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Abstract—An unmanned aerial vehicle (UAV), commonly
known as a drone, is an aircraft without a human pilot aboard.
Along with the development of Civilian drones, drone flight is
becoming a theme of eye-catching topic in recent years. Although
drones have brought significant benefits to people’s lives, they also
possess certain danger without proper regulations. To prevent
unexpected accidents caused by UAV, the localization technology
of drone flying in open areas need to gain significant attention.
In this paper, two algorithms which are improved maximum
likelihood estimation (MLE) and recursive least squares (RLS)
have been introduced based on received signal strength (RSS)
localization technology to address the location of drone using
their Wi-Fi signal transmitted for communication with the
controller. An experiment is conducted in the campus open
areas to simulate the 3D RF propagation model and these two
algorithms. Two algorithms performance have been compared
with each other and also compared with the Cramer-Rao Lower
Bound (CRLB). By analyzing the result, we conclude that the
improved MLE algorithms performs better than RLS in drone
localization and the performance of these two algorithms are both
impacted by the number of base stations (BS) and the height of
drone.

I. I NTRODUCTION
Wireless localization is vibrant and important field of research. Along with the development of new technologies for
localization in communication system, many new applications
have been researched and increased significantly. However, 3D
drone flight localization is barely researched, most drone flight
related theses are related to application of it such as viewbased detection and object tracking rather than localization of
drone itself [1][2].
Generally speaking, there are four ways that localization
can be done. The first way is to equip device with a global
positioning system (GPS) chip as is used in civilian drones.
However, GPS chips are costly and have high power consumption so they are not widely adopted. Moreover, GPS
has limitations; it is not always reliable and it needs direct
line-of-light communication with GPS satellites to work. In
some GPS-denied areas where there is no GPS signal or weak
GPS signal such as on a river where there are overhanging
canopies or trees, GPS localization does not work. This could
be a serious issue because we may lose control of drones
thus causing some unpredictable incidents. Other methods to

obtain node location are RSS-based relying on the attenuation
of the signal strength [3], the time of arrival (TOA) that is
based on the delay of the incoming signal [4], and the angle
of arrival (AOA) method that uses the angle of the impinging
signal [5]. The TOA method needs precise knowledge of the
transmission start time. It is the most accurate technique used
in indoor environments as it can filter out multipath effects
[6]. However, the requirement for precise time synchronization
of all the devices makes the TOA approach complicated and
costly. AOA-based techniques also have their limitations as
additional antennas with the capacity to measure the angle
are needed and this increases the cost of the AOA system
implementation. AOA-based localization attempts are also
affected by the multipath of signals along with reflection from
walls and other objects [7]. Since TOA technology has a strict
requirement for synchronization, it needs to be compensated
by ultra-wideband due to its time sensitive nature and AOA
technology suffers from complexity and practical problems,
RSS-based localization tends to be the best choice for drone
localization.
The log-normal path loss model (LPLM) is the most frequently used propagation model for RSS-based localization,
the accuracy of LPLM will directly impact the feasibility of
performing localization. However, LPLM does not take into
account some important factors that influence the RSS, such
as the height of the nodes from the ground [8]. Thus, it is
necessary to explore the LPLM experimentally in our scenario
and come up with accurate and efficient algorithms to limit the
ranging error for the localization of drone.
In this paper, two RSS-based localization algorithms for
drones will be introduced and compared. The first algorithm
is the recursive least squares (RLS) and the second one is the
improved maximum likelihood estimation (MLE). We have
three line-of-sight (LOS) scenarios and we consider scenarios
with different numbers of base stations (BS) for analyzing the
impact of the number of BSs on localization. All base stations
are placed on the ground of the football field on the campus
of Worcester Polytechnic Institute (WPI). We set 30 positions
for our drone in each scenario for the localization analysis; the
first 15 sample points are at the height of 7.5m and the rest
are at a height of 15m. All sample points and base stations

coordinates are recorded as latitude and longitude and then
converted to East, North, Up (ENU) 3D coordinates for the
localization analysis.
The remainder of this paper is organized as follows. Section
II describes three LOS scenarios under which the experiment
is conducted. In addition, the 3D radio frequency propagation
model and coordinates conversion from GPS to ENU are also
introduced. Section III introduces the two algorithms that we
have used for positioning: RLS and improved MLE. In order
to measure lower performance bounds in each scenario, we
use the Cramer-Rao Lower Bound (CRLB) and in Section
IV we discuss this technique for 3D use. Section V gives an
analysis of the experimental results including a comparison of
the two algorithms’ performance in different scenarios and a
comparison of the algorithms’ performance with the CRLB.
Section VI gives the conclusion and discusses future work that
should be carried out.
II. S CENARIO AND M EASUREMENT
In this section, we introduce three outdoor scenarios with
different numbers of base stations for algorithm performance
evaluation. A GPS-ENU coordinate conversion method is
introduced for building these three scenarios in a local coordinate system. After defining the scenarios, we develop an
empirical path-loss model for RF signal propagation from the
drone to the location monitoring devices.
A. Scenario of localization
The localization systems employed in this paper consist of a
transmitter (drone) and receivers (base stations). In this paper,
we implement 3 line-of-sight (LOS) scenarios with different
numbers of receivers for localization systems.
Fig.1a–c show these three different LOS scenarios. The
base stations which receive the Wi-Fi signal from the drone
are placed on the ground of the WPI football field and their
locations are marked by the red circles in the figures. In the
first scenario, we place 4 BSs at the 4 corners of the 30m
× 20m rectangle shown in Fig.1a. We increase the number
of base stations by two for the localization scenario in Fig.1b
and by two more for the scenario in Fig.1c. In each of these
three base station placement scenarios, we place the drone
at 30 positions and for each of these sample points, the BSs
capture RSS readings from the drones. Each BS captures 80
observations (RSS readings) from the drone for each sample
point.
Fig.2a–c show the position of the BSs and sample points
in ENU coordinates for each scenario. As shown in these
figures, the 30 sample points are the same for each base station
scenario. The first 15 sample points differ from the other 15
sample points in their z-coordinate alone; the first 15 have z
set to 7.5m and it is 15m for the other 15. We investigate
whether the height of the drone impacts the performance of
the localization algorithms.
B. GPS and local ENU coordinate conversion
In our experiments, the GPS coordinates (lat, long, h) are
considered to give a drone’s true location and it can be read

Fig. 1. (a) Scenario with 4 base stations. (b) Scenario with 6 base stations.
(c) Scenario with 8 base stations.
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Fig. 2. Location of drone flight and base stations in local ENU coordinate

from GPS inside in drone. However it is more convenient to
compute with ENU coordinates so we make a transformation
from GPS to ENU. Reference GPS coordinates (lat0 , long0 , 0)
corresponding to local ENU coordinate (0, 0, 0) are assigned
arbitrarily and points (lat, long, h) can be expressed in local
coordinates as (∆x, ∆y, h) where the height h is the ascent
of drone and it can be read from drones flight record:
π
(long − long0 )
∆x = R cos(lat)
180
π
∆y = R
(lat − lat0 ).
180

(1)

Here R is the radius of the earth = 6,371,000 meters.
C. Channel model
The path-loss model gives an empirical relationship between
the signal strength detected at a receiver and the distance
between the receiver and the access point. The path-loss model
is fundamental for RSS-based localization and the accuracy of
it has a significant effect on the accuracy of localization. The
model is
Lp = L0 + 10α log10 (d) + Xσ

(2)

where Lp is the path-loss at distance d from the signal source,
L0 is a reference path loss (a constant), α is the gradient, Xσ
is a Gaussian distribution noise with zero mean and standard
deviation σ. The path-loss does not solely depend on the
receiver and transmitter; it also depends on the conditions of
the environment.
In our experiments, we mainly focus on line-of-sight (LOS)
situations, and we use laptops as the base stations/receivers
and the DJI-Phantom 3 standard drone flight as the access
point. In LOS situation, we keep the drone fixed in the air and
move laptops to 13 locations with with different distance from
the drone to collect received signal strength at each location.
To ensure accuracy, at least 80 sets of readings are collected
per location. The results are shown in Fig.3 with each RSS
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The iteration is continued (k = 0, 1, 2, · · · ) until the solution
converges; that is, the step size kEK k < δ for some small
prescribed value δ. The position of the drone is then taken to
be UK+1 .
B. Maximum likelihood estimation
Fig. 3. Measured received power and a linear regression fit to the data

value representing the mean of 80 readings. The best fit line
in this figure gives the channel model in our scenarios: L0 =
−38dBm, α = −2, and σ = 1.5:
Lp = −38 − 20 log10 (d).

(3)

We use the maximum likelihood estimation algorithm to
find the range of values for the distance of the access point
from the base station by finding those values that maximize
the likelihood of the RSS readings given our path-loss model.
Shadow fading will result in ranging error with the estimated
distance ranging from D̂nmin to D̂nmax . Figure 4 illustrates
that the access point will be expected to lie in ring region
Rn 2 and the 3D coordinates of the nth base station is given
as (xn , yn , zn ).

III. A LGORITHMS FOR LOCALIZATION
Successful localization depends on the accuracy and reliability of the algorithm used and in this section, we consider two
3D localization algorithms namely the recursive least squares
(RLS) algorithm and the maximum likelihood estimation
(MLE).
A. RLS algorithm
The goal of RLS estimation in 3D is to find one point that is
the closest to each sphere centered at (xi , yi , zi ) the location of
each base station. The radius of each sphere di is the distance
calculated by path loss equation using RSS readings from
the drone transmitter; the drone is located somewhere on that
sphere. We define the total estimation error coming from the
readings at n base stations to be
ε(x, y, z) =

n
X

fi (x, y, z)2

(4)

i=1

2

where fi (x, y, z) = (x − xi ) + (y − yi )2 + (z − zi )2 − d2i
gives a measure of the position of (x, y, z) relative to the it h
sphere.
The localization result is the point that gives the least value
of the estimation error ε and is found by the following iterative
algorithm where

T
F = f1 , f2 , · · · , fn and J is the Jacobian matrix of F :

Uk = x(k)

y (k)

z (k)

T

Ek = −(J T J)−1 J T F

(5)
Uk

Uk+1 = Uk + Ek .

Fig. 4. Local area division [9]

The probability density function (PDF) and cumulative
distribution function (CDF) of shadow fading are depicted
in Fig.5 and Fig.6. In Fig.6, the solid blue curve indicates
the 90% confidence region. the shadowing effect on received
signal strength in our scenario follows a zero-mean normal
distribution with standard deviation σ = 1.5. From the PDF
and CDF, the ring region for the localization of our drone for
a 90% confidence interval is [−2.4, 2.4] dB. If the received
signal strength from the drone to the nth base station is RSSn
,then the minimum estimated distance and maximum estimated
distance for drone from base station can be calculated by (3)
giving
D̂nmin = 10−(RSSn −2.4+38)/20
D̂nmax = 10−(RSSn +2.4+38)/20

(7)

(a) Maximum likelihood algorithm

Fig. 5. PDF of random Gaussian fading added to path-loss model

(b) Enlarge of intersection
Fig. 7. Maximum likelihood algorithm and its enlargement
Fig. 6. Cumulative probability function of random shadow fading in path-loss

In our scenarios, all the base stations receive readings from
the drone, so the area of intersection of all the ring regions
determine the range of location of the drone and the centroid of
the intersection region is taken to be the estimated position of
drone. Fig.7a demonstrates how 4 BSs deployed work together
in the localization system and Fig.7b shows the estimated
region in 3D coordinate system.
IV. C RAMER -R AO L OWER B OUND
In estimation theory and statistics, the Cramer-Rao lower
bound (CRLB) is used to give a lower bound on the variance of
estimators of a deterministic parameter. It is an important metric used to evaluate and validate the accuracy of localization
algorithms. By comparing the CRLB with the performance
of algorithms, we can have a clear understanding of which
algorithm is optimal for our localization problem. This section
will introduce how to obtain CRLB for 3D localization.
Assume that the actual coordinate of the drone is (x, y, z)
and the coordinate of the ith BS is (xi , yi , zi ). From the pathloss model, we can obtain that the RSS from the drone to the
ith BS is pi = p(ri ) = p0 − 10α log10 (ri ) + Xσ where ri is
the distance between the drone and the ith BS. Thus,
pi (x, y, z) = p0 − 10α log10 (ri ) + Xσ

where ri =

p

(x − xi )2 + (y − yi )2 + (z − zi )2 . Therefore,

dpi (x, y, z) = −

10
α
ln 10
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Now
dp = Hdr =⇒ H T dp = H T Hdr,

(10)

dr = (H T H)−1 H T dp.

(11)

therefore
Then the estimation of the location error can be calculated as
σx2
2

= σxy
2
σxz


E |dr|

2

= cov(dr) = σp2 (H T H)−1

2
σxy
σy2
2
σyz


2
σxz
2 
(12)
σyz
σz2

where σp is the standard deviation of shadow fading and is
taken to be 1.5 in our scenario. Finally, the CRLB is calculated
as
CRLB = σx2 + σy2 + σz2 = Trace (cov(dr))

(13)

V. R ESULTS AND D ISCUSSION

B. Compare CRLB with two algorithm performance

This section analyzes the results of two algorithms RLS and
MLE in different scenarios by comparing their performance
with the CRLB. Factors such as the height of the drone and the
number of base stations that have impact on the performance
of algorithm are also analyzed.
A. Comparison of the performance for different algorithms.
The CDF of the root mean square error (RMSE) for
positioning estimation of the drone using MLE and RLS
algorithm in different scenario is shown in Fig.8. It indicates
that the MLE in the third scenario with 8 BSs provides the
best positioning accuracy with a smaller variation range from
2.8245m to 6.5699m compared to others and the positioning
accuracy of maximum likelihood is better than recursive least
squares overall. In terms of RLS algorithm, it also performs
best in the third scenario with a variation range from 4.3400m
to 8.5149m.

Cramer-Row Lower Bound is an important metric when
evaluating the accuracy of localization algorithm, it reflects
the lowest possible mean square error among all unbiased
methods. Comparing the CRLB with the performance of
algorithms will tell us which algorithm is more accurate and
reliable. Since both MLE and RLS algorithm perform best
in the third scenario, we do a comparison between CRLB
and the performance of these two algorithms in this scenario
to demonstrate which algorithm is better. Fig.9 shows a
comparison between the CDF of the CRLB and the RMSE for
two algorithms. Observations tells us that CRLB has a smallest
variation range between 2.7601m and 5.4168m for the total 30
sample points, the variation range of MLE algorithm is more
approximate to CRLB, which turns out to range from 2.8245m
to 6.5699m. However, the variation range of RLS is between
4.3400m and 8.5149m. The RMSE of total 30 coordinates
for two algorithms are evaluated point by point in Fig.10 to
compare with CRLB. As can be seen from the figure, the
RMSE of MLE algorithm is adjacent closely to CRLB, while
the RMSE of RLS algorithm which is bigger than MLE for
each sample suffers from severe fluctuations and is not as static
as MLE. This plot again confirms that the MLE algorithm is
much closer to CRLB and optimistic than RLS algorithm in
our scenario for drone localization.

Fig. 8. CDF of positioning error using MLE and RLS with different number
of base stations

The overall performance of these two algorithms in three
scenarios for 3D positioning estimation is reported in Table I,
which shows the relationship between RMSE for 3D positioning error using MLE and RLS algorithm in drone localization
with different number of BSs. Observations tells that 4.6225m
RMSE can be obtained by using the MLE algorithm in the
third scenario with 8 BSs, which provides the best positioning
accuracy compared to others.
TABLE I
A LGORITHMS PERFORMANCE COMPARISON
Algorithms
MLE

RLS

Number of BSs
4
6
8
4
6
8

RMSE(m)
6.7013
5.15
4.6225
8.1059
6.7569
6.3184

RMSEX(m)
4.0876
3.1559
2.8014
4.3922
3.8934
3.4603

RMSEY(m)
4.2557
3.2665
3.1011
5.0476
4.1448
4.0396

RMSEZ(m)
3.1762
2.4274
2.1220
4.5755
3.6493
3.4103

Fig. 9. Compare CDF of different algorithms with CRLB in 3rd Scenarios
with 8 base stations

C. Analysis of sample point position
To elaborate the impact of the height of sample points on the
localization accuracy in our scenario. For both RLS algorithm
and MLE algorithm in the third scenario, the RMSE for the
first 15 sample points with height 7.5m and the RMSE for the
rest ones with 15m are plotted in Fig.11a–b for comparison.
Observation tells that no matter for RLS or MLE algorithm,
if the height of the drone increase from 7.5m to 15m, the
localization accuracy will decrease, which is also consistent
with the phenomenon that the CRLB has an upward tendency
in Fig.10 when the height of sample points increases from
7.5m to 15m.

Fig. 10. Compare RMSE of different algorithms with CRLB for each sample
point

An experiment is conducted in the football field in Worcester
polytechnic institute to demonstrate our proposed algorithm.
Experimental results indicated that improved maximum likelihood algorithm performs better than recursive least squares in
terms of positioning accuracy in an outdoor LOS environment
and it gets the best performance in our third scenario with 8
BSs, the ranging error varies from 2.8245m to 6.5699m. In
terms of sample points position of drone, we observe that the
localization accuracy of sample points with lower ascent will
perform better than that of higher ascent. As a result, height
of the drone has an impact on the positioning accuracy in
our scenario, when the height of the drone increase, the error
of localization will have an upward tendency. The specific
channel model and optical algorithm for drone localization in
obstructed line of sight (OLOS) is also under study and can
be demonstarted in the future.
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VI. C ONCLUSION
In this paper, we demonstrated that Wi-Fi signal from drone
can be used for localization of drone, recursive least squares
and improved maximum likelihood algorithm for the localization have been proposed in the outdoor LOS environment.
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