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Abstract—This paper presents a feasibility study on smart-
phone localization of missing persons in Search And Rescue
(SAR) operations using widely available Commercial-Off-The-
Shelf (COTS) products. We assume (1) that the missing person
wears an enabled smartphone and (2) that messages transmitted
by this smartphone can be intercepted by mobile agents at known
positions. We present a proof-of-concept that consists of several
mobile agents carrying smartphones that measure the Received
Signal Strength (RSS) of Wi-fi messages transmitted by the
smartphone of the missing person. The positions of the mobile
agents are determined using the GPS unit on the smartphones.
The mobile agents send the collected RSS and GPS data to a
central processing unit. The central processing unit processes the
data in real-time and guides mobile agents in SAR operations
to the missing person by estimating its position. Our central
processing unit runs a localization algorithm that requires no
calibration. This is a necessary condition for resue operations
that usually take place in unknown environments with unknown
hardware. Our experiments in an 250×130m2 outdoor field shows
that our localization system provides an average localization
performance of roughly 15 meters, which is sufficient for most
SAR operations of interest. In addition, we performed several
successful tests with a Quadcopter to show the feasibility of using
unmanned vehicles in SAR operations.

I. INTRODUCTION

In SAR operations, position information of the missing

person plays a critical role. A missing person can be unable

to assist in determining its position due to injury or other

circumstances. In these situations, rescue personnel often relies

on information about the intentions of the missing person

and on possible locations deduced from this information [8].

This information often results in a large potential of search

areas. Since time is crucial and rescue teams are resource con-

strained, SAR operations have to be carried out in an efficient

manner. Therefore, search areas are prioritized according to

information available.

There are a variety of existing localization systems available

to position the missing person in SAR operations. Such

systems include RECCO reflectors [15] and avalanche re-

ceiver/transceivers [14]. These techniques require the missing

person to be aware of the risks beforehand. There are only a

few techniques that locate missing persons that are unprepared

or unaware of the risks, such as infrared cameras [13], cellular

tracking and manual tracking [6]. This paper describes a

feasibility study on positioning the smartphone of the missing

person using widely available COTS hardware. The explosive

increase of smartphone usage offers new opportunities for

aiding rescue workers in SAR operations without the need

of specialized hardware. For example, there are ski resort

apps that report position data at regular intervals to the local

authorities. This system provides rescue workers with relevant

data in case of a SAR operation.

This paper focuses on the possibility of locating smart-

phones from its normal usage via cellular, Wi-fi or Bluetooth

signals. Even when smartphones are out of range of cellular

networks, it transmits requests to connect. These signals

can be intercepted with the proper equipment and used for

localization. This enables localization in areas without cell

coverage. Wi-Fi works in a similar way by transmitting probe

requests. Probe requests can be intercepted and analyzed,

even without expensive hardware [12]. We assume that the

messages transmitted by the smartphone of the missing person

can be intercepted by mobile rescue agents searching for the

missing person at the place of interest. Among the radio chips

in a smartphone, the gsm has the highest probability to be

turned on. It also has a long range, which makes it the most

desirable radio to use in a SAR system.

For simplicity and ease of implementation, we use the Wi-

fi radio. Although the range of Wi-fi signals is shorter than

GSM due to a higher temporal frequency, the principles of

signal propagation are similar [2]. In our proof-of-concept

implementation, we put the smartphone of the missing person

in hotspot mode. Android phones of mobile agents run an app

that performs regular wifiscans and GPS positioning. A central

processing unit processes these RSS and GPS measurements to

estimate the position of the smartphone of the missing person.

A cloud service synchronizes data between mobile agents and

the central processing unit. Synchronization of data enables

a unified overview of the SAR operation. Visualization takes

place via Google maps [16], which practically real-time shows

the GPS positions of the mobile agents and the estimated posi-

tion of the missing person. Our experiments with four mobile

agents and one missing person in a 250×130m2 outdoor field

shows the potential of our smartphone localization system.

The localization system provides a localization performance

of roughly 15 meters without any prior knowledge about the

environment. This is sufficient for most rescue operations of

interest. In addition, we performed several successful tests

with a Quadcopter to show the feasibility of using unmanned



vehicles in SAR operations.

Our localization system combines the localization systems

described in [4, 5] and [9, 11]. [4] describes an RSS-based

localization system that uses mobile radios with known po-

sitions to estimate positions of fixed radios with unknown

positions. The mobile radio is usually located by means

of a GPS unit [4]. In our localization system, the mobile

agents represent the mobile radios with known positions and

the missing person represents the fixed radio with unknown

position. The advantage of such a localization system is that

the localization performance increases with the number of

RSS measurements over space [3]. Therefore, increasing the

number of mobile agents speeds up the localization process.

Instead of RSS measurements, one can perform other types of

measurements to estimate the distance [5]. The advantage of

RSS measurements compared to other ranging techniques is its

relatively low energy consumption, simplicity and widespread

availability. [4] assumes that the localization system is cali-

brated beforehand for the hardware and environment. Rescue

operations usually take place in unknown environments and

with unknown hardware, so that a priori calibration is not

available. We evaluate the calibration-free RSS-based localiza-

tion algorithms described in [7, 9, 11] to account for unknown

environments and hardware.

This paper is organized as follows. Section II presents the

problem definition, the empirical propagation model and the

Maximum Likelihood Estimator (MLE). Section III presents

an overview of our localization system implemented in the real

world. Section IV presents the experimental results. Finally,

Section V provides a discussion and Section VI summarizes

the conclusions.

II. PROBLEM DEFINITION AND MAXIMUM LIKELIHOOD

DEFINITION

This section contains a mathematical representation of the

problem addressed. The radio localization system consists of

• N mobile agents that measure RSS to the smartphone

of the missing person at M different time instants and

known positions. The N×M known positions of the mo-

bile agents are denoted by (x1,1, y1,1) . . . (xN,M , yN,M ).
• one missing person. Our mathematical representation

can easily be extended to multiple missing persons. The

position of the missing is person is denoted by x = (x, y).
The position estimate of the missing person is denoted by

x̂ = (x̂, ŷ).

Our aim is to estimate the position of the missing person using

RSS measurements from N mobile agents at M different time

instants and known positions. The following variables are used

to represent the RSS measurements:

• n denotes the mobile agent.

• m denotes the time instant and known position of the

mobile agent.

• Pn,m denotes the RSS measurement performed by mobile

agent n at time instant and known position m.

• Hn denotes the set of RSS measurements of mobile agent

n at time instants and known positions 1 . . .m.
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Fig. 1. Typical RSS over distance distribution of one measurement round with
four mobile smartphones measuring RSS to a fixed smartphone acting as a
Wi-fi hotspot. The red dots represent single RSS measurements. The black
curve represents the best fit using the Log-Normal Shadowing Model defined
by (1) and using the LNSM parameter values as defined in (4).

A. Propagation Model

We adopt the Log-Normal Shadowing Model (LNSM) for

modeling the signal strength over distance decay [1]. This

empirical model is widely used by RSS-based localization

systems [3, 9, 11], and has shown to be a reasonable rep-

resentation of reality [2]

Pn,m = P̄ (dn,m) +Xn,m, (1)

where

P̄ (dn,m) = Pd0
− 10η log10

(
dn,m

d0

)
. (2)

In (1) and (2), P̄ (dn,m) denotes the ensemble mean of power-

flow measurements at distance

dn,m =
√

(xn,m − x)2 + (yn,m − y)2 (3)

in dBm. Pd0
denotes the power flow at reference distance

d0 in dBm. η denotes the path-loss exponent. Xn,m denotes

the noise of the model in dB due to fading effects. Xn,m

follows a zero-mean Gaussian distribution with variance σ2
dB

and is invariant with distance. Usually, Pd0
and η are calibrated

beforehand for a given environment [3]. The next subsection

presents how to calibrate these parameters on-the-fly.

Fig. 1 shows a typical RSS over distance distribution of

one of our measurement rounds. The LNSM parameters that

minimize the squared difference between the measured and

estimated RSS are equal to

P cal
d0

= −45dBm, ηcal = 1.8, σcal
dB = 7.8dB. (4)

The black curve in Fig. 1 represents this best fit using the

parameter values defined in (4). The LNSM can estimate RSS

as a function of distance by setting the last term of (1) to zero.



Fig. 2. Overview of the smartphone localization system. Mobile agents collect
measurements and send it via a cloud service to a central processing unit. The
central processing unit processes data and send the processed data to agents
via a cloud service. The cloud service synchronizes location data of agents
to create a unified overview of the SAR operation.

The distance estimate error σd is multiplicative and increases

with distance d by

σd ≈

(
10

σcal
dB
10η − 1

)
d = 1.7d. (5)

Equation (5) shows that the distance estimate is equal to 170%

of the distance. For example, the average distance estimate

error at a distance of 100 meters equals 170 meters.

B. Maximum Likelihood Estimator

We use the MLE as proposed by [9, 11], with Sommerfeld’s

radiation condition on the path loss exponent and boundary

conditions on the position estimate, to estimate the position of

the missing person

[x̂, θ̂] = argmin
[x,θ]

N∑

n=1

∑

m∈Hn

(
Pn,m −

(
Pd0

− 10 · η · log10

(
dn,m

d0

)))2

subject to

η ≥ 2

minx ≤ x ≤ maxx

miny ≤ y ≤ maxx, (6)

where

dn,m =
√

(xn,m − x)2 + (yn,m − y)2. (7)

In (7), x̂ denotes the estimated position of the smartphone

of the missing person x̂ = (x̂, ŷ). θ̂ denotes the set of

nuisance parameters θ̂ = [P̂d0
η̂]. dn,m denotes the calculated

geometrical distance between mobile agent n at known po-

sition (xn,m, yn,m) and the estimated position of the missing

person. [minx,miny,maxx,maxy] denotes the minimum and

maximum x- and y-coordinates of the mobile agent positions.

Section IV compares (6) with other estimators that do not

require calibration.

Fig. 3. The Mobile Rescue System app is installed on the agents’ Android
phones. It provides near real-time situation awareness by showing the other
agents and the estimated position of the missing person in a map interface.
The two avatars represent the agents.

III. IMPLEMENTATION

This section presents a description of our proof-of-concept

implementation. The purpose of this system is to collect

measurement data over large areas and estimate the position

of the missing person in real-time. Fig. 2 shows an overview

of our proof-of-concept implementation of our smartphone

localization system. It consists of three main components,

namely

• Mobile Rescue System, an Android app that collects

measurements and sends it via a cloud service to the

central processing unit.

• The central processing unit that processes the measure-

ments and estimate the position of the smartphone of the

missing person.

• Firebase, the cloud service that synchronizes data be-

tween smartphones and the central processing unit.

The Mobile Rescue System app and the central processing

unit communicate via a cloud service [17], which also acts as

backup storage. The following subsections give a description

of the different modules.

A. Mobile Rescue App

We make use of Combitech’s [18] existing Mobile Rescue

System as the basis of our app, because it provides the required

data synchronization, map and visualization functionality. The

idea behind this system is that each agent with a smartphone

with the app installed receives continuous and up-to-date

information during the SAR operation. It provides a unified

overview of the entire operation that enables cooperation and

coordination between agents. For example, it provides near

real-time information of the positions of its participants and

of the estimated position of the missing person in a map

interface. Fig. 3 shows a screenshot of the Mobile Rescue

System app. The agents can create points of interest on the

map to bring attention to relevant findings that could aid in the

search effort. In this feasibility study, the app is extended to

continuously perform Wi-fi scans to collect RSS measurements



Fig. 4. The tests were conducted on a grass field and in a forest area. The
picture on the left shows the grass field. The picture on the right shows the
forest area. The stars represents the missing target, which was moved between
the tests.

associated with the smartphone of the missing person. These

RSS measurements are sent to the central processing unit

via the cloud service. Note that these RSS measurements

can easily be replaced by other measurements, like the ones

described in [5].

B. Central Processing Unit

The central processing unit receives the measurements from

the mobile agents and estimates the position of the missing

person’s smartphone. The central processing unit implemented

the MLE described in Section II-B to estimate this position.

The estimated position is sent to the mobile agents via the

cloud service.

C. Cloud Service

A cloud service called Firebase [17] handles synchro-

nization and communication between clients. In our case, it

synchronizes the required data between the central processing

unit and the mobile rescue app on the smartphones of the

agents. Although our implementation relies on an Internet

connection, it provides flexibility and modularity. We can

switch and add modules to the system without being physically

at the site of the search operation. For example, it enables us

to easily change cloud service provider when it is offline. It

also provides a permanent storage for the data which later can

be used to replay the SAR scenario and be analysed offline.

IV. EXPERIMENTAL EVALUATION

We conducted several field tests in an open grass field

of 218×133 m2 and a forest of 55×92 m2 in the outskirts

of Linkping. Fig. 4 shows the two areas of interest. We

configured the smartphone of the missing person to act as

a hotspot. During all field tests, the smartphone was placed

on a camera tripod at approximately one meter above ground,

unless specified otherwise. The true position of the smartphone

is determined by the GPS unit of the smartphone. The search

operation consisted of four agents that performed RSS mea-

surements at the edge of the localization area to maximize

localization performance [11]. The mobile agents used five

different smartphones to analyze the influence of hardware

differences on the localization performance as the Wi-Fi

chipset influences the RSS measurements significantly [10].

Table I contains the details about the smartphones used. In
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Fig. 5. Localization error and standard deviation of different localization
algorithms. “CAL” represents the localization algorithm using the LNSM
and assuming that the LNSM parameter values are optimally calibrated
beforehand as expressed by (4). “CAL-FREE” represents the calibration free
localization algorithm as expressed by (6). “ECO” represents the calibration
free localization algorithm as described in [7].

total four different types of tests were conducted; localization,

hardware differences, SAR and Quadchopter. These tests were

designed to validate the system as well as to test possible

scenarios. Data from all tests were stored in the cloud and

analyzed offline with Matlab.

A. Localization Performance

For evaluating the localization performance of our system,

we performed five tests in the open grass field shown in

Fig. 4. We positioned the smartphone of the missing person

at four different places. Fig. 5 shows the localization error

and standard deviation of three localization algorithms, CAL,

CAL-FREE and ECO. CAL denotes the optimally calibrated

localization algorithm using the LNSM as expressed by (6),

where we assume that all nuisance parameters are optimally

calibrated beforehand as expressed by (4). CAL provides an

indication of the optimally obtainable localization performance

using the LNSM as propagation model. CAL-FREE denotes

the calibration-free algorithm using the LNSM as expressed

by (6). The difference between CAL and CAL-FREE is

that CAL-FREE calibrates the nuisance parameters on-the-fly

using the localization measurements. The difference between

the calibrated (CAL) and calibration-free (CAL-FREE) algo-

rithm is a measure for the “price” one pays for on-the-fly

calibration, which equals roughly a 20% loss of localization

performance. This is similar to the simulation and empirical

results in [11]. For completeness, we compare our calibration-

free (CAL-FREE) algorithm to ecolocation (ECO) [7]. CAL-

FREE performs roughly 20% better than ECO. The standard

deviations are practically similar for the three localization

algorithms.



TABLE I
PHONE TYPE AND THEIR ROLES DURING THE FIELD TESTS

Phone Role ID Wi-fi chipset

Samsung Galaxy S II Plus Agent Phone 1 Broadcom BCM4334

Samsung Galaxy S II Plus Agent Phone 2 Broadcom BCM4334

Samsung Galaxy S III Agent Phone 3 Broadcom BCM4334

Samsung Galaxy S4 Mini Agent Phone 4 Qualcomm Snapdragon 400

LG G3 Missing person JS-LG G3 Broadcom BCM4339

Phone 1 Phone 2 Phone 3 Phone 4
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Fig. 6. Localization error and standard deviation of individual phones using
calibration-free algorithm as expressed by (6). The captions are equal to the
column “ID” in Table I.

B. Hardware Differences

This section analyses the influence of hardware differences

on the localization performance. For this purpose, we use the

same five tests in the open grass field as in Section IV-A.

Fig. 6 shows the localization performance per phone. We

used three different phones and two different Wi-Fi chipsets

as given in Table I. The localization error differs too much

per phone and chipset to draw any conclusions about the

influence of hardware differences on localization performance.

The performance of phone 1 has outliers that increase the

standard deviation. The rest of the phones provide similar

localization performances.

C. Drone

This section investigates the feasibility of using unmanned

vehicles to reduce the search area in SAR operations. For

this purpose, we equipped a Quadcopter with Ardupilot and

a Samsung Galaxy S II Plus to perform RSS and GPS

measurements. We succesfully performed five test runs in the

open grass field shown on the left of Fig. 4. The Quadcopter

is shown in Fig. 7. In comparison with human agents, the

drone moves relatively fast, so that the sampling density

of RSS and GPS measurements is roughly a factor of ten

lower. In addition, the drone moves at a higher altitude

increasing the distance to the missing person, which increases

the distance estimate error as expressed by 5. The average

Fig. 7. Picture of Quadcopter used to investigate the feasibility of deploying
unmanned vehicles in SAR operations. The Quadcopter is equipped with
Ardupilot and a Samsung Galaxy S II Plus to perform the RSS and GPS
measurements.

localization error of CAL-FREE equals roughly 15 meters.

In other words, the Quadcopter provides similar localization

performance as human agents. A possible explanation would

be that the localization performance mainly depends on the

Wi-Fi hardware used, which is in line with [10].

D. Search And Rescue

This section presents an empirical analysis on the feasibility

of using our system for real SAR operations. For this purpose,

we hid a smartphone and let the agents search for this

smartphone using our localization system. The placement of

the smartphone made it unlikely for an agent to accidentally

spot it by just walking past it. In the first test, we put the

smartphone at the edge of the grass field shown on the left

of Fig. 4 under some leaves. In the second test, we put the

smartphone at the edge of the forest under some branches

shown on the right of Fig. 4. In both tests, our localization

system provided an area of interest of roughly 20m2. Then

the agents used the raw RSS measurements to find the hidden

smartphone. We consider both SAR tests as successfull, since

the agents were able to find the hidden smartphone in a timely

manner.

V. DISCUSSION

In our small scale testing, there seems to be a correlation

between the chipset and the corresponding localization perfor-

mance. Our tests were resource constrained, which meant that

we had to use the phones available. With further testing, one

could determine which chip manufacturers would be the most

suitable for these kind of measurements. [10] did such a study,

however with hardware that is currently outdated. It would

be interesting to review and update the study with current

hardware.



The data from the localization tests shows that after a certain

amount of measurements the localization error stabilizes in the

range of 15m. This usually happens when measurement points

are spread out sufficiently in space, which is an expected result

[11]. However the short time it took to get the localization

error within reasonable limits seems very promising, especially

when all phones work together to provide an estimate. We

expect that the time required for the localization performance

to stabilize decreases further by spreading out the search crew

sufficiently.

The SAR tests were mainly successful, since the search

crew were able to find the target phone in both tests. In

the first test, the position estimates were off by up to 20m.

This was not a problem since the position estimate was

sufficiently stable, so that the search crew could perform a

manual search in the area of the position estimate until the

phone was found. In the second test, the estimates were worse

than in the first. The error in the position estimate stabilized

between 20 and 30 meters. This decreased performance was

probably due to two reasons (1) the test was performed in

forest terrain, which influences the RSS measurements and

thus localization performance (2) the target was placed at the

very edge of the search grid. This is a problem due to the

way the implementation of the estimation algorithm works,

discarding estimates that lie outside the search grid. It is

possible that a position estimate less than 20 meters from

the true position was found north or east of the target. This

would place the position estimate outside of the search grid,

and cause the system to discard it.

Considering it was designed to work with a ground based

search crew, the system performed surprisingly well in the

drone tests. The tests did, however, reveal some flaws with the

current implementation, mainly related to the limited sampling

frequency of RSS measurements and GPS updates. The high

velocity of the Quadcopter created large errors in positioning

because the frequency of GPS updates is around 0.2Hz, which

is low in relation to the Quadcopters speed. We had some

problems polling the GPS with a higher frequency on the

smartphones, related to CPU load. This is not considered a

large problem, since the drones are equipped with their own

GPS and RSS hardware. However, we did not have time to

integrate it to this system directly.

VI. CONCLUSION

Our proof-of-concept shows that it is possible to build a

localization system with COTS and widely available hardware

to aid in SAR operations. It reduces the search area and

provides resource constrained search crews with a position

estimate of the missing person. Since the required hardware

is inexpensive and lightweight, it can be mounted to existing

mobile platforms used in SAR operations such as helicopters,

snowmobiles and boats. This functionality can be further

extended to unmanned vehicles, which enables fast sweeps

of large areas with autonomous devices. Future work consists

of making our localization system unobtrusive by overhearing

connection requests from enabled smartphones of missing

persons.

REFERENCES

[1] H. Hashemi, “The indoor radio propagation channel,” Proc. IEEE, vol.
81, no. 7, pp. 943-968, July 1993.

[2] T. S. Rappaport, “Wireless Communication: Principles and Practice,”
Prentice Hall, 1996.

[3] N.Patwari, A.O.H.III, M. Perkins, N.S.Correal, and R.J.O’Dea: Relative
location estimation in wireless sensor networks. IEEE Transactions on
Signal Processing, Volume 51, No. 8, pp. 2137 2148, August 2003.

[4] M. L. Sichitiu and V. Ramadurai, “Localization of wireless sensor
networks with a mobile beacon,” Center for Advances Computing
Communications, North Carolina State Univ., Tech. Rep. TR-03/06, Jul.
2003.

[5] P. Dutta and S. Bergbreiter, “MobiLoc: Mobility enhanced localization,”
www.eecs.berkeley.edu/p̃rabal/projects/cs2941/mobiloc.pdf, 2015.

[6] T. Williams, “Sar field search methods.”
http://www.alpharubicon.com/rsar/sartechcent.htm, 2005.

[7] K.Yedavalli, B.Krishnamachari, S.Ravula, and B.Srinivasan, “Ecoloca-
tion: A sequence based technique for RF-only localization in wireless
sensor networks,” in IPSN, 2005.

[8] Nacka-Vrmd Rddningssllskap, “Skallgng och rddning,” 2006.
[9] F. Gustafsson, F. Gunnarsson, “Localization based on observations linear

in log range,” Proc. 17th IFAC World Congress, Seoul, 2008.
[10] G. Lui, T. Gallagher, B. Li, A. G. Dempster, and C. Rizos, “Differences

in RSSI readings made by different Wi-Fi chipsets: A limitation of
WLAN localization,” in ICL-GNSS, pp. 53 57, 2011.

[11] B. J. Dil and P. J. M. Havinga, “RSS-based Self-Adaptive Localization
in Dynamic Environments,” Int. Conf. Internet of Things, pp. 5562, Oct.
2012.

[12] A. Musa and J. Eriksson, “Tracking Unmodified Smartphones Using
WiFi Monitors,” SenSys 2012, November 69, Toronto.

[13] FLIR, infrared camera. http://www.flir.se/home/, 2015.
[14] PIEPS, avalanche survival gear. http://www.pieps.com/en/products,

2015.
[15] RECCO, reflector system. http://www.recco.com/, 2015.
[16] Google Maps, https://maps.google.com/, 2015.
[17] Firebase, https://www.firebase.com/, 2015.
[18] Combitech, http://www.combitech.se/Om-Combitech/, 2015.


	Försättsblad
	Feasibility_MSC_print

