteed success of navigation and provide optimal safety. The effectiveness of SEND is validated by both
experiments and extensive simulations in 2D and 3D scenarios.
Index Terms—Emergency navigation, situation-aware, sensor networks, exit capability, hazard potential field
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INTRODUCTION

B

ENEFITING from recent advances in wireless sensor network (WSN) technologies, large-scale deployment of
WSNs has become viable and affordable [1], [2], [3], [4], which
ever used to serve as an increasingly popular platform to
engage continuous environment monitoring [5], [6], [7], [8].
Recently there is a trend to incorporate WSNs into emergency
navigation systems [9], [10], [11], [12], aiming at providing
early and automatic detection of potential dangers, such as
geologic disasters, wildfire hazards and oil/gas leakages, and
navigating people to safe exits while keeping them away
from emergencies.
This work considers such a WSN-assisted emergency
navigation problem by utilizing the sensor network infrastructure as a cyber-physical system. In this mobile scenario,
people are equipped with communicating devices like
mobile phones that can talk to the sensors. When emergencies happen and mobile users are trapped in the field, the
sensor network explores the emergencies and provides
necessary guidance information to the mobile users, so that
the users can be eventually guided to safe exits through
ubiquitous interactions with sensors.
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Although many WSN-assisted emergency navigation
methods have been proposed [9], [10], [11], [12], [13], [14],
[15], almost all existing approaches equally regard the hazard levels of different emergencies, as shown in Fig. 1a. As
elaborated in [16], [17], different emergencies could occur
concurrently with each corresponding to a specific hazard
level. Considering a field with poisonous gas leakage, the
hazard levels of emergencies are closely related to the poisonousness of the leaked gas. For instance, chlorine gas is
much more fatal than carbon monoxide [18]. Furthermore,
different sizes of leakage holes lead to different amounts of
gas leakage per unit time. Therefore, when planning emergency navigation paths, people should be kept farther away
from chlorine compared with carbon monoxide. A similar
idea has been elaborated in the field of chemical process
safety [19]. The navigation approaches without considering
different hazard levels of emergencies may fail to provide
necessary protection in the navigation process.
Another limitation of existing works is that the evacuation capabilities of exits are generally assumed to be equal.
When there are more than one safe exit, which is very common in reality, existing methods [9], [12], [13], [14] simply
guide people to the nearest one for the sake of timeliness,
as shown in Fig. 1c. Such strategy would probably guide a
majority of people to the same exit, which potentially
causes extreme congestions at the exit and significantly
prolongs the emergency navigation time while leaving
other exits of low usages. This can be confirmed according
to an investigation report in 2015 from ACT Emergency
Services Agency [20], that over 46 percent of victims in
high-rise apartment fire crash in Europe are killed in the
congestions near the exits, which keep off their last hope
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Fig. 1. Illustration of situation-aware emergency navigation with a
2D WSN. The emergency navigation paths when (a) there are equal
hazard levels of emergencies, (b) the hazard level is higher at the red
marked area and lower at the yellow marked area, (c) the two exits have
equal evacuation capabilities, and (d) one exit has higher evacuation
capability than the other.

for survival. Hence, it is rather necessary to take the evacuation capabilities of exits into consideration during the
emergency navigation.
Therefore, we can arrive at the plain fact that a practical
and efficient emergency navigation scheme should be
situation-aware, which means that we should take into consideration both the hazard levels of concurrent emergencies,
as shown in Fig. 1b, and the evacuation capabilities of exits,
as shown in Fig. 1d.
Despite its importance, on the down side, we capitalize
that it is not straightforward to design such a situationaware emergency navigation. It is non-trivial to directly
extending existing methods [9], [10], [15] which inherently
aim at navigating users along the paths with equal distances
to emergencies. The main challenge here is how to define
the safety properly, incorporating the impacts of both different hazard levels of emergencies and different capabilities
of the exits at the same time.
Let us take the road map based navigation approach [10],
[15] (RMN for short) for instance. RMN first builds the road
map by connecting the medial axis (a path with equal
distance to the hazards) of the network, with a tail route connecting the exits, and then guides users along the road map
with preset directions on the road segments. To incorporate
the impact of different hazard levels of emergencies, the
medial axis may be built as the weighted medial axis (e.g., by
assigning different weights to the distances to different hazards to reflect different hazard levels). However, it is still difficult to incorporate the impact of different capabilities of the
exits at the same time. For one thing, the evacuation capability
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of an exit represents the safety level instead of the hazard
level, but a unified treatment is far from ready-made. For
another, it is not easy to extend the way of direction identification on the backbone, such that the direction can divert the
flows to exits in accordance with their capabilities.
To address the above issues, in this paper, we present
SEND, a situation-aware emergency navigation algorithm,
which takes the hazard levels of emergencies and the evacuation capabilities of exits into account and provides the mobile
users the safest navigation paths accordingly. Motivated by
the fact that the natural gradients of some physical quantities
always follows a natural diffusion law, e.g., water always
flows from the place with a higher gravity potential to that
with a lower gravity potential, we thus propose to model the
hazard levels of emergencies and the evacuation capabilities
of exits as hazard potentials with positive and negative
values, respectively. Then we establish a hazard potential
field in the network, which is theoretically free of local
minima. By guiding users following the descend gradient of
the hazard potential field, our method can thereby achieve
guaranteed success of navigation and provide optimal safety
to users. Fig. 2 shows an example of the resulted potential
fields and navigation paths by SEND in scenarios of Fig. 1.
To the best of our knowledge, SEND is the first situationaware emergency navigation scheme, considering the impacts
of both the hazard levels of emergencies and the evacuation
capabilities of exits. It is fully distributed and does not require
any location information. It is more robust to emergency
dynamics since the constructed hazard potential field reflects
more global properties of the underlying connectivity. Both
small-scale testbed experiments and extensive simulations on
large-scale WSNs, in both 2D and 3D scenarios, validate the
effectiveness and efficiency of SEND.
The remainder of this paper is organized as follows. We
present the theoretical foundation in Section 2 and elaborate
on our approach in Section 3, with further discussions in
Section 4. We implement SEND on a small-scale testbed in
Section 5, and present the experiment results in Section 6.
Extensive simulations with large-scale networks are conducted in Section 7, and the related works are presented in
Section 8. Finally Section 9 concludes this paper.

2

THEORETICAL FOUNDATION

In this section, we propose a unified model to quantify the
safety in both 2D and 3D continuous domains. To clarify,
we may use hazard instead of safety to describe emergencies, which is more intuitive to depict emergencies than
safety, and is the opposite aspect of safety. We first define
single point hazard to quantify the hazard of an arbitrary
location in the considered area. Then, we investigate the
mean value property of the hazard potential field, which is
derived from the single point hazard. Note that the mean
value property is the theoretical foundation to transfer
safety definition to discrete domain (WSNs), as will be discussed in Section 3. At last, we formally define the objective
of our emergency navigation algorithm.

2.1 Network Model
We consider a field where there may be different emergency
events and multiple exits with different evacuation
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Fig. 2. Illustration of the hazard potential fields and the navigation paths in scenarios of Fig. 1. The solid red rectangles are emergency nodes; the solid
green rectangles are exit nodes; nodes marked in yellow represent trapped users. The hazard potential field and navigation path computed by SEND
when (a), (b) the emergencies have equal hazard levels, (c), (d) the emergencies have unequal hazard levels (the top-left emergency has a higher hazard potential), (e), (f) the exits has equal capabilities, and (g), (h) the exits has unequal capabilities (the upper exit has a larger evacuation capability).

capabilities. People inside the field are anticipated to be
immediately navigated to appropriate exits while being far
away from emergencies in proportion to corresponding
hazard levels. Specifically, the emergency navigation paths
are expected to be farther away from areas with higher hazard levels, and more people should be guided to exits with
higher evacuation capabilities. On the basis of these observations, we thus formulate the navigation problem as a
path planning problem.
Let R denote a 2D or 3D continuous open space, which
represents the field of interest. Inside R, there exist n safe
exits, which are located at points Pe ¼ fpie j i ¼ 1; 2; . . . ; ng.
Each exit is assigned a weight based on its evacuation capability. Suppose that in R, there are m emergencies occurring at
points Pd ¼ fpjd j j ¼ 1; 2; . . . ; mg. Each emergency is also
assigned with a weight based on its hazard level. We denote
the set of weights of exits and emergencies by We ¼ fwie j i ¼
1; 2; . . . ; ng and Wd ¼ fwjd j j ¼ 1; 2; . . . ; mg, respectively.
Table 1 summarizes the notations used in our model.

2.2 Single Point Hazard
An emergency navigation problem is essentially to find the
optimal emergency navigation paths in terms of safety.
Quantifying the safety of a path is equal to quantifying the
hazard of a path, which is closely related to emergency. In
the following, we first fucus on the hazard of an arbitrary
point in the field of interest, which is the basis of finding the
safest navigation path.
Hazard Intensity. To quantify the hazard of a location,
we introduce a novel metric called hazard intensity, which
is based on the observation that for an internal user, one
may feel more hazardous threat when getting closer to
emergencies, and would feel safer when getting closer
to exits. Furthermore, the feeling should be a vector that
has the ability to describe the direction of the hazardous
event. Fig. 3 shows an illustration of this simple
observation.

TABLE 1
Notation Summary
Symbol
R
Pd
Pe
jpqj
!
pq
Wd
We
GðV; EÞ
V
E
Vd
Ve
Vn
F ðvÞ

Definition
a continuous open space in 2D or 3D
the set of points where emergencies occur
the set of points where safe exits locate
the euclidean distance between points p and q
the vector connecting the points p and q
the set of weights of safe exits
the set of weights of emergencies
a sensor network as an undirected graph
the set of sensor nodes
the set of the links between neighbor sensors
the set of sensors with hazardous readings
the set of sensors located at exits
the set of sensors with normal readings
the hazard potential function of sensor node v

Fig. 3. Our observation: the user feels safer if he/she is farther away from
the danger and closer to the exit.
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It is noticed that this observation has been validated by
U.S. Geological Survey EROS Data Center and U.S. Forest
Service, both of which take Fire Potential Index (FPI) as a
way to evaluate the forest fire hazard feeling [21]. It is indicated that, the emergencies with higher hazard levels have
higher probability to jeopardize the users and the exits with
higher evacuation capabilities yield higher probability for
users to get evacuated.
Inspired by the observation, we remark that any function
can be used to represent the hazardous threats, as long as it
is reversely proportional to the Euclidean distance between
the emergencies. Accordingly, we define a metric, hazard
!
intensity I ðpÞ, which quantifies the hazardous threat at
point p as follows:
!j
!i
m
n
X
X
pp
ppe
!
wj jd 3 
wi
:
I ðpÞ ¼
i j3
jpp
j
jpp
j¼1
i¼1
e
d

(1)

Obviously, the hazard intensity satisfies superposition
principle. In other words, the hazard intensity at point p
induced by multiple emergencies and exits is the sum of the
responses that would have been caused by each stimuli
separately.
Hazard Potential. The hazard intensity reflects only an
instant feeling of the user, which is not enough to quantify the
hazard of a single point. To this end, we introduce a function
called hazardous potential FðpÞ, which represents the total hazardous intensity one user has starting from infinity and ending at point p. We choose infinity as a common reference point
to evaluate the hazard potential in different spaces. Therefore,
we define the hazard potential FðpÞ of point p as follows:
Z p
!
I ðlÞ dl:
(2)
FðpÞ ¼
1

The hazard potential describes the cumulative hazard
intensity that the user should take when moving from p to
infinity. Accordingly, the difference of hazard potential
FðpÞ  FðqÞ between points p and q can well measure which
point is more dangerous to the user. Specifically, a positive
value of the difference of hazard potential indicates a higher
chance of the user at p to be harmed than at q. Therefore, the
hazard potential can be used as a tool to quantitatively
measure the amount of hazard of a single point.

2.3 Hazard Potential Field
Armed with the definition of single point hazard, we are
now able to define the hazard potential field in a continuous
space, which plays an essential role in finding the safest
paths for trapped users.
Based on Eqs. (1) and (2), a hazard potential field F in a
continuous space R satisfies
rFðpÞ ¼ IðpÞ:

(3)

According to Gauss’s Law, the potential field F satisfies Laplace’s equation [22]:
rIðpÞ ¼ r2 F ¼ 0:

(4)

Note that the function satisfying Laplace’s equation is called
harmonic function and has the mean value property.
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Mean Value Property. If Bðp; rÞ is a ball with the center at
point p and the radius of r in the open space R, then the
value of FðpÞ at the center of the ball is given by the average
value of F on the surface of the ball. In addition, FðpÞ is also
equal to the average value of F in the interior of the ball.
Accordingly, we have
Z
1
F dd;
(5)
FðpÞ ¼
jBðp; rÞj Bðp;rÞ
where jBðp; rÞj is the volume of the ball in R and d is the surface measure.
The mean value property implies that the hazard potential of a point in R can be easily calculated with information
of the points within a disk of an arbitrary radius r. This
property naturally fits the well-known unit disk graph
(UDG) communication model [23] in WSNs. Thus we can
take advantage of the mean value property of the hazard
potential field to solve the proposed safest path planning
problem in a fully distributed manner, by utilizing only the
information of node’s one hop neighbors.

2.4 Path Hazard Metric and the Safest Path
We are interested in finding the safest path from an arbitrary point p 2 Pn to an appropriate exit pje 2 Pe . The primary challenge of such problem is to choose the safest path
among huge amounts of paths, which start from p and end
at pje . So in the first step, we have to design a path hazard metric to quantify the hazard of a path. As we discussed before,
the location of point p is more harmful to the user than that
of point q if FðpÞ > FðqÞ. Intuitively, the hazard of a path
can be quantitatively measured as the maximum hazard
potential of the points on the path. Therefore, we can define
the hazard of a path C as
DðCÞ ¼ max fFðpÞj; p 2 C g:

(6)

Our objective is to find the safest path C  from point p to
point pje , such that the maximum hazard along the path is
minimum, i.e.,
C  ¼ arg min DðCÞ:
C

(7)

Although we have this guideline to select the safest path
among all possible paths, we still face several problems to
implement it in discrete WSNs where many constrains are
needed to be considered. We will discuss this in the next
section.

3

SEND ALGORITHM

Based on the aforementioned theoretical foundation in continuous domains, in this section, we further describe the
details of SEND algorithm in discrete sensor networks. We
first define hazard potential field in the network, which is
the discrete counterpart of hazard potential field in continuous domains. Then we propose an iterative method to establish the hazard potential field by sensor readings in a fully
distributed manner. Based on the established hazard potential field, we next propose a path selection method and
theoretically prove that the selected paths guarantee successful navigation and are optimal in terms of safety. We
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also propose a scheme to accelerate the establishment of the
hazard potential field, in order to achieve timely emergency
navigation.

3.1 Hazard Potential Field in Sensor Networks
A relatively dense sensor network can be viewed as a
discrete approximation of a continuous space R. The
sensor network is then modelled as an undirected graph
GðV; EÞ, where V is the set of vertices that represent the
sensor nodes, and E denotes the set of edges that represent the communication links between sensor nodes. Let
Vd denote the sensors with hazardous readings, Ve the
sensors at the exits, and Vn the remaining sensors with
normal readings.
We first define the hazard potential field in discrete
WSNs. According to the mean value property of the
hazard potential field in Section 2, the hazard potential
function F ðvÞ of a sensor node v satisfies the following
equation:
F ðvÞ ¼

X
1
F ðvÞ; v 2 Vn ;
jNðvÞj u2NðvÞ

(8)

where NðvÞ is the set of neighbor nodes of node v and jNðvÞj
is the cardinality of NðvÞ.
However, when emergencies occur across the sensor
field, only the sensor nodes near the emergencies and exits
have abnormal readings. It is not easy for the hazard potential functions of all sensors to satisfy Eq. (8). Therefore, we
need to distribute these readings to the whole network and
establish the hazard potential field.

3.2 Iterative Hazard Potential Field Establishment
Based on the mean value property, we propose an iterative
method to distribute abnormal readings to the network and
establish the hazard potential field in a fully distributed
manner. To be more concrete, when there is no emergency,
each node v 2 Vn is assigned a hazard potential value as 0,
while each sensor v 2 Ve is assigned a negative hazard
potential value reversely proportional to its capability.
When the emergency happens, each sensor v 2 Vd will set
its hazard potential value with a positive value proportional
to the hazard level of its reading.
Theoretically, the hazard potential of the sensor v 2 Vd
could be any positive number, and a larger potential represents a larger hazardous reading; likewise, the potential of
the sensor v 2 Ve could be any negative number, and a
larger potential represents a smaller capability. In our
implementation, the potential of the sensor with a hazardous reading is set in ½0; 1, while the potential of the exit is
set in ½1; 0. For example, in the experiment in Section 6,
we set the potential of the sensor with a small (resp. large)
hazardous reading with 0:5 (resp. 1), and the potential of
the small (resp. large) exit with 0:5 (resp. 1).
At first, every sensor v 2 Vn [ Ve has set its hazard potential value. When the emergency happens, every sensor
v 2 Vd begins to set its hazard potential value. At this time,
the potentials of the sensors with hazardous readings, the
exits and other sensors with normal readings are positive,
negative and zero, respectively. When the hazard potential
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function F ðvÞ of v 2 Vd [ Ve is fixed, every sensor v 2 Vn conducts the iteration as follows:
F ðkþ1Þ ðvÞ

X
1
F k ðvÞ; v 2 Vn :
jNðvÞj u2NðvÞ

(9)

According to Dirichlet boundary condition [22], this iterative process will finally converge if the hazard potential
F ðvÞ at the position of v 2 Vd [ Ve is set to be constant. Once
the hazard potentials of all nodes in the network are stable,
the final F ðvÞ is the hazard potential of node v 2 V , and it
satisfies Eq. (8).

3.3 Safest Paths Identification
With the established hazard potential field in the sensor network, it is straightforward to select the safest paths among
all possible paths that link the internal users and safe exits.
In particular, every user initiates the path selection by communicating to a nearby sensor node v 2 Vn with a normal
reading, which then selects a neighbor node u 2 NðvÞ with
the smallest hazardous potential F ðuÞ among its neighbors
and sets it as the next destination node. By repeating this
process, the emergency navigation path comes into being
and is guaranteed to reach the sensor at the location of one
exit. This process can then be expressed as
SðvÞ ¼ arg min F ðuÞ;
u2NðvÞ

(10)

where SðvÞ denotes the next destination node of the current
sensor v.
There are two salient properties for the paths selected in
this manner as follows.

Theorem 1. The emergency navigation paths selected by the proposed method guarantee successful navigation.
Proof. Given the established hazard potential field in the sensor network, the hazard potential F ðvÞ of any node v 2 Vn
satisfies Eq. (8), which means the hazard potential F ðvÞ is
the mean value of the hazard potential among the neighbors
of v. Note that according to the min-max principle [24], in
our case where there are several fixed positive hazard
potentials (of nodes in Vd ) and negative hazard potentials
(of nodes in Ve ), there is no plateau region where all the
neighbors have the same hazard potentials with v. Therefore, the hazard potential field is guaranteed to be free of
local minima except for the hazard potentials of nodes in Ve .
As a result, all the generated paths starting from any node
v 2 Vn in the field will only end at the exit nodes vj 2 Ve
which are the global minima. Thus, Theorem 1 holds.
u
t
Theorem 1 shows that the selected paths provide users
guaranteed successful navigation. Each user in the field will
never be trapped when emergencies happen. Only the
guaranteed successful navigation is not sufficient for the
safety of users. Therefore we next show by the following
theorem that the selected paths also provide optimal safety.

Theorem 2. The navigation paths selected by the proposed
method are optimal in terms of safety.
Proof. In Section 2, we elaborate on the quantification problem of the safety of a path. The safety of a path is the
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opposite aspect of the hazard of a path. If we can prove
that the paths selected by the proposed method provide
the least hazard, then the paths are optimal in terms of
safety. Considering a path C that starts from point p and
ends at exit point vj 2 Ve , the maximal hazard potential
on C is at the initial point p according to Eq. (8). In line
with the path selection method, the selected paths always
go along the direction of the gradient of the hazard potential field. As a result, the point with the maximum hazard
potential on the path C is the starting point p. In other
words, the path hazard metric DðCÞ equals F ðpÞ at the
initial node p of the selected path. Accordingly, there are
no paths having the same starting and ending points
while at the same time with smaller DðCÞ than the
selected paths. Therefore the navigation paths selected by
the proposed method provide the least hazard and thus
are optimal in terms of safety.
u
t
Theorem 2 guarantees the safety of the paths selected by
the proposed method. The above two theorems together
prove that the emergency navigation paths selected by our
method are the safest for the emergency navigation of the
trapped users. Fig. 2 shows the established hazard potential
field as well as the generated safest paths of our algorithm
in different scenarios.

3.4

Accelerated Hazard Potential Field
Establishment
As emergency navigation is a time critical application, we
need to pay special attention to the time consumed on path
planning. Centralized methods such as Gauss Seidel
method [25] are able to speed up the convergence; however,
they can not work in a distributed manner and require a
relatively long time to collect all the sensor data to a sink.
Based on the local information of each sensor node, we
consider to utilize the multi-step forward prediction technique
to boost the hazard potential field establishing process.
The key idea of the accelerated method is to estimate the
multi-step forward iterative value of each sensor based on a
small amount of preceding iterative hazard potential
function values. By extrapolation, we can then predict the
multi-step forward hazard potential function value of each
sensor. As a result, the iteration process can skip over a
number of iterations, with the help of the estimated value,
and jump directly to multiple steps forward. By doing so,
we can significantly reduce the number of iterations and
thus boost up the convergence speed of the hazard potential
field establishing process.
To this end, we propose to utilize cubic extrapolation [26].
The reason why we choose cubic extrapolation is threefold.
First, we aim to design a localized protocol with the capability
to be implemented in large scale sensor networks. Cubic
extrapolation fits our requirements by using only local and
incomplete information to reduce the redundancy of the iteration. Second, the memory of each sensor in the network is limited due to the hardware constrains of the sensors. Cubic
extrapolation uses only a constant number of the past time
series to estimate multi-step forward values of the hazard
potential. Last but not least, considering the dynamics of sensing environment, cubic extrapolation is an input-adaptive
method, which is robust in dynamic environments.
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Cubic extrapolation works as follows. In the hazard
potential field establishing phase, each sensor node v memorizes a time series F 1 ðvÞ; F 2 ðvÞ; . . . ; F k ðvÞ. Let time k be
the independent variable and F k ðvÞ be the dependent variable representing the hazard potential value in the kth
round of iteration. We assume that the iterative value F k ðvÞ
can be expressed as a point on the third-order curves that
traverse at least four preceding iterative values F ki ðvÞ,
i ¼ 1; 2; 3; 4. This assumption allows us to estimate a k-step
forward value of F ðvÞ using at least four known values. The
formulation of the process thus can be expressed as follows:
F ki ðvÞ ¼ 1 ðk  iÞ3 þ 2 ðk  iÞ2 þ 3 ðk  iÞ þ 4 ;

(11)

where i ¼ 1; 2; 3; 4, indicating that we have four unknown
variables along with four equations. Thus we can figure out
1 ; 2 ; 3 ; 4 without much effort, and then use them to solve
the following equation:
F k ðvÞ ¼ 1 ðkÞ3 þ 2 ðkÞ2 þ 3 ðkÞ þ 4 ;

(12)

Accordingly, we can estimate multi-step forward iterative results of F ðvÞ using only four preceding values. For
instance,
when the iteration
 1
 in Eq. (8) produces a time series
F ðvÞ; F 2 ðvÞ; F 3 ðvÞ; F 4 ðvÞ , we can get the unknown variables of f1 ; 2 ; 3 ; 4 g. Hence, in accordance with Eq. (12),
we can easily estimate the ðk þ 4Þ-step forward iterative
value F kþ4 ðvÞ of the node v, where k represents the step
length of our extrapolation. By skipping k-step iteration, the
redundancy of the iterative process of Eq. (8) is significantly
reduced and thus the hazard potential field establishment
of the whole network can be notably accelerated.

4

DISCUSSIONS

4.1 Reacting to Emergency Dynamics
Due to emergency dynamics, the hazard areas and the hazard levels of emergencies may vary from time to time. For
example, the fire area and the hazard level of fire emergency
events may increase as time goes by or decrease due to
human intervention. Then during the navigation, the hazard potential of each node will not be stable for a rapid and
safe navigation, which asks for estimating hazard speed
and hazard level changes.
To estimate the speed of hazard, we have to find out the
spread distance and the corresponding time. However, it is
quite challenging to obtain the distance and time distributedly in a WSN-assistant navigation algorithm. Estimating
the distance may need pre-knowledge of sensors location
information as well as two or more sensors exchanging their
readings, which may incur excessive communication costs,
while obtaining the time may require relatively accurate
time synchronization, which may rely on special hardware
or time synchronization algorithms. These requirements are
not suitable for resource-constrained WSNs and greatly hinder the designed algorithms from being distributed and
lightweight. Thus, theoretically modeling the hazard speed
in WSN-assistant navigation itself is still an open problem,
and asks for thorough and intensive research [9], [12].
Therefore, existing navigation approaches mainly focus on
the design of a navigation protocol, and deal with hazard
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spread by incorporating a supplementary module in the
manner of rebuilding the navigation architecture.
Unlike existing schemes, SEND takes the hazard level into
account, and thus we have to consider both hazard speed and
hazard level for avoid frequent updating the hazard potential
field. We notice that the constructed hazard potential field
reflects more global properties of the underlying hazard level
distribution (i.e., nodes more closer to the hazard have higher
hazard potential values, see Fig. 2), and thus SEND is
more robust, to a certain extent, to hazard spread, since the
navigation path provide the least hazard (proved by
Theorem 2). Moreover, in our scenario, we assume hazard
speed is less than peoples moving speed (otherwise, it may be
impossible for a navigation algorithm to guide people near
the hazard out of danger, e.g., in a terrorist bombing incident).
Thus, SEND is able to complete the hazard potential field construction process before hazard spreads from one node to
another. For instance, in the WSN deployed in a 3D building
with 49 nodes in Fig. 7, the average distance between two
nodes is around 30 meters. Assuming a 4 meter per second
hazard speed, the hazard needs over 7 seconds spreading
from one node to another, while SEND only consumes less
than 4 seconds on average in our experiments. Therefore, we
do not highlight hazard speed much, but only set a convergence threshold to avoid frequent updating the hazard potential (the implementation is detailed in Section 5), which is
competent for a fast and safe navigation.

4.2 Reacting to Local Failures
In sensor networks, there may be temporary or permanent
local node/link failures due to battery outage or environmental changes [3], [6]. This kind of local failures has some
impacts on SEND, if a relatively large portion of sensor
nodes are dead, and the network is no longer connected.
Since one prerequisite of SEND is that the network should
be connected, in such a case, sensor re-deployment has to
be conducted such that the network can be connected.
However, as long as the network is connected, the
impacts on SEND are limited. On one hand, the potential
field can still be constructed, if the hazard potential F ðvÞ at
the position of v 2 Vd [ Ve is still constant. Even if v 2 Vd or
v 2 Ve is destroyed, a simple scheme can be used to make
up for it. To be more concrete, suppose node v senses the
hazard, it then sets its hazard potential to be 1, and notifies
its neighbors that it is in Vd . When v is destroyed, its neighbors set their immediate hazard potential to be constant. In
this way, the iterative process of hazard potential field construction process is guaranteed to converge, and the potential field can thus be constructed.
On the other hand, the next hop selection during the
navigation can still proceed, as current node always chooses
the neighbor with the smallest hazardous potential among
its neighbors as its next hop. It is noted that in our scenario
the average node degree is above 5 (see Fig. 10), which
means even one or two neighbor nodes are destroyed, there
are still at least one neighbor available for the next hop
node. In extreme situations, the current node faces the
so-called local minima. In this case, a local random walk can
be performed, as done in [27], [28], [29], to reach a nearby
non-local minima node, so that the navigation can proceed
without being suspended.
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4.3 Impact of User Number and User Distribution
One may concern that when only a small number of users
are trapped, the best way is to guide them to the nearest
exit, to achieve a small detour. To enable such mechanism,
however, two issues have to be addressed. First, to identify
the nearest exit, we have to obtain the distance information.
With mere connectivity information, the hop count distance
in discrete WSNs may be used to approximate the distance,
as done in most connectivity-based algorithms [27], [30],
[31], [32]. On this basis, during the initialization phase of
the network, each exit has to initiate a network wide flooding, so that each node in the network knows how far away
it is from each exit. Second, to identify the number of users
in a specific area (e.g., within one’s five hop-count neighborhood), the users have to communicate to nearby nodes for
several rounds, so that seeking for the nearest exit can be
start up, which may need extra message cost.
Also, in our design, it would be more efficient for SEND
in scenarios where users are relatively uniformly distributed in the field, e.g., in forest parks, amusement parks,
campus laboratory buildings, etc. And SEND may not work
that effectively in scenarios where a large group of users
gather in a specific location, e.g., in concert halls or cinemas,
as they may be guided to the same exit, thereby resulting in
congestions. However, it is quite challenging to take user
distribution into account in a fully distributed manner, as
this may need global information, which is usually done by
a central controller. What is more, it also needs extra message cost to obtain user distribution information.
As far as we know, the recently presented CANS
algorithm [27] (a congestion-adaptive and small stretch
emergency navigation algorithm with WSNs) can be combined with SEND, so as to enable situation-aware, mild
congestion as well as small detour, at the same time. Interested readers may explore the possibility in the future.

5

IMPLEMENTATION

In Section 3, we have elaborated on our algorithm description and shown by theorems that the proposed algorithm
guarantees successful navigation and generates optimal
paths in terms of safety. In this section, we present the
implementation of our algorithm in a real sensor network
testbed, where every sensor node maintains a short list of
variables, which record the status of this node, as shown in
Table 2. The implementation process mainly consists of
three steps: initialization, hazard potential field establishment and path construction.
In the initialization phase, all sensors keep sensing the
environment and record the sensing data in Reading periodically. Based on the sensing data, each sensor node determines which role it plays in the network. Specifically, the
sensor node sets its Role ¼ 1, representing hazardous, when
the sensing reading of a sensor node exceeds Threshold. Sensors, detected emergencies, set their Potential range from 0
to 1 according to their readings. The Potential of hazardous
sensors is directly proportional to their sensed hazardous
readings. Sensors with sensing readings at normal level
(i.e., below Threshold) set their Role ¼ 0, which represents no
emergency happens. For sensors at exits, they set Role ¼ 1,
representing the destinations for emergency navigation,
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TABLE 2
Sensor Data List
Byte #

Name

0
1-2
3
4-7
8
9-10
11
12-18
19-22
23
24-40

ID
Reading
Threshold
Criteria
Role
Potential
Parent
Neighbors
Series
Converge
NPotential

Description
the unique ID of a sensor
the raw sensor reading
determining whether a sensor is hazardous
the criteria determining the hazard level
the role of a sensor in a network
the hazardous potential
the ID of the parent sensor
the neighbors’ IDs of a sensor
the preceding Potential
the convergence threshold
the Potential of neighbors
Fig. 4. Architecture of the experiment testbed.

and their Potential range from 1 to 0 according to their
evacuation capabilities. The higher evacuation capability of
the exit, the smaller Potential value will be.
Next, we establish the hazard potential field. As discussed in Section 3, for the sensors in hazardous areas and
at locations of safe exits, they set their Potential varies along
with the environmental condition and diffuse their Potential
to the network by conducting Eq. (8). The sensors playing
hazardous roles and safe roles fix their Potential respectively
and keep sending messages containing ID and Potential to
their neighbors. For normal sensors, they keep examining
their neighbors’ Potential and conduct the accelerated
hazard potential field establishing method as described in
Section 3. By such means, the hazard potential field evolves
and finally converges to a stable state, where Potential
satisfies Eq. (8) at every normal sensor as shown in Fig. 2.
Based on the established hazard potential field, we can
easily find out emergency navigation paths using the
greedy method as discussed in Section 3. In particular, each
sensor v selects among its neighbors (v: Neighbors) the one
with the smallest Potential and sets its ID to be v: Parent. As
proved in Section 3, the proposed evacuation navigation
approach guarantees the successful navigation of the
trapped users and is optimal in terms of safety.
Note that constrained by the computational accuracy of
the microprocessor, the established hazard potential field
may come across a plateau region where all neighbors of
sensor v have the same hazard potential. This plateau region
may lead to the failure of path planning due to the lack of
accuracy of the computation in sensor node and the irregularity of the sensor distribution. In this case, the current
node will search its local neighborhood through either a
random walk or a local flooding can be performed to reach
a nearby non-stationary node, so that the path planning can
proceed without being suspended [28], [29].
At last, to react to emergency dynamics, we set a convergence threshold Converge to decide whether the iteration process of the hazard potential field construction
should be continued or not. Note that the threshold Converge can be preloaded on all sensor nodes. When a sensor
node v detects that Eq. (8) is violated, it conducts the
computation in Eq. (9). Then, by comparing the newly
computed Potential and its current s: Potential, only when
js: Potentialkþ1  s: Potentialk j > s: Converge, the sensor
node s replaces its current s: Potenital by the newly

computed Potential. After updating Potential, the sensor
sends a message containing the updated hazard potential
value to its neighbors, so that the neighbor nodes can
update their NeighborPotential. Note that in our real testbed
experiments, the time for the hazard potential field establishment is around 4 and 7 seconds in 2D and 3D, respectively, which provides a reference for choosing an
appropriate value of Converge in a specific application.

6

EXPERIMENTAL RESULTS

This section describes the experimental results of the proposed algorithm on a testbed with TI CC2530 chips. The chip
has 256 KB In-System-Programmable Flash and 8 KB SRAM.
The operating system of the sensors is Tiny OS. The architecture of the testbed is shown in Fig. 4. The information of the
sensor, including sensor ID, convergence threshold, role
detection threshold, safe exit information, etc, is in the charge
of the configuration management component. The communication module receives queries from trapped users and
sends the path information back to them. It also takes charge
of notifying its neighbor sensors the hazard potential status.

6.1 2D Experiments
We first implement the proposed algorithm on a testbed of
45 sensor nodes and deploy them on a roof of a building as
a miniature prototype. The 45 sensors are deployed into
grids with 1 meter space between a pair of nodes, as shown
in Fig. 5. We conduct four experiments to examine our algorithm in the 2D field. The settings of the emergencies and
exits in the four experiments correspond to the settings of
the areas in Figs. 1 and 2, respectively.
The objective of the first two experiments is to test the
impact of different hazard levels of emergencies on our
algorithm. Initially, in the first experiment, two sensors are
emergencies with Potential ¼ 1 and one sensor is an exit
with Potential ¼ 1. In the second one, we change the settings of the two sensors of emergencies with the top-left
node’s Potential ¼ 1 and the bottom-right node’s
Potential ¼ 0:5. The rest of the sensor nodes have
Potential ¼ 0, which means they are unaware of surrounding situations. When these settings are done, the network
conducts the iteration process as in Eq. (9) to form the hazard potential field. Once the iteration process stops, each
sensor node sets its neighbor node with the minimum Potential among all neighbors as its Parent. Eventually, each node
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Fig. 5. Experiment testbed with sensors deployed in 2D space.
Fig. 7. Experiment field of a 3D building (top view).

Fig. 6. Testbed experiments in the 2D scenarios of Fig. 1. (a) Navigation
paths when equal hazard levels of emergencies exist. (b) Navigation paths
when the hazard level is higher at the top-left red point and lower at the bottom-right one. (c) Navigation paths when the two exits marked in green
have equal evacuation capabilities. (d) Navigation paths when the top-right
exit has higher evacuation capability than the bottom-right one.

has a Parent node except for the nodes with hazardous readings and the nodes at positions of exits. As a result, nodes in
the sensor network form path graphs shown in Figs. 6a and
6b. According to the path graphs, users in the sensing field
could follow these paths to the safe exit. We can see from
Figs. 6a and 6b, the navigation paths tend to keep equal distances to the two nodes with equal hazard levels but closer
to the node with lower hazard level.
The objective of the last two experiments is to test the
impact of different evacuation capabilities of exits on our
algorithm. We set one sensor to be emergency with
Potential ¼ 1 and two sensors to be exit nodes with
Potential ¼ 1 in the third experiment. In the fourth experiment, we set Potential ¼ 1 of the top-right exit node and
Potential ¼ 0:5 of the bottom-right exit node. The rest of
the sensor nodes are set Potential ¼ 0. Then, we conduct the
same process in the former two experiments and obtain
the path graphs shown in Figs. 6c and 6d. It is observed that
the navigation paths tend to attracted by the exit with
higher evacuation capability. As can be seen in the four
experiments, our algorithm can provide users emergency
navigation service that has the capability to adapt the
navigation paths to different situations.

6.2 3D Experiments
To validate the correctness of our algorithm in 3D scenarios, we implement a testbed in a 3D building as

Fig. 8. Experimental results in a 3D building shown in Fig. 7. (a) The deployment of the sensor network. (b) The connectivity of the 3D sensor network;
red lines indicate the edge between two stair sensors. (c) Navigation paths
when the three exits have equal evacuation capabilities. (d) Navigation
paths when there exist two sensors sensed dangers (the sensor in the west
sense a higher hazard level). (e) Navigation paths when the three exit
sensors have equal potentials. (f) Navigation paths when east and middle
exits have higher evacuation capabilities than the west one.

shown in Fig. 7. The deployment and the connectivity of
the sensors are shown in Figs. 8a and 8b. The building
has three exits as shown by green squares in Fig. 8a.
Similar with the 2D experiments, we conduct two groups
of experiments.
For the first group of experiments, we test the impact of
different hazard levels of emergencies on our algorithm. In
the first experiment, two sensors are set as emergencies
with Potential ¼ 1, and the sensors at positions of exits are
set the same evacuation capabilities with Potential ¼ 1. In
the second one, we change the hazard level of the right
emergency to be less hazardous with Potential ¼ 0:5. After
conducting our algorithm, the path graphs established with
different settings are shown in Figs. 8c and 8d. It is shown
that the established navigation paths are inclined to avoid
the sensors with higher hazard level.
The objective of the second group of experiments in 3D
scenarios is to test the impact of evacuation capabilities of
exits on our algorithm. In the third experiment, we set three
exits the same evacuation capabilities with Potential ¼ 1
and no sensors sensed emergencies. In the fourth one, we
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0:5). We also randomly choose 20 nodes as the trapped
users, change the hazard level of the left hazard and count
their generated paths to the top-right exit. Similar results
are obtained, as shown in Fig. 9b.

7

Fig. 9. Impacts of emergency dynamics and the convergence threshold.

set the three exit sensors different evacuation capabilities:
the exit sensor at the western part of the building has the
least evacuation capability with Potential ¼ 0:5, and
the other two have equal evacuation capabilities with
Potential ¼ 1. After conducting our algorithm, the established path graphs are shown in Figs. 8e and 8f. We can see
from the results that exits with higher evacuation capabilities cover a larger area of sensing field than exits with lower
evacuation capability. As can be seen in the four 3D experiments, our algorithm can also provide the correct solution
in 3D scenarios.

6.3 Impact of Emergency Dynamics
To test the performance of SEND in the presence of emergency dynamics, we conduct further experiments in the 2D
network in Fig. 5 and 3D network in Fig. 7. In the 2D
network, we set two emergencies as in Fig. 5b and two exits
as in Fig. 5d, where the hazard level of the top-left (resp.
bottom-right) emergency is variable (resp. 0:5), and the
capability of the top-right (resp. bottom-left) exit is 1
(resp. 0:5). We then randomly choose 20 nodes as the
trapped users, and count their generated paths to the topright exit. Intuitively, when the hazard level of the top-left
emergency increases, the number of paths to the top-right
exit will decrease. Fig. 9a demonstrates the experiment
results when the convergence threshold is set 0:05 and 0:15,
which is in accordance with the intuition. We can also find
that, when the convergence threshold is small, the reacting
speed to emergency dynamics is faster, as it is more sensitive to the change of hazard level of the emergency.
Similarly, in the 3D network, we set two emergencies and
three exits as in Fig. 7c, where the hazard level of the left
(resp. right) emergency is variable (resp. 0:5), and the capability of the left (resp. middle, right) exit is 1 (resp. 1,

SIMULATION RESULTS

The realistic testbed experiments testify the feasibility of our
algorithm for small scale networks. In this section, we conduct extensive simulations by a simulator we developed
using C++ in both 2D and 3D scenarios, to test the performance of our algorithm when the network size scales up. To
construct the network topology, a set of nodes are randomly
distributed on a 2D (e.g., Fig. 10) or 3D (e.g., Fig. 12) space.
Once the nodes are placed, an appropriate maximum transmission range is identified to ensure that the network is
connected. The constructed network topologies have an
average node degree between 5 to 9.
We first test the impact of dynamic emergencies and exits
by tuning the hazard levels of emergencies and the capabilities of exits. We then evaluate the hazard and the length of
the selected paths by changing the network size. Finally, we
test the performance of the proposed accelerated algorithm.
The results show that our algorithm surpasses the road map
navigation algorithm [10], [15] in terms of 31 percent reduction of the average path hazard and 17 percent reduction of
the average path length.

7.1 The Impact of Emergencies and Exits
We emphasize that the ability to deal with different exit’s
capabilities and different hazard levels is the core advantage of our method. To test the impact of variant exit’s capabilities and heterogeneous emergency events, we conduct
simulations on the networks in Fig. 10 with various settings
of obstacles, exits, emergencies. As shown in Fig. 10, the
top-right and the bottom-left green triangles are exit nodes,
marked as Exit 1 and Exit 2; the top-left and the bottomright red squares are emergency nodes, marked as Hazard 1
and Hazard 2.
We first evaluate the impact of varying capabilities of the
exits by randomly selecting 2;000 nodes (500 nodes in each
network). We conduct the emergency navigation process by
three approaches, i.e., our algorithm (SEND), greedy
approach (GRD), and road map navigation approach [10].
Let us define the escape probability of one exit as the ratio
of the path number of the exit to that of all exits. Then the

Fig. 10. Simulation networks. (a) A square network with 3,600 nodes; avg deg is 8.95. (b) A cup-shaped network with 2,901 nodes; avg deg is 7.88.
(c) A wedge-shaped network with 2,113 nodes; avg deg is 6.91. (d) A smile-shaped network with 1,257 nodes; avg deg is 6.53.
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Fig. 11. Impacts of exits’ capabilities and hazard levels of emergencies.

result in Fig. 11a shows that, for SEND the escape probability of Exit 1 increases as the exit capability ratio between
Exit 1 and Exit 2 (Exit 1.Potential/Exit 2.Potential) increases.
For GRD and RMN, the escape probability of Exit 1 is independent to the exit capability variation.
Second, we evaluate the impact of different hazard levels
of emergencies by varying the hazard potential ratio
between Hazard 1 and Hazard 2. It can be seen from
Fig. 11b that, SEND has the ability to adjust the selected
paths to keep further away from the emergency with higher
hazard potential while the other two methods fail to take
reaction to this kind of emergencies changes.
To intuitively demonstrate the effectiveness of our proposed approach in 3D sensor networks, we consider a sensor network deployed in a 3D genus-4 cube space, as shown
in Fig. 12. In order to show the impact of the heterogeneous
emergency events more clearly, we first test our algorithm
with two hazardous regions and only one exit region.
Figs. 12a and 12b depict the navigation results with different
hazard levels. In Fig. 12a, the bottom-right area has higher
hazard potential (1) than the top-left area (0:5) and in
Fig. 12b, the bottom-right area has lower hazard potential
(0:5) than the top-left area (1). The results show that the
selected path is farther away from the area with higher hazard potential. To test the impact of multiple exits with different capabilities, we set two exits in the network as shown
in Figs. 12c and 12d. We first set Potential ¼ 1 of the middle-right area and Potential ¼ 0:5 of the top middle area.
In the other experiment, we exchange the settings of the two
exit areas. The results show that, the exit area with higher
evacuation capability is more attractive to the trapped users.

7.2 Hazard and Length of Selected Paths
We evaluate the hazard of the paths selected by our method
and compare the results with RMN and the global exhaustive search scheme (OPT for short), which is optimal but
impractical due to its inefficiency (note that here OPT is
regarded as the ground truth). We select a number of paths
under different network sizes and topologies in networks
shown in Fig. 10, where the potentials of Exit 1, Exit 2, Hazard 1, and Hazard 2 are set 1, 0:5, 1; and 0:5, respectively.
In these networks, we randomly select n paths (n equals half
of the number of sensors in the network) and record the
path hazard of each path Fðpi Þ.
P
The average path hazard is defined as
n Fðpi Þ=n.
Smaller average path hazard indicates higher safety of the
selected path. It can be seen from Fig. 13 that OPT performs
the best, while our approach performs as well as the optimal
method, and outperforms RMN significantly. As discussed

Fig. 12. Simulation results on a large-scale 3D high genus network with
4,085 nodes; average degree of 5.3. Nodes marked in red/green are
hazards/safe exits; the trapped user is marked in yellow. (a), (b) The
generated navigation path, which tends to avoid the sensor nodes with
higher hazard potentials. (c), (d) The generated navigation path, which
tends to attracted by the exits with higher evacuation capabilities.

in Section 5, due to the limitation of computation accuracy
and the irregularity of sensor distribution, we may conduct
local random walk in a very small area to avoid the plateau
phenomenon. As a result, the paths selected by our algorithm have a slightly higher average path hazard in comparison with OPT.
After the evaluation of the path safety, we next turn to
path efficiency by comparing the average length of the
selected paths. Similar with the safety evaluation, we
randomly select n paths, and record the path length
of each
P
path Li . The average path length is defined as n Li =n. The
smaller the average path length, the higher efficiency of the
emergency navigation approach will be. As shown in
Fig. 14, the average path length of our method is slightly
higher than OPT and much better than RMN. This is
because RMN has to search the path with the largest distance to hazardous regions and thus leads to an unnecessary
long navigation path.
Note that we also evaluate the performance of SEND
when there are three or four hazards. The results are with
similar trend; the difference is that a slightly higher average
path length is obtained, which is largely due to the detour
around the hazard induced by more hazards.

7.3 The Convergence Speed of SEND
To evaluate the performance of our accelerated hazard
potential establishing scheme, we conduct a simulation on
the four networks in Fig. 10. In our simulations, we consider
an interference-free link between a pair of nodes, as done in
most connectivity based algorithms [30], [32], [33], [34].
Thus we use the iteration times as the metric.
We count the iteration times of all the 9;871 sensor nodes,
and report the statistic results in Figs. 15 and 16. As shown
in Fig. 15, the proposed accelerated iteration method has
more than 2;600 sensors involved in the iteration times less
than 20, and all the sensors are involved in the iteration
times less than 60. Therefore, the accelerated method is
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Fig. 13. Performance comparisons of the average hazard of the selected
paths.

Fig. 15. Comparisons of the accelerated and non-accelerated hazard
potential field establishing method; horizontal axis represents the
iteration times.

Fig. 14. Performance comparisons of the average length of the generated paths.

Fig. 16. The performance of the accelerated and non-accelerated hazard potential field establishing method for a randomly selected node.

much faster than the normal method. We then randomly
select one sensor and depict the relation between the iteration times and the hazard potential under different iteration
methods. The result in Fig. 16 shows that our iteration
scheme terminates about 37 rounds of iterations, which
significantly boosts the convergence speed. Therefore, it can
save the precious time for emergency navigation.

8

RELATED WORK

Navigation has been a crucial issue in such fields as robotics [35] and computational geometry [36] for a long time.
Generating navigation paths with the assistance of WSNs,
faces non-trivial challenges that are yet to be considered.
The process is preferred to be conducted in a distributed
manner, which is often over a self-organized network consisting of a huge number of sensor nodes. The traditional
centralized path planning approach [37], [38], [39] is no longer viable, since the hop-by-hop communication over the
shared wireless channel makes the data collection over multiple-hop routes to the sink node an extreme time-consuming task.
As such, the authors in [13] first proposed a distributed
algorithm that finds the minimum exposure path. They
adopted the artificial potential, which is derived from the
hop counts between nodes, as the metric to compute the
optimal navigation paths. The exit generates an attractive
potential, pulling sensor nodes to it. At the same time,
each emergency spot generates a repulsive potential,
pushing sensor nodes away from it. Each node calculates
its potential value, and the navigation path with the least

total potential value is computed backward from the
exit. One major concern of this approach is that it largely
relies on exhaustive search and many rounds of flooding
over the entire network to computed the navigation path
with the least total potential value, thus it does not
scales well.
To alleviate the high communication overhead for initializing paths caused by frequent flooding in [13], [14] proposed to abstract the field by the skeleton graph and
accordingly find navigation routes over the skeleton graph.
A skeleton graph is a sparse subset of the original network.
Sharing information across the skeleton graph of a network
saves the communication overhead of navigation. It
requires the location information of each node. In most
practical scenarios, location information is hard to obtain
for a sensor network due to expensive cost of GPS and inaccurate in some condition such as indoor situation.
To this end, the authors in [10], [15] proposed a locationfree protocol to navigate internal users along the medialaxis of the sensing field to a safe exit. The medial-axis can
be efficiently and dynamically updated with the change of
the emergencies. This method, however, is more likely to
lead the users to emerging dangers for it guarantees the
optimal safety on the medial axis, which may cause users
moving back and forth and missing the precious chance to
get to an exit. This kind of moving back and forth is called
oscillation.
Taking oscillation into account, the authors in [9], [12] proposed OPEN, an oscillation-free navigation approach, which
minimizes the probability of oscillation and guarantees
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the success rate of emergency navigation. OPEN efficiently
predicts the emergency dynamics in the navigation process
and makes reliable decisions to guide users to the exit. Undesirably, it needs periodic flooding in the entire network,
which is of high cost and does not scales well.
All of the existing studies do not take the impact of
different hazard levels of emergencies and different capabilities of exits into account. They mainly treat emergencies
equally and lead internal users to a nearby exit without
considering the exit’s evacuation capabilities. In addition,
most if not all existing methods are designed for 2D settings,
and thus cannot be directly applied to 3D scenarios.

[5]
[6]
[7]
[8]
[9]

[10]

9

CONCLUSION

This paper conducts the first work on situation-aware emergency navigation by considering a more general and practical problem, where emergencies of different hazard levels
and exits with different evacuation capabilities may coexist.
We first model the situation-aware emergency navigation
problem and formally define the safety of a navigation path.
We then propose a fully distributed algorithm to provide
users the safest navigation paths, as well as an accelerated
version that can significantly boost up the speed of the navigation. Both experiments and extensive simulations in 2D
and 3D scenarios validate the effectiveness of SEND. We are
currently devoting to conducting a small-scale system prototype under more complex scenarios. In the future, we
would like to explore modeling the hazard speed in the context of emergency navigation. We also plan to cooperate
with the local Fire Department to test our prototype, e.g., in
the fire-fighting exercises, to provide more evidences on the
real effects on user safety in real scenarios.
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