


circles represented by their radius, the position of their center
and the velocity of their center, both in world coordinates.
Every circle includes a unique identifier.

B. Contributions and outline

Our main contribution is the design and development of
a semantic situation awareness system for multirotor aerial
robots based on 2D LIDAR measurements. The proposed
algorithm is the combination of three main modules. The first
module encompasses two components that preprocess the
LIDAR measurements, together with a third component that
carries out an object segmentation to cluster the candidate
objects present in the environment. The second one is a
Convolutional Neural Network (CNN) that has been designed
and trained using an artificially generated dataset to compute
the radius and the position of the center of individual circles
in sensor coordinates. Lastly, an indirect-EKF estimates the
semantic map of the environment in world coordinates,
including the velocity of the center of the circles in world
coordinates.

The remainder of the paper is organized as follows: Sect. II
reviews the related works. Sect. III presents the overall
proposed semantic situation awareness system, getting into
the details of the preprocessing and object segmentation
components. In Sect. IV, the key component that detects
the circles using machine learning techniques is presented.
Sect. V covers the details of the semantic circle mapping.
The evaluation of the performance of the proposed semantic
situation awareness system is done in Sect. VI. Finally,
Sect. VII concludes the paper.

II. RELATED WORK

In [14], pedestrian detection in urban areas using only
LIDAR-based features is proposed. Using a set of features
specifically designed for the task, a minimum-redundancy
maximum-relevancy method is used to select features and
their combination [15]. Five different classifiers have been
tested, showing the feasibility of pure LIDAR based obstacle
recognition. In the work of [16], shape is extracted from
multi-layer LIDAR data. Objects are then classified and
tracked by support vector machine (SVM) and a Kalman
filter. In [17], obstacles in outdoor navigation are modeled
as basic geometric shapes whose locations can be found
in the space by processing 3D LIDAR raw point clouds.
In particular, shapes are extracted from supervoxels by a
RANSAC-based method and the output is optimized by
means of a density loss estimation. A solution to detect
circular shapes from 2D LIDAR data has been proposed in
[18]: first of all, data is grouped in segments by a variation
of a Point-Distance-Based Segmentation method improved
by adding a copy process to detect circular shape and an
angle thresholding procedure; five features are extracted
from valid segments and fed to a SVM classifier to detect
specific circular objects. Another example of circle detection
in LIDAR data is in [19]; the work proposes a method to
separate wood and leaf data; different geometric primitives
(circles, arcs or lines) have been identified depending on the

different tree height, thus circle from points projected in the
2D x-y plane are fitted by means of the Hough transform.
Another example of object shapes detected from LIDAR
data are building roofs [20] and vehicle L-shapes fitting
[21]. Circle fitting for incomplete and noisy 3D LIDAR data
has been proposed in [22]. The method combines Principal
Component Analysis (PCA) and robust regression with an
algebraic circle fitting method. A circle detector suited for
LIDAR data and that utilizes M-Split estimation has recently
been proposed in [23].

LIDAR-based obstacle detection has also been success-
fully employed in autonomous navigation scenarios [24].
At this aim, the work of [25] proposes a precise negative
obstacle detection system for Unmanned Ground Vehicle
(UGV) that can detect obstacles farther than 10 meters,
exploiting the less restrictive payload limitations of UAVs.
2D laser range data is for rescue robots autonomous navi-
gation in [26]. Authors propose an algorithm to detect lines
and their boundaries. Lines are fitted by a Hough transform
and, after removing noisy and sparse points, extracted by a
recursive split algorithm. People are identified and tracked
by a Convolutional Neural Network (CNN) trained with 2D
line scanner data in [27].

III. SEMANTIC SITUATION AWARENESS OF THE
ENVIRONMENT

In this section, we first introduce some essential concepts
used in our work, then we describe the overall proposed
situation awareness system, and we finally describe the
preprocessing and object segmentation components.

One single measurement of a 2D LIDAR, z, represents a
list where each entry is the distance between the measured
point of the environment and the sensor, ρi, for every
orientation of the LIDAR, ψi, of its angular range, ∀ψi ∈
[ψmin, ψmax]:

z = {zi = ρi(ψi)}, ∀ψi ∈ [ψmin, ψmax] (1)

Therefore, a LIDAR measurement can be seen as a point
cloud in R

2 represented in polar coordinates:

z = {tLPi
= [ψi, ρi]}, ∀i (2)

It is worth to mention that in case of no physical point in
the environment within the linear range of the LIDAR for
a particular orientation ψi, then, the measured distance by
the LIDAR is set to an out-of-range value (e.g. zi = ∞, or
zi = NaN).

A circle in a 2D environment is represented by its radius,
r, and the position of its center in world coordinates, t =
[tx, ty]. Its analytical equation is the following:

(x− tx)
2 + (y − ty)

2 = r2 (3)

where x and y are the coordinates of its circumference in
the world reference frame.

As mentioned before, our proposed environment situation
awareness takes in input, the measurements given by a 2D
LIDAR and the information of the pose of the aerial robot,
generating as output, the semantic map of the environment



as a list of circles. The proposed algorithm is formed by the
five components shown in Fig. 2, which are described below.

A. LIDAR RANGE LIMITATION

This preprocessing component limits the operation range
of the onboard LIDAR to a user-defined 3D volume de-
scribed by 2D planes in the world reference frame, filtering
the objects in the environment that are outside the operational
volume.

The position of any point, Pi, measured by the LIDAR in
world coordinates is calculated as:

tWPi
= pW

R ⊕ pR
L ⊕ tLPi

(4)

where pW
R is the pose of the aerial robot in world coordinates,

pR
L is the calibrated pose of the LIDAR with respect to

the robot reference frame, and ⊕ is the pose composition
operation.

If the point, Pi, is located outside the operational volume,
the i-th element of the measurement of the LIDAR is set to
out-of-range (e.g. zi = ∞, or zi = NaN).

B. LIDAR HORIZONTAL PROJECTION

Common multirotor aerial robots are underactuated plat-
forms that require to change its tilting (pitch and roll)
when moving in the horizontal plane. This tilting distorts
the measurements of the LIDAR when perceiving cylinders
in the sense that the intersection between the measurement
plane and the cylinder becomes an ellipse instead of a circle.

This preprocessing component corrects the LIDAR mea-
surements by compensating the pitch and roll movements of
the aerial platform.

The projection of the raw measurement of the LIDAR,
z = {ρi}, in the horizontal plane is calculated as follows:

ρhi = ρi · cos (θS) · cos (φS) , ∀i (5)

where θS and φS are the pitch and roll values of the LIDAR
sensor in world coordinates.

C. OBJECT SEGMENTATION

In order to deal with environments with multiple objects,
we use an approach based on object segmentation. With this
method, we create from every coming LIDAR measurement,
a set of LIDAR measurements, one per object present in the
scene. This way, every created LIDAR measurement contains
only the measures of one single object present in the scene.

The first step consists of a clustering algorithm that groups
into the same cluster the points of the coming LIDAR
measurement that belong to the same object. To do that,
both the Cartesian and the Polar spaces are used to cluster
the points that satisfy a user-defined distance threshold. After
that, clusters formed by a less than a user-defined number
of points (i.e. 0.3% of the elements of the LIDAR mea-
surement) are filtered as they are considered to be spurious
measurements. This algorithm generates a vector, m, of the
same dimension of the LIDAR measurement, whose values

indicate the belonging of a cluster of every point Pi of the
LIDAR measurement:

m = {mi}, ∀i (6)

being mi = 0 if the point Pi is not associated to any cluster,
and mi = k if the point Pi is associated to the cluster k ∈ N.

Finally, one LIDAR measurement is generated per clus-
tered object, containing only the i-th elements of the coming
LIDAR measurement, that belong to the same cluster k
defined in the vector m.

IV. MACHINE LEARNING BASED CIRCLE
DETECTION

The component presented in this section computes the
parameters of one single circle using a LIDAR measurement.
It is worth to highlight that by means of the components
presented in Sect. III, the LIDAR measurement input to this
component contains only one single circle.

This component consists of a Convolutional Neural Net-
work (CNN) described in Sect. IV-A. We have generated a
synthetic dataset (see Sect. IV-B) to train the artificial neural
network using a custom loss function (see Sect. IV-C).

As described in Sect. VI-B, we use a 2D LIDAR, which
provides, when taking advantage of its full angular range,
a measurement with a dimension of 1081 points. Therefore,
the input of the component presented in this section is a
vector of dimension 1081 containing all the distances ρi.

As mentioned before, the output of this component are the
parameters of the computed circle, i.e. the pose of its center
in the sensor frame, tSC =

[
tx

S
C , ty

S
C

]T
; and its radius, ri.

Therefore, its output is gathered as a vector of dimension 3.

A. CNN architecture

The architecture of the proposed CNN is graphically
represented in Fig. 3 and detailed in Tab. I.

The proposed CNN encompasses six 1-dimensional con-
volutional layers and two fully connected layers. The last the
fully connected layer is used as output layer for regression
by means of three neurons with a linear activation function.
The reader must note that the typically used pooling layers
are not present in our proposed CNN, replacing them by an
increase of the strides in the even convolutional layers (i.e.
C2, C4, and C6).

The proposed architecture of the CNN has a total of
1, 826, 350 trainable parameters.

To improve its performance, the input data is preprocessed
before feeding it to the CNN. First of all, it is normalized in
the range of [0, 1], based on the normalization parameters
calculated during the training stage. After the normalization,
the out-of-range values (e.g. zi = ∞, or zi = NaN) are
replaced by a real number that is numerically treatable by
the CNN (i.e. −1).

B. Dataset generation

We have artificially generated a synthetic dataset using
MATLAB by simulating the measurements of a LIDAR as







5) Measurement model: The measurement model, z̃(k) =
h(x(k)), is decoupled for every individual map element,
depending only on the robot state, and it is given by:

t̃
S
Mi

=
(
RR

S

)T

·
(
RW

R

)T

·
(
tWMi

−RW
R · tRS − tWR

)
+ nht

(16)
r̃i = ri + nhr

(17)

where tRS and RR
S represents the calibrated pose (translation

and rotation matrix) of the sensor in the robot frame; RW
R

is the rotation matrix of the attitude of the robot in world
frame, calculated using the simplified quaternion q̄W

R ; and
nht and nhr are the measurement noises.

6) Mapping model: The mapping model, x′(k) =
g (x(k), z̃(k)), depends only on the robot state and every
individual unassociated measurements, generating a new map
element, following the equations:

tWMi
= RW

R ·RR
S · t̃SMi

+RW
R · tRS + tWR (18)

vW
Mi

= 02×1 + ngv (19)
ri = r̃i (20)

where ngv is the mapping noise associated with the estima-
tion of the velocity of the center of the circle in world frame,
as it cannot be directly observable from the measurement.

B. Stages

1) Prediction stage: During the prediction stage, the state
of the robot and the previously mapped circles are estimated.
The nominal-state is estimated following the process model
presented above, as:

x̂(k) = f(x̂(k − 1), ǔ(k − 1)) (21)

The covariance of the error-state is estimated following:

P δx(k|k − 1) = F δx · P δx(k − 1|k − 1) · (F δx)
T

+ F δu ·Qδu · (F δu)
T

+ F δn ·Qδn · (F δn)
T (22)

where F δx, F δu, and F δn are the Jacobian matrices of the
error-state process model, which are omitted for brevity; Qδu

is the covariance matrix associated with the inputs, and Qδn

is the covariance matrix associated with the process model.
2) Update stage: During the update stage, the state of the

existing map elements is corrected using the measurements,
and the new map elements are added to the estimated map.
It requires several steps:

First of all, the values of the measurements are predicted
using the measurement model and the las predicted state as:

ˆ̃z(k) = h (x̂(k)) (23)

The predicted measurements need to be matched with
the actual ones following a process called data association.
The first step of this process consists of calculating the

innovation of all the predicted measurements, j, with the
actual measurements, i, as:

νij(k) = z̃i(k)− ˆ̃zj(k) (24)

Sij(k) = Hδx · P δx(k|k − 1) · (Hδx)
T

+Hδn ·Rδn · (Hδn)
T (25)

where Hδx and Hδn are the Jacobian matrices of the error-
state measurement model, which are omitted for brevity; and
Rδn is the covariance matrix associated with the measure-
ment noise. After that, the Mahalanobis distance is computed
following:

d2ij = (νij)
T · (Sij)

−1 · νij (26)

We select as candidates to be associated together, the i and
j elements with the smallest Mahalanobis distance for every
actual measurement. The candidates are associated if their
Mahalanobis distance is lower than a user-defined threshold.

Once the data association process has finished, we correct
the state of the map elements that have been associated with
an actual measurement. We calculate the Kalman gain as:

K = P δx(k|k − 1) · (Hδx)
T · (Sij)

−1 (27)

And we update the nominal-state and the covariance of the
error-state, following:

δx(k|k) = K · νij(k) (28)
x(k|k) = x(k|k − 1)⊕ δx(k|k) (29)

P δx(k|k) = (I −K ·Hδx) · P δx(k|k − 1) (30)

where ⊕ is the operation that updates the nominal-state
with the error-state, which in our case is simply a standard
addition +, as we are not updating the robot state, and the
map elements state does not include orientations.

Finally, the unassociated measurements are mapped,
adding to the state new map elements as follows:

x̂′(k) = g (x̂(k), z̃(k)) (31)

P ′
δx(k|k) = Gδx · P δx(k|k) · (Gδx)

T

+Gδz ·Rδu · (Gδz)
T

+Gδn · T δn · (Gδn)
T (32)

where Gδx, Gδz , and Gδn are the Jacobian matrices of the
error-state mapping model, which are omitted for brevity;
Rδu is the covariance matrix associated with the measure-
ment; and T δn is the covariance matrix associated with the
mapping model.

3) Map management stage: During the map management
stage, the list of map elements is updated, deleting those
elements with a high covariance, as their state is assumed to
be outdated and therefore not useful anymore.

We use the eigendecomposition of the covariance matrix of
the estimated state of every map element, P δxMi

, to calculate
its principal values as:

P δxMi
= Qe ·ΣδxMi

·Qe
−1 (33)



where Qe is the matrix of the eigenvectors; and ΣδxMi
=

diag (λ1, .., λ5), is the diagonal matrix of the eigenvalues,
λj , of the matrix P δxMi

.
We set a threshold for the values of every eigenvalue, and

we delete the associated map element when any of its value
is over this threshold.

VI. EVALUATION AND RESULTS

In this section, we evaluate the performance of the pro-
posed semantic situation awareness of the environment.

A. Evaluation methodology

The validation of the proposed semantic situation aware-
ness of the environment is done considering two different
aspects.

On the one hand, in Sect. VI-C, we deeply evaluate the
performance of the proposed system when it is facing an
environment with perfect simulated cylinders.

On the other hand, in Sect. VI-D we evaluate the robust-
ness of the proposed system in a real environment that is
populated by objects without a perfect cylindrical shape.

B. Experimental setup

All the presented components of this work have been
implemented in C++, except the machine learning based
circle detector that has been implemented in Python. They
all are executed on a Laptop DELL Latitude 5470 equipped
with an Intel Core i7-6820HQ CPU, 8 GB of RAM, and
no dedicated GPU, running Ubuntu 16.04. We use ROS
[30] as middleware between all the components. We have
implemented our CNN using Keras [31] running on top of
TensorFlow [32].

Our aerial platform is a DJI Matrice 1002 quadrotor,
equipped with a DJI Manifold companion onboard computer.

We use a Hokuyo UTM 30LX3 LIDAR mounted onboard
the aerial platform in a calibrated location. This LIDAR
has an angular range of 270◦ with an angular resolution of
0.25◦, i.e. 1081 values. Its linear range goes from 0.1 m. to
30 m., although we have limited it to 10 m. We have set its
measurement rate to 20 Hz.

For the simulation results presented in Sect. VI-C, we
use the VRep simulator, using all the presented components
with a Software-In-The-Loop (SITL) methodology. We have
developed a VRep scene with our simulated aerial platform
and LIDAR, and populated with several static as well as
moving cylinders (see Fig. 6).

For the experimental results presented in Section VI-D,
we use the real aerial robot flying inside our Laboratory (see
Fig. 1). We limit the operation volume of our flight arena to a
cube of x: −2.5 m. to 2.5 m., y: −3 m. to 3 m., and z: 0.1 m.
to 5 m. thanks to the range limiter presented in Sect. III-A.
We use as the robot localization component the multi-sensor
fusion state estimator presented in [33], feeding it with the
pose measurements provided by an Optitrack motion capture

2https://www.dji.com/matrice100
3https://www.hokuyo-aut.jp/search/single.php?

serial=169

Fig. 6. Scene used in our VRep simulation. The gray cylinders are static
objects, whereas the red ones are moving objects.

system. A moving person and a quasi-cylindrical static object
are used as the two existing objects of the environment.

C. Simulation results

We have carried out an intensive quantitative and quali-
tative evaluation of the proposed situation awareness system
using the simulator.

Our first set of experiments consisted of placing one single
cylindrical moving object inside the range of the LIDAR.
We have modified both the radius of the object and the
trajectory it is following. We have compared the ground truth
values provided by the simulator with the estimated values
calculated by our proposed situation awareness system. We
have computed the mean squared error (MSE), in m2; and
the maximum absolute error (MaAE), in m.

Fig. 7 shows the values of the position of the center in
world coordinates and the radius of the single object of r =
0.3 m. following the second trajectory.

Tab. IV gathers the results of the simulations of one single
object following the second trajectory for different values of
its radius.

TABLE IV
SET OF EXPERIMENTS WITH A SINGLE OBJECT WITH DIFFERENT RADIUS

FOLLOWING TRAJECTORY 2. MEAN SQUARED ERROR (MSE) IN M2 AND

MAXIMUM ABSOLUTE ERROR (MAAE) IN M.

r tx ty
Radius MSE MaAE MSE MaAE MSE MaAE
0.1 m. 8.7482e-06 0.0073 0.0014 0.0610 0.0011 0.0680
0.15 m 1.1542e-05 0.0097 0.0014 0.0638 0.0012 0.0715
0.3 m. 7.5769e-06 0.0081 0.0013 0.0691 0.0015 0.0711
0.45 m. 7.7660e-06 0.0075 0.0013 0.0735 0.0014 0.0714
0.6 m. 0.0019 0.0751 0.0054 0.1552 0.0012 0.0724

Tab. V shows the results of the simulations of a single
object of r = 0.3 m, following different trajectories.

Analyzing this first set of experiments, we see that the
MSE of the estimation of the radius of the object is always
lower than 3.0 · 10−5 m2 and its MaAE is lower than 0.015
m. The MSE of the estimation of the position of the center








