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Abstract: Miniature aerial vehicles are currently placed in the forefront of application breakthroughs in challenging environments,
thanks to their autonomy and their flying capabilities that overcome the traversability issues usually faced by ground robots.
Degraded subterranean environments are an attractive case for such platforms, since there is a constant need to increase the
safety operations in underground mines. The starting point for integrating aerial vehicles in the mining process is the capability to
reliably navigate along tunnels and collect sensor data for the operator. Inspired by the recent advancements, this paper presents
a collection of different, experimentally verified, methods tackling the problem of Micro Aerial Vehicles (MAVs) heading regulation
while navigating in dark and textureless tunnel areas. More specifically, four different methods are presented in this work with
the common goal to identify open space in the tunnel and align the MAV heading using either visual sensor in methods a) single
image depth estimation, b) darkness contour detection, c) Convolutional Neural Network (CNN) regression and 2D Lidar sensor
in method d) range geometry. For the works a)-c) the dark scene in the middle of the tunnel is considered as open space and is
processed and converted to yaw rate command, while d) examines the geometry of the range measurements to calculate the yaw
rate command. Experimental results from real underground tunnel demonstrate the performance of the methods in the field, while
setting the ground for further developments in the aerial robotics community.

1 Introduction

MAVs have undoubtedly shown powerfull merits as an outcome of
their outstanding flying capabilities in fully controlled and well-
defined laboratory environments. Inspired by the foreseen impact,
the vision of incorporating MAVs in various industries as a tool
to support and improve the current industry practices, is becom-
ing more and more mature. It is a fact that these platforms have
attracted great resources in the robotics community towards their
integration in real life applications. More specifically, Infrastructure
inspection [1], search and rescue [2], area coverage/surveillance [3]
are fields that already pursue the incorporation of aerial vehicles
in their operation cycles. These applications can be part of large
scale outdoors environments (e.g. bridges, wind-turbines, power
plants), urban environments (e.g. cities) and subterranean operating
environments (e.g. tunnels and cave networks).

Each industry poses different challenges for the aerial platforms
and should be addressed based on the application requirements.
This article reports methods related to the concept of aerial robots
for underground tunnel navigation. The mining sector expects that
semi-autonomous robots can contribute to safer mines and higher
efficiency in the mining operations [4]. More specifically, there
exist cases in the mine production routines that pose high risk for
the human life, including but not limited to blind shaft openings,
areas after blasting, etc. Deploying MAVs is such situations will
reduce the exposure of human operators to dangerous environments,
while increasing the efficiency of the operation by reducing the
inspection time. An autonomous robot could enter a high risk area,
collect useful sensor data for the operator to analyse and plan further
actions.

Aerial robots that operate in underground mine areas have to
cope with harsh conditions to successfully complete their mission.
Usually, in this type of environments there is a lack of any natural
illumination, there exist unconditioned narrow passages and cross-
ing paths, dirt, high moisture and dust. The challenges from the dark
and featureless environments constitute necessary the development
of elaborate control, navigation, and perception modules for these
vehicles.

The focus of this work is the experimentally verified navigation
of resource constrained robots along mine tunnels relying mainly on
visual or laser sensors, by taking advantage of the environmental
characteristics. All proposed methods work on the heading reg-
ulation for the MAV under a common control framework. More
specifically, four different approaches are proposed to address the
issue of the MAV heading correction while it is moving along a tun-
nel. This is a common problem found in such environments. The
aerial platform is considered as a floating object that is commanded
in the velocity domain to move forward while keeping constant alti-
tude, removing the dependency to reliable position estimation. It
becomes really important for the platform to keep the proper head-
ing along the tunnel while moving, to find it’s way across the tunnel.
Figure 1 demonstrates the concept of the heading correction.

-

1.1 Related Works

Several works in the existing literature have addressed the control
and navigation of MAVs in challenging environments using various
sensor configurations. In [5] the fields of estimation, control and
mapping for the MAV’s autonomous navigation along penstocks,
have been studied. In this work the major sensors used were a
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Fig. 1: Heading correction concept for navigation in the tunnel.

laser range finder and four cameras for the task of state estimation
and mapping. In [6] a range based sensor array approach has been
developed to navigate along right-rectangular tunnels and cylindri-
cal shafts. The authors proposed a range sensor configuration, to
improve the localization in such environments and provide the means
for autonomous navigation. In [7], the authors presented a multi-
modal sensor unit for mapping applications, a means for aerial robots
to navigate in dark underground tunnels. In this work, the unit con-
sists of a stereo camera, a depth sensor, an Inertial Measurement
Unit (IMU) and led lights syncs with the camera capture for artificial
lightning. Furthermore, the unit has been integrated with a volumet-
ric exploration method, demonstrating the capabilities of the overall
system. In [8] the authors demonstrated an integrated approach
for autonomous navigation and mapping in underground mines
using aerial robots. More specifically, two different approaches have
been presented, one based on Visual-Inertial and one based on
LiDAR-Inertial localization and mapping. Finally, this work pre-
sented the Next-Best-View-Adaptive planning method for continuos
exploration within a progressively explored map. Other works [9]
overviewed the design and comprehensive evaluation of a set of
aerial robotic systems in underground mine exploration applications.

1.2 Contributions

Based on the aforementioned state of the art, this work contributes in
proposing various alternative methods for correcting the MAV head-
ing, while navigating in the tunnel. Initially, the major contribution
of this work is the incorporation of computer vision methods for
the challenging task of aerial navigation in dark and cluttered envi-
ronments. More specifically, a plurality of approaches is analysed
to the heading calculation using either monocular cameras or 2D
Lidar sensors. The vision based approaches make use of the darkest
part of the tunnel considering it as the open space and apply dif-
ferent processing steps to identify it in the image plane. Work (a)
make use of the atmospheric vision and the dark chanel prior method
for estimating a depth image that is clustered and binarized into the
open space. Work (b) extracts the contour of the dark area in the
image plane using Otsu’s thresholding method as well as Moore-
Neighborhood tracing algorimth for extracting the contour of the
background objects. Work c) proposed a CNN regression method
that is trained to receive a grayscale image as an input and provide
the 2D location of the dark area in the image as an output. Finally,
work d) is using range measurements from the front, left and right
sides of the lidar sensor and are geometrically processed to find the
open spaces in the mine tunnel. Generally, larger range measure-
ments indicate longer distances that are treated as open space for
the robot to move towards. The second major contribution of this
work is the experimental verification of all methods in real-scale
underground tunnels with limited public access, for demonstrating
the performance of all methods. This is a merit that provides useful
insights in the field, while paving the way for further developments
in the field, towards reliable navigation of MAVs in challenging
environments (https://youtu.be/70nExsMDwNQ).

2 MAV heading correction Architectures

2.1 Frame Notation

The MAV body-fixed frame is B and the world frame is denoted
by W in the North-West-Up (NWU) frame. The forward look-
ing camera frame is C and the image frame is I with unit vec-
tor {xI , yI}. The px ∈ Z+ and py ∈ Z+ are the pixel coordi-
nates of the image I , and Z is the integer set of numbers Z =
{−∞, . . . ,−1, 0, 1, . . .∞}. Figure 2 depicts the coordinate system.

Fig. 2: Coordinate frames, where W, B, C and I denote the world,
body and camera and image coordinate frames respectively.

2.2 Vision based methods

Figure 3 visualizes the concept of the proposed methods. More
specifically, this work contributes with the heading calculation part
that generates yaw rate commands for the low level flight controller
using either range or visual data.

Fig. 3: The proposed method contributes in the heading calculation
using either range (R) or visual data (I). The dashed line denotes the
sensor data from the MAV, while the solid line denotes the yaw rate
command (ψ̇d) provided to the MAV.

2.2.1 Centroid Extraction using Depth estimation: Atmo-
spheric vision can be modeled by the classic physical model which
is shown below:

Iobserved(x, y) = Iinitial(x, y) · T (x, y) + l[1− T (x, y)] (1)

where Iobserved is the observed image, Iinitial is the original
image, l is the atmospheric light, T (x, y) is the transmission
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term, (x, y) are the pixel coordinates where x = 1, ...,M and y =
1, ..., N with M the width and N the height of the image. The first
term Iobserved(x, y) · T (x, y) is called direct attenuation [10] and
the second term l[1− T (x, y)] is called airlight.

The transmission term is usually defined as [11]:

T (x, y) = e−θD(x,y) (2)

where θ is the scattering coefficient of the atmosphere and D(x, y)
is the depth of the scene for pixel coordinates (x, y). A method that
is usually used to compute the transmission term is the Dark Channel
Prior (DCP) method [12].

After the depth map has been computed we perform a grey scale
morphological closing in order to smooth the image [13]. Then the
K-means clustering algorithm [14] detects a number of clusters in
the processed image. From the clusters we choose the one with the
minimum average intensity. For this cluster we compute the cen-
troid [15]. The centroid of this cluster will be at maximum distance
from the camera, as preliminary presented in [16].

A brief overview of the method decomposed in the number of
steps can be seen below:

Centroid Extraction using Depth:

–Input: RGB image acquired by the forward looking camera.
Start
• Step 1. Convert the RGB image to greyscale.
• Step 2. Extract the depth image.
• Step 3. Perform greyscale morphological close and cluster the
result image with K-means.
• Step 4. For the cluster of minimum average intensity extract the
centroid (sx, sy).
End
–Output: Pixel coordinates of the heading point (sx, sy).

2.2.2 Centroid extraction using Darkness Contours Detec-
tion: Following the authors’ preliminary work (see [17]), this
section describes the algorithm to identify the centroid of the runnel
based on extracting the darkness contour in the image. An illustra-
tion of the processing steps of the algorithm is given in Fig. 4. The
input to the algorithm is an image I from the onboard camera. It is
considered that the images are composed by a set of physical objects
(walls, pipes, lights) as well as a background. The first step deals
with the separation of such physical objects from the background,
which is done by finding a threshold that separates the data and uses
that threshold to create a binary image [18].

The threshold t partition the pixels of the image based on their
intensity into two classes:the T1 = {0, 1, ..., t} which represents the
background class and the T2 == {t+ 1, t+ 2, ..., L− 1} which
represents the foreground class where L the number of gray lev-
els of the image. The threshold value t is found by maximizing the
measure of class separability:

S(t) =
σ2Between(t)

σ2Total
(3)

where σ2Total is the total variance of the histogram and σ2Between(t)
is the variance between the the two classes.

The optimal threshold t∗ is computed as:

t∗ = argmax
t

S(t) (4)

After the calculation of the threshold value, the image is converted
to binary and the binary image is used to find the largest set of con-
nected background pixels. Tracing the contour of the background is
performed by using the Moore-Neighborhood tracing method [19].

Let p(xk, zl) be the pixel related to the image IN×M , and k ∈
[0, n] ∩ Z, l ∈ [0,m] ∩ Z are position in the image with N ×M
pixels resolution. Then the Moore-neighborhood M(p(xk, zl)) is
the set of all pixels that share a vertex or an edge with p(xk, zl)
as follows

M(p(xk, zl)) = {p(x, y) : x = xk + k, z = zl + l, (5)

K = {−1, 0, 1}, l = {−1, 0, 1}, (k, l) 6= (0, 0)} (6)

After the contour of each binary object has been computed, the
object with maximum area is selected and the centroid of the bound-
ing box for this object is calculated and returned as the heading point
coordinates. The method can be described as follows.

Centroid extraction using Darkness Contours:

–Input: RGB image acquired by the forward looking camera.
Start
• Step 1. Convert the RGB image to binary image using Otsu’s
threshold.
• Step 2. Extract contour of background objects using Moore-
Neighborhood tracing algorithm.
• Step 3. Identify the darkness in the tunnel as the background object
with largest area.
• Step 4. Compute a bounding rectangle for this area and return the
centroid of the rectangle (sx, sy).
End
–Output: Pixel coordinates of the heading point (sx, sy).

Fig. 4: Illustration of the processing steps to extract the centroid
using darkness contour detection.

2.2.3 CNN centroid Extraction: This module [20] develops a
regression CNN for extracting the centroid. The CNN is trained to
provide the centroid position of open space from the onboard image,
while the regression part converts the centroid to yaw rate com-
mands. Figure 5 depicts the architecture of the proposed CNN [21].
In this work the CNN has been trained using information of the
open space along the tunnel in sequential frames. This information is
expressed through the extraction of the centroid of the identified free
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tunnel space. The CNN training is based on the centroid extraction
using the method presented in Section 2.2.1.

Fig. 5: Architecture of the proposed CNN for the estimation of the
centroid with highest depth.

The input layer of the CNN is a matrix of 128× 128, followed
by a sequence of two 2D convolutional and pooling layers as feature
extractors, a fully connected layer to interpret the features, and with
a dropout layer to reduce the over fitting [22] and finally an output
layer with a sigmoid activation [23] to provide outputs between 0
and 1. Depending on the MAV equipped camera, the input image of
the CNN can have different sizes, however to reduce the computa-
tional power, the image stream of the camera is resized to 128× 128
pixels, while for offline centroid extraction, the data-set is resized to
512× 512 pixels for providing better information, then the centroid
position sx is mapped to [0,1] ([0, 511]→ [0, 1]) for training the
CNN.

Thus, the output sx of the CNN is a continuous value between
[0− 1] for representing the centroid position, e.g. 0, 0.5, and 1
are the location of the centroid in the left corner (sx = 0), center
(sx = 63) and right corner (sx = 127) of the image with 128× 128
pixels respectively. Then the output of the CNN is mapped to the
heading rate command ([0, 1]→ [−0.2, 0.2] rad/sec), where the
heading rate of−0.2 rad/s,−0.0 rad/s, and 0.2 rad/s corresponds
to the sx position in the left, center, and right corner respectively.
The CNN has been implemented in Python by Keras [24]. The loss
function is Mean Absolute Percentage Error (MAPE), the optimiza-
tion is based on an Adam optimizer [25], the learning rate is 0.001,
and the learning rate decay is 5× 10−6 over each update. Finally a
workstation has been utilized, equipped with an Nvidia GTX 1070
GPU for the training of the network with 200 epochs and 150 steps
per epoch, while the trained network is evaluated online on the
on-board MAV main processing unit.

CNN darkness centroid calculation:

–Input: RGB image I acquired by the forward looking camera.
Start
• Step 1. Convert the RGB image with m× n pixels to gray scale
and resizing to 128× 128 pixels, Im×n×3→ I128×128×1.
• Step 2. Output of the CNN: CNN(I128×128×1 )→ sx ∈ [0, 1].
End
–Output: Pixel coordinates of the heading point.

To train the CNN, the data-sets collected from moving the cam-
era by an operator in different directions and from flights in the
underground mine are used. For training the CNN 5067 images cor-
responding to 50m tunnel length are selected, while the data-set is
shuffled and 70% are used for training and 30% for the validation in
an offline procedure. The trained network provides MAPE of 10.4%
and 12.9% on training and validation data-sets.

2.2.4 Centroid to heading rate command mapping: Finally,
when the position of the open space is determined in the image
plane, it is afterwards converted from pixel coordinates to heading
rate command ψ̇d. In this case the x-axis coordinate is only consid-
ered. To convert the pixel coordinates initially sx is normalized to
[0, 1] using the normalization parameter α. α value is set equal to
the width of the image. The second step considers the generation of

the yaw rate command in the interval [ψ̇d,min, ψ̇d,max] through the
parameter β, since the selection of β defines the yaw rate limits. For
method 3 step 1 is ommited and is integrated in the CNN output. The
overall mapping scheme is described as follows.

Calculate the heading rate based on the centroid of the open
space:

–Input: Centroid of the heading point (sx)

Start
• Step 1. Linear mapping sx → [0, 1] ;sx = sx

α , sx ∈ [0, 1]

• Step 2. Linear mapping sx → [ψ̇d,min, ψ̇d,max] rad/sec

;ψ̇d = sx−0.5
β

End
–Output: Heading rate correction ψ̇d.

2.3 Lidar based method

The purpose of the vector geometry approach is to generate the head-
ing rate commands based on range measurements of the 2D lidar.
The heading rate commands is adjusted to guide the MAV towards
the direction that has the largest amount of navigable space.

Initially, three range measurements ri from 2D lidar ranges R =
{ri|ri ∈ R+, i ∈ Z ∩ [−π, π]} are measured for the right dr , cen-
ter dc and left dl distances. The ~dc has a direction towards the x-axis
of the body frame (θgeom,c = 0), ~dr and ~dl are right and left vectors
with a constant value of θgeom,r ∈ [0, π/2] and θgeom,l ∈ [−π/2, 0]
from the x-axis of the body frame respectively. The values of the
θgeom,r and θgeom,l are symmetric and depend on the design
choices and for clarity it is called θgeom. The resultant distance
vector of dr , dc, and dl is calculated as:

~dsum = ~dr + ~dc + ~dl (7)

Based on the direction of the ~dsum the heading can be obtained,
however achieving accurate heading especially for low-cost navi-
gation systems is not always possible. Furthermore, most of the
methods rely on information from a magnetometer and gyrocom-
pass, multi-antenna Global Navigation Satellite Systems (GNSSs)
or position information of the platform [26]. Nonetheless, magne-
tometer is not reliable especially in underground mines and GNSS is
not available for underground areas. Thus, in the proposed method,
the obtained heading is converted to a heading rate by dividing the
∠~dsum to θgeom. The ψ̇ is bounded between−1 and 1, e.g. dr = 0,
dl = 0, and dc > 0 that results to ψ̇ = 0 rad/sec, dc = 0, dl = 0,
dr > 0 results to ψ̇ = −1 rad/sec, and dr = 0, dc = 0, and dl > 0
result to ψ̇ = 1 rad/sec. However, a larger value of θgeom can be
selected to have slower heading rate commands.

ψ̇ =
∠~dsum
θgeom

(8)

It should be highlighted that in order to avoid disturbances in the
range measurements, the array of ranges can be used for ~dc, ~dr , and
~dl. The following part provides the overview of the vector geometry
based approach for generating heading rate commands, while the
θgeom = π/3, the array of ranges from [−π/4, π/4], [π/4, π/2],
and [−π/2, π/4] are considered for ~dc, ~dr , and ~dl respectively.

Calculate heading rate command based on 2D lidar measure-
ments:

–Input: R.
Start
• Step 1. ~dc =

∑π/4
i=−π/4 ri[cos θi, sin θi]

>

~dr =
∑π/2
i=π/4

ri[cos θi, sin θi]
>
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~dl =
∑−π/4
i=−π/2 ri[cos θi, sin θi]

> //obtaining ~dc, ~dr , and ~dl for
arrays of ranges.
• Step 2. ~dsum = ~dr + ~dc + ~dl.
• Step 3. ψ̇ = ∠~dsum

θgeom
, θgeom = π/3.

End
–Output: Heading rate.

3 Experimental Setup

3.1 Test Platform

The MAV type is quad-copter that has been developed at Luleå Uni-
versity of Technology. The low level flight controller is based on the
ROSflight [27], the vehicle weights 1.5 kg and provides 8mins of
flight time with 4-cell 1.5 hA LiPo battery. The Aaeon UP-Board∗ is
the main processing unit, incorporating an Intel Atom x5-Z8350 pro-
cessor and 4GB RAM. The operating system running on the board
is Ubuntu Desktop 16.04, while Robot Operating System (ROS)
Kinetic has been also included. Regarding the sensor configuration,
a 2D rotating Rplidar is placed on top of the vehicle, providing
range measurements at 5Hz. The velocity estimation is based on
the PX4Flow optical flow sensor at 20 Hz, while the height mea-
surements are provided from the single beam Lidar-lite v3 at 100
Hz, both installed on the bottom of the vehicle pointing down. Fur-
thermore, the aerial platform is equipped with two 10W LED light
bars in both front arms for providing additional illumination for the
looking forward camera and four low-power LEDs looking down
for providing additional illumination for the optical flow sensor. The
platform is equipped with a PlayStation Eye camera with a resolu-
tion of 640× 480 pixels and 10 fps. Figure 6 presents the platform
at different viewpoints, highlighting it’s dimensions and the sen-
sor configuration. Moreover, the code is written in C++ and Python
within Robot Operating System† (ROS) framework.

Table 1 Sensor specifications for the tunnel navigation system
2D Lidar Sensor Monocular Sensor

Model RPLidar A2 Technology CMOS
Distance Range 0.15-12m Resolution 640x480
Angular Range 0-360degree FPS 20
Scan Rate 10Hz Weight 100gr
Weight 350gr FoV 75degree
Power 5V Power 120mV

3.2 Dataset Description

The performance of the proposed method is evaluated in two dif-
ferent areas. First dataset is from a tunnel under Mjölkuddsberget
mountain located at Luleå, Sweden. The environment is character-
ized by lack of natural and external illumination in the tunnel. The
tunnel did not have corrupting magnetic fields, while small particles
were in the air. The tunnel morphology resembled an S shape and
the dimensions of the area where the MAV navigates autonomously
were 3.5(width)× 3(height)× 30(length)m3. The second dataset
was located in an area 790m deep in an underground mine in
Sweden without any natural illumination sources. Furthermore, the
underground tunnels did not have strong corrupting magnetic fields,
while their morphology resembled an S shape environment with
small inclination. Overall, the field trial area had width, height and
length dimensions of 6m, 4m, and 150m respectively.

∗https://www.aaeon.com/en/p/

up-board-computer-board-for-professional-makers
†http://www.ros.org/

Fig. 6: The developed quad-copter equipped with a forward looking
camera, a LED lights, optical flow, 2D lidar and single beam lidar.

4 Results

This section presents the experimental trials of all the methods in
real scale environments, summarized in the video link https://
youtu.be/70nExsMDwNQ. The focus of this paper is to present
multiple alternative open space identification methods for MAV
heading regulation, accompanied by experimental verification. Thus,
this Section presents only information related to the heading correc-
tion methods discussed in Section 2. Generally, flying underground
the overall navigation stack requires also state estimation and con-
trol modules that are not part of this paper and are considered black
boxes. Nevertheless, to give the complete picture to the reader a
short description of the overall concept is presented. The MAV is
considered as a floating object, while the state of the system is
X = [z, vx, vy, vz , φ, θ]

>. The Inertial Measurement Unit (IMU)
measurements, which are ax, ay , az , wx, wy , and wz for the lin-
ear and angular accelerations along each axis are passing through
an Extended Kalman Filter (EKF) and provides the φ and θ. The
down-ward optical-flow sensor provides vx and vy and the sin-
gle beam lidar provides altitude z estimation. The image stream
from the looking forward camera is denoted by I . Additionally,
the potential fields method [28] is implemented to generate velocity
references [vd,x, vd,y]

> to avoid collisions to the local surrounds
using range measurements R of the 2D lidar placed on top of
the MAV. Furthermore, for tracking the desired velocity and alti-
tude references [zd,x, vd,x, vd,y]

> the Nonlinear Model Predictive
Control (NMPC) [29] is implemented to generate the correspond-
ing thrust and attitude commands [Td, φd, θd]

> for the low level
controller. The low level controller generates the motor commands
[n1, . . . , n4]

> for the MAV.
In the presented experiments the desired altitude and velocities

for the MAV were set to 1m, and vd,x = 0.5m/s, vd,y = 0.0m/s
respectively. For all experiments the same visual sensor has been
used and therefore α=640. For method 1 β=1.25, while methods
2 and 3 used β=2.5. Additionally, methods 1, 2 and 4 have been
examined in the first environment in a tunnel under Mjölkuddsberget
mountain, while method 3 has been evaluated in the second loca-
tion, 790m deep in an underground mine. This location difference
is mainly because of the time span of the method developments and
the limited access to the underground operating mine.

4.1 Method 1: Single Image Depth Estimation

The calculated centroid is visualized with a red circle in the sequen-
tial frames, while the visual processing architecture provides the
centroid with update rates of 20Hz. Figure 7 depicts an example
of the extracted centroid overlaid in the onboard captured image as
well as the generated single image depth map.

Figure 8 shows the heading rate command generated by the
proposed method for the MAV. In this trial ψ̇d,min was set to -
0.4 rad/sec and ψ̇d,max was set to 0.4 rad/sec. The Figure depicts
that the rate command was mainly between -0.2 and 0.2 while there
were times that it exceeded these values. It also shows an oscillation
around 0 rad/sec.
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Fig. 7: On the left column sample RGB images of the on-board
forward looking camera overlaid with the centroid (denoted by red
color) of the open area, while on the right column the estimated
depth images.
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Fig. 8: The heading rate commands generated from method 1.

4.2 Method 2: Darkness Contours

In Figure 9 some examples from the on-board image stream during
the autonomous navigation are depicted, while the centroids of the
darkest contours are makred with red color. The method is able to
extract the contour of the darkest area showing the applicability of
the concept for heading regulation.

Figure 10 shows the heading rate command generated by the
proposed method for the MAV. This Figure shows that the yaw
rate commands are mainly around 0 rad/sec. with some peaks that
happen when for example the MAV is closer to the wall.

4.3 Method 3: Darkness CNN Regression

In Figure 11 some examples from the on-board image stream dur-
ing the autonomous navigation are depicted, while the centroids
obtained from the centroid extraction method and the CNN are
compared. Moreover, it should be highlighted that the CNN only
estimates the sx centroid position and the input image of the CNN is
resized, however for comparison in the following figure it is assumed

Fig. 9: Sample images of the on-board forward looking camera,
while the boundaries of the darkest contour is shown by red color.
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Fig. 10: The heading rate commands generated from method 2.

that the sy position of the centroid and resolution of the image are
the same in both cases.

Fig. 11: Comparison of û from CNN and centroid extraction method
from MAV on-board camera. The CNN estimation is indicated by a
blue circle, while the centroid extraction method is indicated by a
red circle.

Figure 12 shows the heading rate command generated by the CNN
module, that due to the narrow width of the tunnel and the corre-
sponding camera field of view, small heading angle rotations results
to replacement of the centroid in another direction, thus the heading
rate commands are generated in different signs frequently.

4.4 Method 4: Vector Geometry

In this case the 2D lidar measurements are used for heading correc-
tions. In order to reduce 2D lidar measurement noise and uncertain-
ties for calculating the heading rate, instead of relying only on one
beam, array of beams are selected and passed through median filter.

During the field trials, it was observed that the platform heading
was corrected towards the open area.

6



0 20 40 60 80 100

−0.2

0

0.2

time [sec]

ψ̇
d

[r
ad

/s
]

Fig. 12: The heading rate commands generated from method 3.
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Fig. 13: The heading rate commands generated from method 4.

5 Conclusions

Miniature aerial vehicles are currently placed in the forefront of
application breakthroughs in challenging environments, thanks to
their autonomy and their flying capabilities that overcome the
traversability issues usually faced by ground robots. This paper pre-
sented a collection of different, experimentally verified, methods
tackling the problem of MAVs heading regulation, during under-
ground tunnel navigation. More specifically, four different methods
are presented in this work with the common goal to identify open
space in the tunnel and align the MAV heading using either visual
sensor a) single image depth estimation, b) darkness contour detec-
tion, c) CNN regression or 2D Lidar sensor d) range geometry. For
the works a)-c) the dark scene in the middle of the tunnel is con-
sidered as open space and is processed and converted to yaw rate
command, while d) examines the geometry of the range measure-
ments to calculate the yaw rate command. Experimental results from
real underground tunnel demonstrate the performance of the meth-
ods in the field, while setting the ground for further developments in
the aerial robotics community.
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