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Abstract The application with autonomous robots is becoming more popular [1]
and Neural networks and image processing are increasingly linked to control and
decision [2] [3]. This study seeks a technique that makes drones or robots more au-
tonomous in-doors fly. The work investigates the implementation of an autonomous
control system for drones, capable of crossing windows on flights through closed
places, through image processing [4] [5] [6] [7] using convolutional neural net-work.
Object’s detection strategy was used, through its location in the captured image it
is possible to carry out a programmable route for the drone. In this study, this loca-
tion of the object was established by bounding boxes, which define the quadrilateral
around the found object. The system is based on the use of an open source autopilot,
Pixhawk, which has a control and simulation environment capa-ble of doing the job.

Two detection techniques were studied. The first one is based on image processing
filters, which captured polygons that represent a passage in-side a window. The other
approach was studied for a more real environment, im-plemented with the use of
convolutional neural networks for object detection, with this type of network it is
possible to detect a large number of windows.
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1 INTRODUCTION

The main objective of this study was to investigate the creation of a system capable
identify a passage using a monocular camera, such as a door or window, and guide
a little drone through it. This system involves the construction of a small aircraft
capable of capture images that will be processed by an external machine which, in
turn, accurately respond to the specific movement the aircraft must follow. In Fig. 1
below, show an outline of the system structure, where an arrow indicates the flow of
information and processes carried out.

The detection algorithm works with the classification of pixels and the location
of the red object within an image. Through this obtained position, it is possible to
make an analysis with reference to the position of the camera, thus calculating a
route for the aircraft run. Two detection approaches were studied in this work, the
first being only about simple image processing techniques and the other based on
the use of convolutional neural networks, more specifically the use of SSD, Single
Shot MultiBox Detector [8] [9] [10].

2 MATERIALS AND METHODS

The work combined the hardware and software to enable control of the aircraft.
The choice of the hardware equipment for research was due to the low investment
compared to the commercial models to sale. Not to mention the fact that PixHawk
has a large open source development kit.

Fig. 1 The implemented system (The author)
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2.1 The Aircraft Hardware

Asmall Q 250 racing quadcopter (25cm)was built with enough hardware to complete
the project, including a flight controller board PixHawk 4 [11] [12], 2300kv mo-tors
and 12A ESCs (Electronic Speed Controlers). This controller board has a main FMU
(FlightManagementUnit) processor, an I/O (Input/Output) processor, accelerometer,
magnetometer and barometer sensors. The Fig. 2 shows the used drone in the search.

In the implemented system the data processing is not embedded, so a wireless
connection was necessary for the transmission of commands between the ground
base machine and the drone. And also a data connection for transmitting images
captured by the aircraft. A separate connection was used to transmit the com-mands
and another for images through a 915MHz telemetry to connect to the ground station
that processes and to send commands to flight control.

Images captured by the FPV (First Person View) HD (High Definition) camera
are transmitted by a 5.8 GHz transmitter/receiver pair.

Fig. 2 Drone Q250 with PixHawk (The author)
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2.2 The Ground Control Station

Ground Control Station (CGS) is a kind of software executed on a solo plat-form
that performs the monitoring and configuration of the sensor’s drone such as sensor
calibration settings and the configuration of general purpose boards, supporting
different types of vehicle models, like the PixHawk that needs a configuration of its
firmware before its use.

In this work, the QGroundControl software of ground station was used. This
software allows you to check the status of the drone and program in a simple way
missions with GPS (Global Positioning System) and map. It is suitable for the
PixHawk configuration. The following Fig. 3 shows the interface of this GCS used
[13] [14] [15] [16] [17].

2.3 MAVSDK Drone Control Framework

The MAVSDK drone control framework was used in this implementation. It is a
library can perform simple stable motion functions such as take off and land, and
control the speed of the airframe on its axes. It uses the coordinate system to command
the aircraft, communicating with vehicles that have MAVLink, a com-munication
protocol for drones and their internal components.

MAVSDK is a SDK (Software Development Kit) made for PixHawk in vari-
ous types of vehicles. This framework was originally implemented in C ++, but
this work was made in Python, which is one of the derivations of the SDK. The

Fig. 3 QGroundControl (GCS)
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written code runs on a machine and sends commands through MAVLink proto-
col [18] [19] [20] [21].

2.4 Simulation

This work used the Gazebo simulator, with its PX4 Simulator implementation,
which brings various vehicle models with PixHawk specific hardware and firm-ware
simulation.

2.4.1 Gazebo

Gazebo provides realistic simulation with complex scenarios and robust envi-
ronment physics, including several sensors to sketch a true real-world implemen-
tation. Gazebo enables the implementation of multiple robots. This makes possible
to test and train AI codes and image processing with remarkable ease and agility.
Gazebo can create a scenario with various buildings, such as houses, hospitals, cars,
people, etc. With this scenario it is possible to evaluate the quality of the codes and
trim their parameters before a test in the real environment [22] [23] [24].

2.4.2 PX4 Simulator

PX4 simulator is a simulatedmodeling of PixHawkwithin the Gazebo envi-ronment,
simulating all themain features of Autopilot over some aircraft models, land vehicles,
among others. This implementation makes it possible to create and test code within
the simulated environment that can be faithfully transferred to the real environment.
The important fact of this simulation environment is the compatibility between
PixHawk, Gazebo, PX4 Simulator and also with MavSDK.

2.4.3 The Simulated Drone

The Iris model is the PX4 simulated drone that has the greatest fidelity to the
image real model q250 implemented (already presented previously), both are based
on PixHawk, which means that the autopilot and the simulated Iris firmware are
compatible with the real q250. It is possible to connect the aircraft connect with the
code and command the aircraft, which in this case is the same for both. Fig. 4 shows
this simulated model [25] [26].
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2.5 Object Detect Methods

In this work was used the TensorFlow framework that has a large number of existing
implementations available for adaptation [27] [28].

2.5.1 TensofFlow Framework

TensoFlow was created by google and is based on Keras API, to facilitate the imple-
mentation of high performance algorithms, especially for large servers. It accepts the
use of GPU (Graphics Processing Unit) beyond CPU (Central Pro-cessing Unit) only.
This tool is considered heavy compared to others on the mar-ket, however it is very
powerful because it provides a large number of features, tools and implementations.
TensorFlow has a Github repository where its main code and other useful tools like
deployed templates, TensorBoard, Project Magenta, etc. are available. As a portable
library, it is available in several languages, such as Python, C++, Java and Go, as
well as other community-developed extensions [69] [30] [31] [32].

2.5.2 Neural NetWork Technique

This work used Convolutional Neural Networks (CNN) andMachine Learning (ML)
for object detection [33] [34]. . The classificationmethodwas added to the calculation
of the location of the object. This approach is called object detection.

A CNN is a variation of Perceptron Multilayer Network [35]. A perceptron is
simply a neuron model capable of storing and organizing information as in the

Fig. 4 The simulated drone Iris
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brain [36]. The idea is to divide complex tasks into several smaller and simpler tasks
that, in turn, act on different characteristics of the same problem and that eventually
return an answer as desired. Fig. 5 illustrates this structure [37] [38] [39].

The CNN applies filters to visual data, to extract or highlight some important
feature, maintaining the neighborhood relationship, as well as convolution matrix
graphical processing, hence the origin of that name for this type of network [40].
When a convolution layer is made over an image, it multiplies and adds the values of
each pixel to the values of a convolution filter or mask. After calculating an area fol-
lowing a defined pattern, the filter moves to another region of the image until it com-
pletes the operation over it [41]. The Fig 6 illustrates the structure of a CNN [35]. The
Single ShotMultiBoxDetector (SSD)Neural Network [42] [43] [44], a convolutional
neural network for real-time object detection [8] [45] [46] [47] [48] [49] [50] [51]
was used because it is considered the start-of-the-art in accuracy [8].

2.5.3 Image Processig Technique

Adetection algorithmwas implemented based on pure image processing [8] [44] [52]
[53] [54] [55] [56] [57], using the graphic library OpenCV [58] [59] [60], which has

Fig. 5 A neuron and its activation function

Fig. 6 CNN Kernel
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several image processing functions. First, a Gaussian filter, a convolution mask based
algorithm, is applied to smooth out the edges of the box and detect polygons [61].
A limit filter is adopted [62] [63] [64], which allows a set of data to be divided into
two groups starting from a limit. In the case of colors, this occurs by separating it
from a color tone, where all pixels darker than the limit go to one group and take
them to another. To find the edges, the Canny filter [65] [66] is applied, which walks
over the image pixels with a gradient vector that calculates the direction and color
intensity of the pixels [64] [67] [68]. OPENCV’s findContours () function was used
to detect polygons after proper treatment of the image with the men-tioned filters.

3 Implemented Model

The Fig. 7 shows a flowchart of the overall system architecture, indicating their
processes. Three interconnectedmachines (GCS) compute most of the im-plemented
code. The drone receives speed commands to move and to image cap-ture through
of a camera and a receiver and transmitter pair for data transfer.

This is the general architecture of the both implemented simulated and real
systems. To start this system, it is necessary to start three machines that will com-
municate.

In the flowchart drawn, the red arrows represent internal executions of the same
machine and the blue arrows indicate the transfer of data between a machine and
another through a communication protocol. The orange arrows indicate the creation
of a multiprocessing chain necessary for the implementation of the system. The
machine running the main code is GCS, which consists of three main threads, one
for image capture, another to shut down the software and the main one that manages
all the processing and calculations.

The captured images are transferred to the detection algorithm that will calcu-late
the bounding box that best represents the desired passage. A speed calculation is
performed according to the detection performed and is transferred to the Drone.
When the drone loses a detection or finds none, the code slows the aircraft down
to a certain speed until, if no further detection actually occurs, the drone will stop.
When the drone receives a speed to be adjusted on its axis, it remains the same until
another speed is received or some other type of command is executed, for security it
can land.

3.1 Object Detection by Neural Network

The CNN used applies filters to highlight the desired object and a classifier and
bounding box estimator to indicate the location of the object in the image. The re-
source extractor used it was the Graph called MobileNet version 2 and the classi-fier
comes from CNN resources.
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The CNN was trained with a set of images of windows and other objects, with
their respective boundary box coordinates. This set of images was obtained from
Google Open Image version 4 containing about 60,000 window images [69].

RGB format images are converted to grayscale and smoothed with the the Gaus-
sian filter. Then apply the Canny filter to isolate the edges of the objects. The code
looks for lines that form a four-sided polygon to identify passage within a window.
The center this polygon is identified and its side and diagonal measure-ments are
calculated.

An important detail is that the distances between points are calculated geomet-
rically for execution as quadrilateral measurements. But these calculated distances
they are values in pixel units, that is, the number of pixels between one point and
another and that number of pixels varies according to the resolution of the camera
used. Correct this error, these quantity values were converted into percentage values
so every measure is defined as a percentage of the maximum it could assume, the
maximum is usually the height, width or diagonal of the image. For example, when
measuring the height of the bounding box it is necessary to divide it by the height

Fig. 7 General System Flowchart (author)
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of the image to find its occupation percentage. The Cartesian image study plan is
best suited using y and z axes because the image is in the same pattern as the drone
movements.

It was relatively easy to produce a passage in simulated experiment. However,
in a real experiment with many polygons, it generated many unwanted detections.
To solve this, a segmentation network could be used, which has the capacity to
capture the total area of the object sought. Figure 8 shows an example of this type
of network [70].

Another challenge is that the current algorithm does not capture the slope of
the object to be able to align the aircraft with the found window. To solve this, a
segmentation network can be used, with the ability to capture the total area of the
searched object.

3.2 Drone Control

The drone control algorithm uses three functions to position the drone in front of
the window to make a slightly linear crossover: Approximate, Center and Align. The
algorithm defines the speed of the drone on the x, y, and z axes, as shown in Fig. 9.

3.2.1 Approximate Function

In the Approximate Function the entries are the diagonals of the image and the
bounding box, while the output is a speed on the x axis of the drone. This function

Fig. 8 Application of object segmentation in real world (auhor)
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captures the bounding box detected and checks its size in relation to the image to
measure the relative distance of the object. The algorithm estimates in percentage
the value that the object occupies in the image.

The mathematical function 1 was used to model the characteristic of this move-
ment.

5 (?) = :.
1
?2 (1)

It is the inverse function of the square of the calculated diagonal size. The smaller
the diagonal the farther the object is, the faster the movement speed. For greater gain,
a quadratic function was used. In this function “p” represents the in-put measure
of the function and “k” is a constant that controls the output value according to
some factors, such as distance and state of execution, giving a greater or lesser gain,
depending on the case of the function.

The behavior of this function is shown in Fig. 10. Only the positive domain was
used for the problem. Where when the size of the object tends to zero, the speed
tends to infinity, and when size tends to infinity, speed tends to zero. Due to the high
values achieved by this function, only part of it is used, an interval de-fined by code
that respects the system conditions. This interval is defined by p be-tween [0.1, 0.7],
that is, detections with diagonals of 10 to 70% of image occupa-tion.

3.2.2 Centralize Function

The centralization function positions the drone in the center at the opening of the
identified window. It uses the distance on the y and z axes between the center of the

Fig. 9 Application of object segmentation in real world (auhor)
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image and the center of the bounding box to set the speeds on the y and z axes of the
drone to perform the centering of the aircraft (Fig.11).

3.2.3 Align Function

Figure 12 shows a picture of a side view, a distorted box, where the right side
is smaller than the left, as the view from the drone is misaligned in relation to
the window. The alignment function sets the speed of the drone’s angular axis to
pro-duce a yaw that align the aircraft in relation to the window.

3.2.4 Execution State

When the algorithm finds the detection of a passage, the movement functions them-
selves indicate the current state of execution of the drone. Five states are performed,
being the last crossing of the passage. The Algorithm 1 is a pseudo-code system
status control.

Program Code

Algorithm 1: State Control

if currentState == staye then
begin

Fig. 10 Inverse square function behavior (author)
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ret1 <- centralize(bbox,centf,erry,errz);
ret2 <- aproximate(bbox,aprf,err);
ret3 <- align(bbox,alif,err);

end
if ret1 and ret2 and ret3 then
currentState++;

Each of the functions sets the speed to produce faster movements over a long
distance and slower over a short distance. When all functions return "true" the state
changes.

Figure 13 shows a representation of the processed states, with a viewpoint re-
lated to the approximation function. The first state has a diagonal represented by the
30% occupancy value of the image, so, when the drone reaches this percent-age, the
approximation function returns “true”, since it has already found its equi-librium
point, the drone interrupts its movement on the x-axis, and awaits the oth-er two
alignment and centralization to also find their balance point, so that the aircraft can
advance with precision.

Decision making in data analysis is never exactly calculated, always requiring
an error parameter to define if the group of values is within the set of truths. It
is extremely important to perform the correct adjustment of these parameters to

Fig. 11 Measures of bounding box and image to perform centralization (author)
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generate greater reliability in the system. A detection can be identified as Positive or
Negative, i.e., object bound to class or no class, respectively. And it can also be True
or False, that means judged as a correct detection or not [71].

4 Implemented Model

Wewill evaluate the results of the training CNN, window and passageway de-tection,
performed on images who were not part of the group used during the training of the
network.

To assess the quality of CNN’s convolutional processes we use the percentage of
the number of false and true identifications. Accuracy measures:

• The percentage of your predictions that indicates how correct this is.
• How correct positive results are.

4.1 Mono and Multi Class Training Analysis

Two trainings were applied, one called Mono Class that uses only one object class
(window) and another called Multi Class that uses several other objects (people,
cars, traffic signs) besides the window.

Fig. 12 Measures of bounding box and image to perform alignment (author)
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Mono Class training obtained many false detections, where people and cars were
identified as windows. Fig. 8 shows this clearly. To evaluate the false pos-itives, a test
was carried out with about 700 images without windows, and the re-sult is shown
that the Multi Class training effectively eliminated the number of false positives. The
results are shown in the graph in Fig. 14, which shows that the network has lost its
detection generality by 50%.

4.2 Object Detection Analysis

During the experiments, the loss of detection affected the system’s efficiency in
distorted frames. When the detection failure occurs, the drone tends to execute
the last calculated speed until it stops, generating an inappropriate movement. An
experiment was carried out that measured the number of detections carried out in a
video capture.

Two cameras were tested, a Full HD (1920x1080) digital and an FPV analog
transmission (600TVL), for two types of video, one with camera movement and the
other without. The objective was to assess what most affected the detection number,
the camera or the movement. As the camera used in the system it was low cost
without gimbal to stabilize the video. In carrying out the experiment, both cameras
filmed the same stationary and moving object to simulate a system with gimbal and
one without.

As factors influencing results, was evaluated (a) camera resolution and (b) pres-
ence of movement, with two levels each. Each recorded video lasted one mi-nute,
and each camera has a number of frames captured per second, so the final analy-

Fig. 13 Error analysis with approximation point of view (auhor)
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Table 1 Experiments Analyze Image Processing

Camera Motion N.Detection(%)

Full HD Yes 87.07
Full HD No 84.16
PFV Yes 87.94
PFV Yes 93.01

sis the variable was calculated on the percentage of frames that were successfully
detected [72].

4.2.1 Imaging Processing Technique Analysis

To assess the detection losses of the polygon detection algorithm, a passage was used
that forms a well-defined polygon to facilitate detection in an isolated environment.
The results obtained are shown in the Table 1.

The affectivity of each factor in the number of detection found is shown in Fig 15,
where “M” represents movement and “C” represents the camera and “CM” means
both together.

The camera was the factor that most affected the performance of the detector. The
motion did not have much influence on the result. But the union of this two factors
bring significant impact in the system.

Fig. 14 Number of bounding boxes detected (I) Mono Class training, (II) Multi Class training
(auhor)
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Table 2 Experiments Analyze Neural Network

Camera Motion N.Detection(%)

Full HD Yes 79.62
Full HD No 81.94
PFV Yes 41.08
PFV Yes 74.68

4.2.2 Neural Network Technique Analysis

The same test performed for the polygon detector was also performed for the neural
network, where four experiments were carried out between the two types of cameras
for a stop recording and one in motion. The results obtained are shown in Table 2.

Figure 16 shows the result performed on the camera (C) and the movement (M).
The Factor Camera had an influence of 48.1%, that is, responsible for almost half
the influence of the system, so the quality of the video for neural networks generates
a great difference. The movement factor did not affect as much as it obtained a lower
value of 29.6%, but still relevant. The neural network can work with distorted and
flawed images as long as it has some characteristics sought. The influence of both
factors together CM it also had a relevant figure of 22.4%, almost as large as the
movement itself.

This means that a low resolution set with movement had a lot to lose, this can
be seen in the Table 1, where the experiment with these characteristics had a loss of
detection of more than half of the total group.

Fig. 15 Camera (C), Motion (M) and Both (MC) affects in Polygon Detection (auhor)
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Anyway, the object detector based on neural networks also suffers from poor
quality image capture, better hardware implementation produces greater detection
number performed.

4.3 System Validation Tests

The systemwas first tested in a simulation in the Gazebo environment. Subse-quently
the system was implemented with PixHawk and MavSDK and it was test-ed in real
scenarios.

Figure 17 shows the passage used for testing in a real environment. Using this
disposable passageway and the gazebo simulator, it was possible to find adequate
speed values for these movements. The highlighted border color makes it easy to
detect. Although the algorithm avoids unwanted detections, it still tends to find
squares in environments with very linear objects. Therefore, the use of a neural
network facilitated the application of the technique in the real world.

4.3.1 Simulated Environment

The tests performed on the simulated platform are important for control modeling, as
there are no problems with falls and accidents. A simple passage was simulated with
the edges highlighted by the color difference. Figure 18 illustrates these experiments
in which there are four distinct steps in the execution of the algorithm.

The experiments were carried out by crossing a simple 2x2 meter size passage
in the simulation environment shown in Fig. 18. In these tests, the drone always
managed to cross the passage.

Fig. 16 Camera (C), Motion (M) and Both (MC) affects in CNN Detection (auhor)
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Sometimes, the drone has difficulty finding the equilibrium point of the last
state, relation to the centralization function and ends up taking longer to perform
the crossing, even more for a more precise parameterization, he often spends a lot
of time looking for the balance point in a reciprocating motion due to its precise
movement. But in the end, even with these parameters, he ends up crossing.

After the implementation of the neural network-based object detector, a new
environment was modeled to simulate a city with cars and people’s homes. In this
environment, it was possible to apply the algorithm that detected real windows to
control the drone at its intersection. Through the studied control functions and the
parameter adjustment made within the first environment, it was possible to carry out
the crossing in the desired way. The Fig. 19 provides a little bit about these tests.

In all tests performed with a control algorithm crossing a 1.5x2 meter window
in the simulation environment shown in Fig. 19, the drone has always managed to
cross. The simulation for the system occurred with success, having a high num-ber
of detections per second, in addition to generating the correct speed for the drone to
follow.

4.3.2 Real Environment

The validation of the system for a real environment was fully applied on a dis-posable
passage, modeled to avoid accidents that would cause damage to the air-craft model.
The detection of this passage is shown in Fig. 17, it was done with paper in a way
that a propeller could cut. Fig. 20 shows a sequence of steps that performed in the
real environment.

The validation in the real environment presented many difficulties due to the
quality of the image capture, which encouraged the analysis carried out on this

Fig. 17 Detection of disposable passage in real world (author)
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aspect. The use of a better camera and the use of fault detection filters was what
made the tests possible. In that case, an average of detections and a decrease in the
speed generated to avoid accidents; however, the system still sometimes failed due
to lack of detection. But, it was enough to show that detection methods can be used
in real environments.

5 Conclusion

The research carried out obtained satisfactory results. An autonomous image pro-
cessing and decision system depends on various peripherals, such as structures,
detection and data capture kit, hardware control, programming languages, simula-
tion environment, among other characteristics that directly influence the final imple-

Fig. 18 Polygon detector system based in four steps (author)

Fig. 19 CNN based object detector in two steps (author)
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mentation. The bibliographic review of this work provides extensive modeling and
demonstration possibilities for a system similar to the one implemented.

The use of a square detector based on image processing facilitated the research
test. In environments with a low number of squares as in nature or in open fields, the
algorithm obtained excellent movement results.

The main problem with a polygon detector based on image filters, like the one
implemented, is being able to identify many different polygons in an image. For an
implementation in a real environment, it was necessary to use the trained CNN for
window detection. Thus, during the implementation of the CNN, the motion control
algorithm was developed based on the quadrilateral detector.

The mono-class network showed several false positives, which indicated peo-ple
and cars as windows. The solution was to train various classes, such as people and
cars, for the training group. Thus, it was possible to perform window detection
efficiently, as desired.

The implemented system generates speeds according to the position of the bound-
ing box found, suffering from detection failures, as it needs real-time detec-tion to
maintain its correct movement, due to state variations. The solutionwas to implement
medium filters to circumvent the control failures, because in the real environment
with a low cost camera, many losses occurred depending on the lighting and distance
of data transmission. In that case, a possible solution it would be to implement an-
other route-based control method instead of speed. Thus, despite losing its detection,
the vehicle would maintain its route with the static object it wants to cross.

The research focused on a solution based only on the use of image processing
and convolutional neural networks. However, a system like this implemented in a
real environment needs to use sensors to assist in the decision, such as a proximity
sensor, for example, to avoid accidents, identify closed windows and stabilize the

Fig. 20 System in real environment in four steps (author)
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flight. Especially during the crossing, which, in the case of the current system, is
done blindly, as the camera loses sight of object when it is inside it, following only
the route parameters already calculated until that point.

An interesting implementation would be a neural network model of control,
capturing data from the position of the drone and objects in the image (bounding
boxes) to perform various crossings for human control and create a data set. So,
with this data set, a neural mechanism control network can be trained to perform
the movements, where the bounding box be the entrance and the movement speeds
would be the exit.
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