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Abstract

We present a novel low cost time-of-flight (ToF)
sensor deck for micro UAVs capable of sparse
range measurements for localisation and map-
ping. In disaster scenarios such as building col-
lapses, the larger UAVs equipped with high-
fidelity sensors such as lidars, structured light
cameras and stereo cameras to perceive the en-
vironment with high resolution, may have diffi-
culties when navigating through cluttered con-
fined spaces. Micro UAVs are ideal for pro-
viding vital data in the aftermath of a disaster
scenario but does not have the payload capac-
ity for such sensors. Miniature low cost ToF
sensors can provide range measurements albeit
with low range and resolution. The proposed
solution includes the design and implementa-
tion of a novel sensing deck for a commercially
available micro UAV with 13 miniature ToF
sensors, a low resolution thermal camera and
a method to generate reliable 2D maps of GPS
denied areas. The sparse observations obtained
from range sensors are combined in a Rao-
Blackwellized particle filter to create a reliable
map. The ToF sensors are arranged to cap-
ture a maximum number of points in the hor-
izontal plane at the flying height despite fluc-
tuations in altitude and orientation. Particle
weighting and resampling are only performed
in a loop closure or when moving through a
known area. Importance weight for the parti-
cles are computed by an Iterative Closest Point
based method by calculating the error between
nearest scan points. The proposed method has
been tested in indoor environments and verified
as a robust method to generate reliable maps
of unknown environments.

Figure 1: Modified micro UAV platform based on
Crazyflie 2.0 [Giernacki et al., 2017]

1 Introduction

Use of small Unmanned Aerial Vehicles (UAVs) to map
indoor and outdoor areas are becoming more common,
especially in disaster response [Restas, 2015]. One of
the challenges in navigating such disaster stricken areas
is the complexity of the environment and the difficulty
of searching for survivors trapped in hazardous condi-
tions such as flames and gas leaks. Micro UAVs have
the required agility and the ability to navigate through
these complex confined spaces at a low equipment cost
with minimum disturbance to the environment. How-
ever, they are constrained by low payload capacity pre-
cluding the use of sophisticated sensors such as lidars,
structured light cameras or stereo vision systems com-
monly used for localisation and mapping using dense and
high fidelity data [Chen et al., 2017]. Simultaneous Lo-
calisation and Mapping (SLAM) is one of the key con-
cepts used in robotics to navigate in unknown environ-
ments [Kim et al., 2005; Montemerlo et al., 2002]. This
is essential to localise survivors, flames etc. in the cor-
responding environment. One solution is to use minia-
turised sensors to capture range data of the surrounding



environment and to use this sparse low fidelity informa-
tion to perform SLAM. This topic has been addressed
by many research groups and a number of approaches
have been proposed in [Beevers and Huang, 2006; Lee et
al., 2014].

Miniaturised sensors that can be used for this task in-
clude ultrasonic sensors, infra red (IR) sensors and Time-
of-Flight (ToF) sensors. These sensors individually have
a limited range and a very narrow field of view, thus, sev-
eral of them are required to get a better understanding
about the robot’s surrounding environment.

We propose a novel sensor configuration and imple-
ment a light weight sensor system to map an unknown
environment using a micro UAV with low cost ToF range
sensors. The main goal of this work is to use sparse
range measurements to create a 2D map of the environ-
ment at a given height while compensating the measure-
ment errors generated by attitude changes in the UAV.
To achieve that, we use a Rao-blackwellized particle fil-
ter (RBPF) based approach to model the uncertainty
of odometry measurements. Thermal signatures of the
environment are detected by a low-resolution thermal
camera. These are neither used as landmarks to facili-
tate the loop closure detection nor for particle weighting
in the particle filter.

To evaluate the proposed method we have cus-
tomised a commercially available open source micro
UAV, CrazyFlie 2.0 [Giernacki et al., 2017]. We have
designed and built a detachable top deck with thirteen
ToF sensors as shown in Fig. 1. These tiny sensors con-
tinuously capture range readings from surrounding ob-
stacles and transmit them to a host computer through a
radio link. In addition to that we have integrated a low
resolution thermal camera at the bottom of the UAV to
identify possible heat signatures.

The rest of the paper is organised as follows: section 2
presents related work; the method proposed for building
maps using sparse sensing is described in section 3; the
customised hardware platform, experiments and results
are presented in section 4; the conclusions and signifi-
cance of the results are discussed in section 5.

2 Related Work

SLAM using limited number of range sensors with
limited sensing range, mounted on a micro UAV has
not received much attention in the research commu-
nity. Most approaches on this topic are based on us-
ing ground robots and underwater robots with sonar
and IR sensors [Lee et al., 2014; Abrate et al., 2007;
Kim et al., 2007]. The use of sonar sensors for UAV
based SLAM has been discussed in [Williams, 2014].

The features of an indoor environment such as walls
and corners can be easily identified using scanning li-
dars due to their high resolution. This helps to identify

the specific locations of such features and keep tracking
them in order to localise the robot. However, the lim-
ited number of data points and limited visible range in
sparse sensing makes it hard to identify such features
with sufficient accuracy.

Some research groups have demonstrated building
feature-based maps using sonar sensors. Typically, a
sonar sensor has a large beam-width, which results in loss
of complex and small features in the environment. The
implementation of a suitable sensor model helps over-
come this problem up to a certain level [Lee et al., 2014;
Lee and Lee, 2016]. A number of approaches have fo-
cused on filtering noisy readings by considering the in-
tersection of arcs created using the range and Field-of-
View (FoV) of sonar measurements [Lee et al., 2014].
Line and point feature extraction is another method used
for feature-based maps [Ismail and Balachandran, 2015;
Zhang et al., 2018]. Furthermore, some sparse sensing
based approaches have followed simulation based test-
ing by assuming ideal conditions to reduce the num-
ber of variables in the environment [Qin et al., 2018;
Beevers and Huang, 2006].

The idea of using particle filters for SLAM has been
proposed in [Montemerlo et al., 2002]. We use the same
method with a Rao-Blackwellized particle filter to re-
duce the computational complexity and to make a reli-
able map [Grisettiyz et al., 2005].

2.1 Using Particle Filters for SLAM

Particle filtering is a Monte Carlo method used in the
process of SLAM [Thrun et al., 2005]. In particle filters,
several possibilities for the robot’s trajectory is repre-
sented by particles. The positions of the landmarks are
marked on the map relative to the trajectory of the cor-
responding particle. Finally, based on the likelihood,
particles are filtered out.

GMapping is a particle filter based SLAM package for
Robot Operating System (ROS) [Grisettiyz et al., 2005].
It uses a Rao-Blackwellized particle filter (RBPF) to gen-
erate occupancy grid maps. The scan matching method
is used for particle weighting since the same overlapping
areas from lidar scans can be found for many consecutive
steps. Thus, the particle weighting and resampling can
be done frequently. As identified previously, the use of
limited number of measurements from sparsely mounted
range sensors are insufficient to perform scan matching
between two consecutive steps. Thus, we are unable to
regularly perform resampling.

3 Mapping using Sparse Sensing

This method is designed to estimate the UAV’s hori-
zontal position using a particle filter to model the un-
certainty in the measurements of optical flow and IMU
sensors. Suppose x(i) is the system state vector for the



(a) ToF deck: top view (b) ToF deck: front view

Figure 2: ToF sensor arrangement on the custom de-
signed top sensor deck.

horizontal position of the UAV at the ith time step. At
each time step, we estimate the horizontal position x(i)
of the UAV using a set of particles pn(i) to represent the
probability distribution of the estimated UAV location.

The particles are initialised just prior to take off, and
evolve under the stochastic predictive model in Eq. 1
where u(i) is the input and δ(i) is system noise. f is the
motion model for the system.

x(i) = f(x(i− 1), u(i− 1)) + δ(i) (1)

Whenever a particle gets close to one of its earlier po-
sitions, we consider this to be a loop closure, and the
UAV’s range measurements are projected according to
the path of this particle, and the total error in the map
is calculated based on iterative closest points (ICP). The
multiscan file of the detected earlier position is used as
the reference point cloud. The particles which produce
the most errors in loop closures are considered to be un-
reliable trajectories and rejected, and therefore the cloud
of trajectory estimates tends towards reliable trajecto-
ries.

3.1 Point Cloud Slicing and Scan
Accumulation

The proposed ToF sensor configuration is shown in
Fig. 2. Eight sensors marked in red dashed lines in
Fig. 2(a) are used to take measurements in the hori-
zontal plane at the travelling altitude of the UAV. With
the attitude changes of the UAV when performing var-
ious manoeuvres, these sensors capture off plane mea-
surements which results in low dense areas in the point
cloud. To overcome that and to capture maximum data
points in the corresponding horizontal plane, four addi-
tional sensors are mounted with an angle of 10°to the
horizon as shown in Fig.2(b).

When converting range measurements to Cartesian co-
ordinates, we assume that the UAV flies at a constant

Figure 3: Slicing the point cloud

altitude h and therefore this results in a 3D point cloud
after incorporating attitude angles in the calculation pro-
cess. Since our target is to build a 2D map of an envi-
ronment, we slice the point cloud with a thickness of 2d
centred at h as shown in Fig. 3. Then all points within
that slice are projected to a horizontal 2D plane by re-
placing all Cartesian z components by h. We assume
that this process does not distort the map and is equal
to the horizontal 2D point cloud of the actual environ-
ment. This doesn’t lose generality as the majority of the
distance readings are coming from the walls in indoor
environments.

Since we only have a limited number of range sensors
to sense the environment, only a few scan points are re-
ceived in a single scan. In the proposed method, scans
are grouped together to form a rich point cloud to over-
come the challenges caused due to the low number of
points collected in each scan. Under this, scans from
k consecutive steps are accumulated in a multiscan file.
This enables us to perform ICP between multiscan files.
Eq. (2) represents the form of scan accumulation:

Zm(i) = [Z(i), Z(i− 1), ... Z(i− k + 1)] (2)

where Z(i) is an array which contains the Cartesian co-
ordinates of points obtained at ith step. Zm(i) is the
multiscan array at step i which contains the Cartesian
coordinates of the points from k number of consecutive
steps. Here, k is a constant for all multiscans.

Suppose xi is the system state vector at the ith time
step. We do not intend to maintain a pose history for
all intermediate scans within a multiscan. Instead, we
calculate the expected intermediate pose by assuming
xi−k as the origin as follows:

xi = f(xi−1, u(i− 1)) (3)



Algorithm 1 Rao-Blackwellized particle filter

1: for (k time steps) do
2: Move and collect scans
3: end for
4: for (particle pn = {xn(i − k), wn(i − k)}, n = 1..N)

do
5: Project the pose forward for each step using the

model in Eq. 1
6: Convert the scan points to Cartesian coordinates

and perform scan accumulation (Eq.2)
7: Update the map with new scan points
8: if (loop closure or known area) then
9: Calculate the map error using ICP

10: end if
11: Compute the importance weight (wn(i)) using

the map error
12: end for
13: Resample particles with probabilities proportional to

(wn(i)) when necessary

where u(i−1) is the input obtained from odometry mea-
surements. We then maintain the computed values for
expected intermediate pose history [xi...xi−k+1] [Beevers
and Huang, 2006].

3.2 Applying Rao-Blackwellized Particle
Filter

As previously mentioned, we use a particle filter to esti-
mate the UAV’s horizontal position. To reduce the com-
plexity, we treat the landmarks and UAV’s trajectory as
different problems. Hence, the Rao-Blackwellized parti-
cle filter is used by assuming the landmarks are indepen-
dent when conditioned on the robots trajectory[Murphy,
1999] as in Eq. 4. x1:t are the potential trajectories of
the UAV given its observations z1:t and its odometry
measurements u0:t.

p(x1:t,m|z1:t, u0:t) = p(m|x1:t, z1:t)p(x1:t|z1:t, u0:t) (4)

Algorithm 1 explains the routine of our RBPF. In the
beginning, equal weights are applied for all particles in
a way that

∑N
n=1 w

n = 1. The odometry motion model
(Eq. 1) is considered as the proposal distribution when
projecting the pose forward.

In the mapping process, three different situations can
be distinguished [Grisetti et al., 2007].

1. Moving through unknown areas

2. Moving through known areas

3. Closing a loop

Due to the low number of sparse measurements, we are
unable to perform ICP for situation 1. But in situations

Figure 4: Detect loop closures by calculating distances
between current pose (blue circle) and past poses (green
circles).

2 and 3, the prior map allows us to perform ICP, there-
fore particle weighting and resampling are only carried
out in these situations.

3.3 Situation Estimation

In order to perform particle weighting and resampling,
it is required to know that the UAV is moving through
unknown area, through a previously mapped area, or
is currently closing a loop. Here, we describe how to
distinguish the different situations.

For each particle, we calculate horizontal Euclidean
distance values, between the current position and a set
of previous positions (Fig. 4) and compare the minimum
distance value with a threshold (L) as in Eq. 5. The
Euclidean distances are computed using the horizontal
position coordinates extracted from the expected pose
vectors (xti). The set of previous positions comprises
of all the previous positions excluding most recent λ
poses. The reason is that the Euclidean distance be-
tween the current and immediate past pose always has a
much smaller value which makes the condition in Eq. 5
always true. Therefore λ should be selected such that
the distance between the current pose and any pose of
the λ set, is less than L.

As long as the condition in Eq. 5 is false, it is detected
as moving through an unknown area.

argmin{‖xti − xtq‖q=1:i−λ} < L (5)

When Eq. 5 is true it is considered as either situation
2 or 3. To distinguish these two we use the following
assumption.

Assumption 1: The moment which the UAV
enters a known area is a loop closure. Therefore mov-
ing in a known area cannot occur without closing a loop.

According to the assumption 1, the moment Eq. 5
become true is considered as a loop closure and after that
as long as it is true it is considered as moving through a
known area.



Figure 5: The micro UAV scanning the environment dur-
ing one of the experiments.

In general, for online-SLAM problems we use Markov
assumptions and discard all previous poses to reduce
the memory consumption and the computational cost
[Thrun et al., 2005]. In our method, we only add poses to
the pose history when moving through an unknown area.
This makes our algorithm computationally manageable
since Eq. 5 does not repeat the distance calculation
for known areas regardless how many times we moved
there. This approach can be introduced as a hybrid ap-
proach between online SLAM and full SLAM [Thrun et
al., 2005]. However, we store point cloud data in multi-
scan files when moving in known areas to map dynamic
or missing features.

3.4 Iterative Closet Point for Importance
Weighting

The standard ICP method uses two corresponding point
sets and computes the translation and rotation to min-
imise the sum of the squared error between the two point
sets [Lu and Milios, 1994]. By using the idea of the
ICP method, we have implemented a particle weighting
method based on its map error. The higher the map er-
ror of a particle, the lower its likelihood to be a reliable
trajectory (Fig. 6).

Suppose α = {α1, ..., αη} and β = {β1, ..., βη} are the
two corresponding point sets. α is the current mul-
tiscan (Zm(i)) at the moment of a loop closure de-
tection. The multiscan for β is chosen from the set
{Zm(1), ..., Zm(i−λ)} which has correspondence to α. It
is the multiscan which has the least Euclidean distance
between its intermediate pose and the current pose. In
other words, β is the multiscan of the pose chosen by
the argument in Eq. 5. The mean square error for the
nth particle (En) is calculated by Eq. 6 where αγ and
βγ are corresponding points and η is the total number of
points in a set. The corresponding point for each point
in α is chosen by finding the closest point from β. This

(a) Particle with high error (b) Particle with low error

Figure 6: Map of a 3.5m×4 m rectangular room illustrated
by two particles. The red lines and blue dots represent the
trajectory and the scan points respectively. At the point
of the loop closure, map error is calculated using the ICP
method. The particles with higher map error assigned with
low importance weight, hence considered as unreliable tra-
jectories.

is known as the closest-point rule [Lu and Milios, 1994].

En =
1

η

η∑
γ=1

‖αγ − βγ‖2 (6)

wn(i) ∝ 1

En
wn(i− 1) (7)

The mean square error of the particle (En) is inversely
proportional to its importance weight (wn) since a parti-
cle with more error is less likely to be following an accu-
rate trajectory. Following this concept, particle weights
are updated using Eq. 7.

In the resampling step, new particles are drawn based
on the probability of the current particle distribution.
This probability is given by the normalised importance
weight of each particle.

3.5 Detecting Heat Sources

The initial temperature of the environment is captured
from the integrated thermal camera upon the system
initialisation. While navigating through the environ-
ment, current temperature measurements captured by
each pixel of the thermal camera is compared with pre-
defined temperature ranges to detect humans, fires, gas
leaks etc. The size of the heat source is calculated us-
ing the number of pixels which falls in to the pre-defined
temperature range, Field of View (FoV) of the camera
and the flying height(h). If the size of the heat source is
larger than a pre-defined value, it is detected as a valid
heat source.

The temperature of the detected heat source is stored
along with the corresponding expected intermediate pose
(Section 3.1) for each particle.

4 Experiments and Results

We implemented and tested the proposed sensor deck
in a real environment to evaluate how the system han-
dles all aforementioned problems with the new sensor



configuration. Hence we have generated several maps
of actual environments and customised arenas using the
micro UAV (Fig. 5). Further, we have integrated a mi-
cro sized thermal camera to detect the heat signatures
in the environment and used lighted candles as dummy
heat sources.

4.1 The Micro UAV Platform

Crazyflie 2.0 is a small (9 cm×9 cm) and lightweight
(∼30 g) open-source quadcopter [Giernacki et al., 2017].
We have made several modifications to the original plat-
form as shown in Fig. 1. The modified hardware consists
of the following components:

1. Crazyflie 2.0 platform

• 4×7 mm coreless DC motors

• 3.7v 500 mAh LiPo battery

• STM32F405 micro-controller with clock speed
rated at 168 MHz

• 10 DoF IMU with accelerometer, gyroscope,
magnetometer and pressure sensor.

2. Flow deck

• PMW3901 optical flow sensor

• 1 × VL53L1x ToF sensor

3. Top sensor deck

• 13 × VL53L1x ToF sensors

4. AMG8833 IR Thermal Camera

5. nRF51822 radio module to communicate with the
ground station

The ToF sensors have a maximum range of 4 m. The
ToF sensor attached to the optical flow sensor deck is
used to maintain a constant height from the ground. The
top deck contains 13 ToF sensors as shown in Fig. 2. The
thermal camera has an 8×8 array of IR thermal sensors.

Extreme changes in roll and pitch reduce the number
of measurements in the horizontal plane of the flying
altitude. The additional 4 sensors marked green and blue
(Fig. 2) are used to overcome this problem. Further, to
avoid the same problem, the maximum horizontal speed
of the UAV was set to 0.4 ms−1 and to avoid aggressive
maneuvers.

The provided Python library allows us to send move-
ments commands to the UAV and receive log values. In
all experiments we have configured the Python comman-
der to pass the navigation commands using our laptop
keyboard. Hence, all missions were manually flown using
the laptop keyboard.

4.2 Data Collection and Processing

The CrazyFlie 2.0 was connected to a PC through the
communication link established by the NRF51822 radio

(a) With raw odometry (b) With RBPF

Figure 7: Mapping a square room with raw odometry
and with the RBPF method.

module. The sensor measurements from optical flow sen-
sor, IMU, thermal camera and ToF sensors are retrieved
from the onboard log files and processed on a normal
laptop computer with an Intel Core i5 2.5GHz proces-
sor. The data are logged at a rate of 25 Hz.

We performed several experiments using the UAV that
followed a pre-planned trajectory in a number of envi-
ronments. For evaluation purposes we have used the
following environments.

• A 4 m×3.5 m square room with a perimeter wall and
no obstacles in the middle.

• The biomedical engineering (BME) lab of the uni-
versity. One square table and one concrete column
were visible at flying height.

• A 3.5 m×9 m square area with a perimeter wall,
three square tables and one wall (thickness ∼ 0.3 m)
in the middle. Two lighted candle sources were
placed in the middle. Three experiments were car-
ried out by changing the configuration of tables and
wall in the middle.

In all experiments, several loops are covered to allow
our algorithm to detect loop closures to increase accu-
racy. A minimum distance of 0.3 m was maintained be-
tween the UAV and objects in the environment.

4.3 Results

The map of the square room was converted into a
gridmap with 0.04 m grid cells to observe the maps
clearly before and after applying our method. Fig. 7(a)
shows the generated map with raw odometry where the
drone completed three loops along the boundary of the
room. The map generated after applying our method
for the same scan file is shown in Fig. 7(b). Our subse-
quent experiments conducted in the BME lab were in an
environment with comparatively complex features. The
mapping results of this environment using our method
is shown in Fig. 8(a) and Fig.8(b) shows the map gener-
ated by the ROS Gmapping package. For this purpose,



(a) (b)

Figure 8: Generated map of the Biomedical Engineering
lab of the University using the proposed method (a) and
with ROS Gmapping (B). The blue line in (a) shows the
trajectory of the micro UAV.

the ToF readings were converted to lidar scan files using
a bridging plug-in to provide input to Gmapping.

The point cloud map of the testing arena with candles
(Fig.9(a)) is shown in Fig.9(b). Red circles represent the
positions of the heat sources as detected by the thermal
camera. Different colours of the point cloud are to differ-
entiate scan chunks and respective sensors and the colour
variation can be neglected when observing the map.

To evaluate our method we compared the hand-
measured wall lengths and angles of four corners of the
arena with the values calculated by point cloud maps.
For this, we used the least square line fitting method for
the point cloud to identify the boundary walls and cor-
ners. The error in both lengths and angles is calculated
for each boundary wall in each map and the root mean
square value is taken. The obtained results are shown in
Table 1.

5 Conclusions

In this paper, we have presented a sensor configuration
for a micro UAV to perform localisation and mapping
using sparse range data coming from ToF sensors . We
custom designed a sensor deck with integrated low cost
ToF sensors to be used with the micro UAV and inte-
grated a low resolution thermal camera. A particle filter

(a) Configuration of the arena

(b) Generated map of the arena

Figure 9: Mapping an arena while detecting thermal
sources. The arena has four boundary walls and contains
three tables, one middle wall and two lighted candles.

based approach was used and challenges related to parti-
cle weighting were discussed. A horizontal region related
to flying altitude was considered to select scan points to
build a 2D map at that particular altitude. Then mul-
tiscans created by grouping individual scans for several
time steps were considered in data association with state
updates. These were considered as a single scan for an
expected intermediate pose. Detected heat signatures
were stored separately with the corresponding expected
intermediate pose. A method to identify loop closures
and to weight particles using 12 ToF sensors was imple-
mented. Particles which were most similar to the actual
environment were chosen and resampling was performed.

Our experiments have shown that the implemented
method is able to detect loop closures successfully and
recover the correct map and trajectory in several envi-
ronments. The experiments in real environments with
complex shapes conclude that our method is capable of
generating reliable maps with a limited number of minia-
ture low-cost sensors mounted on a micro UAV.

Table 1: Arena details and results for the three experimental setups.

Arena 1 Arena 2 Arena 3

Dimensions (m×m) 3.5×9 3.5×9 3.5×9
Particles 50 100 200

Scans per multiscan 10 10 10
Total multiscans 448 492 408

RMS length error (m) 0.37 0.22 0.16
RMS angle error (degrees) 7.88 7.04 6.23
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