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ABSTRACT

The goal of the MAV course’s (AE4317) project
was to cover as much distance as possible with
the Parrot Bebop Drone (Zoë, our drone’s name)
in the CyberZoo, while avoiding random obsta-
cles. For obstacle avoidance, various techniques
such as optic flow, mapping, edge detection and
monocular depth estimation were explored. The
final chosen approach contains a control strategy
based on a convolutional neural network model.
This CNN model uses depth estimation for la-
belling a self captured dataset. The CNN model
predicts the presence of the obstacle in three seg-
ments of the image, with the drone being con-
trolled according to these probabilities while try-
ing to maximise continuous flight. Using this ap-
proach, our drone covered a distance of 130.3
metres in the CyberZoo in the allotted 10 min-
utes.

1 Introduction
Many different types of sensors can be used with the pur-

pose of machine perception to aid a Micro Air Vehicle (MAV)
in autonomous flight. The problem is that the sensors that
provide high-fidelity information about the environment are
active sensors, e.g. LIDAR, which increases cost, weight and
energy consumption, ultimately leading to shorter flight time.
Onboard video cameras are passive sensors that are relatively
cheap and light, which make them a more suitable option.
This project aims to make use of the onboard mono-camera
on a commercially available drone to develop a vision-based
obstacle avoidance algorithm.

2 Explored Approaches
This section goes over some of the approaches that were

initially explored for obstacle avoidance and path planning
but were ultimately left out due to various reasons.

2.1 Orange Avoidance
Since a part of the obstacles were guaranteed to be or-

ange, the first implementation of obstacle avoidance was
made specifically to avoid orange poles while trying to max-
imise continuous flight. By calculating the fraction of orange
pixels in different regions of the camera images, the weighted
difference between the left regions and right regions could
be used to set the yaw rate. A frontal obstacle is detected
when the fraction of orange pixels exceeds a certain thresh-
old, which results in stopping and turning to search for a safe
heading.

When solely avoiding orange poles, this method worked
quite reliably, and allowed for prolonged continuous flight.
However, an additional method of obstacle detection and
avoidance would be necessary to ensure even obstacles that
are not orange are detected as well.

2.2 Optic Flow
By calculating optical flow vectors between consecutive

camera images, the magnitude of the optical flow vectors can
be used to determine how crowded different areas of an image
are with obstacles. Using the difference between the magni-
tude of optical flow between the left side and right side of
the image, the heading rate of the drone can be controlled to
move away from the obstacles [1].

While optical flow can provide information about obsta-
cles on the sides of the image, it does not directly provide
any information about obstacles in the direction of where the
drone is headed. Additionally, both sparse flow and dense
flow calculations are quite noisy and would require additional
processing to make them usable for fast-paced obstacle avoid-
ance. In the interest of time, optical flow was ultimately not
used.

2.3 Edge Detection
The edge detection feature was already implemented in

one of the paparazzi files, which means that it only had to be
implemented in the orange_avoider module. The strat-
egy we planned for this was quite simple. The edge detection
feature outputs a grayscale image that depicts edges in white.
Once we get the edges, the image would then be split up into
five segments, and based on the sum of the intensity of the
pixels in each segment of the image, the drone would choose
its heading. The drone would then turn in the direction where
the least amount of edges through the sum of pixel intensities
are [2]. The main issue with this method is that the output of
the image was quite noisy. This is because the feature detects
edges at objects, and also at the edges of the CyberZoo. This
makes it hard to detect obstacles in the CyberZoo. For these
reasons, this feature was excluded from the final approach.

2.4 Monocular Depth Perception
Monocular Depth Estimation is the task of estimating

the depth value (distance relative to the camera) of each
pixel given a single (monocular) RGB image. For this, a
general pre-trained monocular depth perception CNN model
was used. The concept and code were taken from Boosting
Light-Weight Depth Estimation Via Knowledge Distillation
[3]. This paper proposed a lightweight network that can ac-
curately estimate depth maps using minimal computing re-
sources. After implementing this, we got the performance of
33 milliseconds per frame or 30fps on a high-end i7 (forced
single core). However, the performance of the drone would be
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significantly worse. Pruning was explored to enhance perfor-
mance. We got an 8 % increment in performance but this was
still slow for real-time applications in the drone. Quantiza-
tion was also explored. However, quantizing for older ARM
hardware is less effective as the ARM version does not have
the right instructions for int8 inference [4].

We could have continued refining but we encountered two
problems that made us abandon this approach: First, since
the model is in Pytorch, we need to convert the model to C
for deployment. However, using onnx2c [5] did not work
as one of the operators was not implemented. Second, the
code available for this method is only for inference and not
for training. However, to make it work in CyberZoo, it was
needed to fine-tune with new data and writing custom training
code would have taken too long.

2.5 Mapping
The drone maps the area, selects an obstacle-free path,

and updates its map based on sensor data. A 2D map is
used due to computational limits. Map cells are categorized
into three groups: empty, unknown, and obstacle cells. Un-
known cells can have both empty and obstacle cells. The
updating process includes two methods: First, utilizing the
drone’s precise location obtained from the OptiTrack system
in the CyberZoo as a periodic update to mark safe areas on
the map. Secondly, responding to alerts from the local path
planner indicates the need to deviate from the global path due
to detected obstacles. In such instances, the drone adjusts
its global path by removing waypoints and marking cells be-
tween the drone and the waypoint as obstacle cells.

These methods are adaptable but may lack real-world
practicality due to issues in fine-tuning interaction between
local and global planners. Although this enhancement to
the drone was prepared for competition, there wasn’t ade-
quate time to fine-tune the interaction between the local and
global planners, especially concerning the circumstances un-
der which the local path planner should supersede the global
one.

3 Chosen Approach
Section 2 goes over some promising methods for the pur-

poses of obstacle avoidance, however, most of them have their
limitations. The methods are either subject to noise, e.g. opti-
cal flow and edge detection, or are either too computationally
intensive to run onboard the drone, e.g. monocular depth es-
timation.

For this reason, a different approach is taken, which uses
CNNs to estimate the probability of obstacle presence within
certain regions, directly from the provided camera images.
With enough data, this method can have a broader range of
applications and would not be limited to obstacle avoidance
within the confines of the cyberzoo, which is the main reason
this method was chosen as the main approach for obstacle
avoidance.

3.1 CNN architecture
We used the MobileNetV3 model [6] which is specially

designed for computer vision applications in devices with

limited computational resources. MobileNetV3 incorporates
efficient building blocks such as depthwise separable con-
volutions and linear bottlenecks to reduce the computational
cost while maintaining high accuracy.

3.1.1 MobileNetV3 Configuration

MovileNetV3 comes with 2 configurations, small and large.
These configurations define the specifics of the MobileNetV3
blocks that are stacked on top of each other. The 3 most im-
portant configuration values are shown in Table 1. The kernel
size defines the convolution kernel size used in that block.
The Expansion size defines how much the block will expand
and then project back (see the MobileNetV3 paper for more
details [6]). And the channels define the number of channels
of the block.

The small configuration contains 1.5 million trainable pa-
rameters spread over 194 layers. For the low-powered CPU
on the Bebop Drone, it will be too resource intensive. For this
reason we created the tiny configuration which only has 108
thousand trainable parameters over 93 layers.

There are 3 important changes from the small config.
First, the MobileNetV3 blocks. As shown in table 1c the
number of blocks is significantly reduced. The expansion size
is also reduced and the maximum number of channels is also
lowered.

The second change is to the first layer. Profiling the model
(on a laptop high-end CPU) showed that the first convolution
layer took approximately 60 milliseconds to run. While the
total execution time, including all other 92 layers, was 90 mil-
liseconds. The bottle-neck was caused by the first layer which
immediately increased the channels to 16 while the width and
height were still quite large. To remedy this, the first layer
only increases the channels to 4. After which the first Mo-
bileNetV3 block increases to 8 and then 16.

The last change was to the classifier, there is a final fully
connected layer with a hidden dimension. For large the di-
mension is 1280, for small it is 1080. And for tiny this was
chosen as 520.

Including the last two optimisations the model took 120
milliseconds to run on the drone, instead of 180 milliseconds
with only the first optimisation.

Figure 1: Patch split



Table 1: MobileNetV3 Configurations

(a) Large

Kernel Expansion Channels
Size Size

3 1 16
3 4 24
3 3 24
5 3 40
5 3 40
5 3 40
3 6 80
3 2.5 80
3 2.3 80
3 2.3 80
3 6 112
3 6 112
5 6 160
5 6 160
5 6 160

(b) Small

Kernel Expansion Channels
Size Size

3 1 16
3 4.5 24
3 3.67 24
5 4 40
5 6 40
5 6 40
5 3 48
5 3 48
5 6 96
5 6 96
5 6 96

(c) Tiny (our)

Kernel Expansion Channels
Size Size

3 1 8
3 1 16
3 4.5 24
3 3.67 24
5 3 40
5 3 40

3.1.2 Dataset Creation

We collected data by flying the drone around and recording
8000 images. These images represented the various obsta-
cles and backgrounds. After collecting the dataset, the RGB
images were transformed into depth images using a large
Deep Learning model. This model can be seen as the teacher
model. DepthAnything [7] was chosen for it’s state-of-the-art
performance.

We segment the RGB images and corresponding depth
images into three segments by converting the original images
520×240 pixels into 3 segments of 170×170 after removing
some pixels from top and bottom, as shown in Figure 1. The
segments are then downscaled to 85×85. Then we used these
segmented depth images for labelling our dataset. We chose
to create labels based on the presence of obstacles nearby. For
this, we used a histogram filled with the depth estimation per
pixel, ranging from 0 to 255. We are only interested in the

Figure 2: Dataset creation through Depth estimation

rightmost bin, as this includes all the pixels that are estimated
to be close to the drone. If that frequency crosses the thresh-
old of 1500, then we label it as True for a nearby obstacle.

The resulting dataset is imbalanced, the final dataset
has 1.9 times more negative samples than positive samples.
Since, the task is binary classification, we will have to con-

sider this imbalance while training.

3.1.3 Model Training

We used the custom MobileNetV3 tiny model as described in
section 3.3.1. For training, we used Adam Optimiser with a
learning rate of 0.001 in 8 batches and 40 epochs. We used
Binary Cross Entropy as a loss function. This loss function
can handle class disparity effectively. The code for the dataset
creation, model architecture, model training and converting to
C, is all available on our github repo.

3.2 Control Strategy
As the goal of the competition was to cover as much dis-

tance as possible while avoiding obstacles, maximising con-
tinuous flight time is of utmost importance. In the provided
orange_avoider module, the drone would stop and turn
when it detected an obstacle. This resulted in a large portion
of time being spent hovering in place.

An optimal control scheme would allow for continuous
control, which means the drone should fly forward continu-
ously while the heading rate is used to steer away from obsta-
cles. This cuts down on the amount of time the drone is not
covering any distance. To allow for this direct control over
linear and angular velocities, the drone is controlled using the
guided mode rather than the navigation move.

Using the output of the neural network, continuous con-
trol can be implemented by using the difference in proba-
bilities between the left and right regions to apply a head-
ing rate that steers the drone away from the region with the
higher probability. With a sufficiently low forward velocity,
the CNN can accurately provide probabilities for the presence
of obstacles within these different regions. To mitigate the ef-
fects of noisy outputs from CNN, the Exponentially Weighted
Moving Average (EWMA) was taken over the last 5 outputs
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for each region of the image.
Additionally, to counteract forward drift when applying a

heading-rate, an additional inward velocity in the y-direction
of the drone is applied to steer into the bend.

When continuous flight is no longer feasible, i.e. there
is a probability of there being an obstacle in the middle of
the camera images above a certain threshold, the drone stops
and turns to find a safe heading direction. When a frontal
obstacle is encountered, the current position po of the drone
is stored. To avoid collisions with frontal obstacles, a back-
ward velocity that is proportional to the distance between the
drone’s current position and the saved position po, is applied.
Moreover, this backward velocity ensures that there is enough
space between the drone and the frontal obstacle to allow for
a turn in place. The position po is reset when a new frontal
obstacle is detected.

To ensure that the drone stays within the bounds of the
CyberZoo, the OptiTrack motion capture system was used to
keep track of the drone’s xy-position. When the drone reaches
the edge, it stops and searches for a safe heading direction.
Additionally, when the drone approaches the edge of the Cy-
berZoo, the forward velocity of the drone is scaled down to
ensure the drone does not drift outward when stopping at the
edge.

4 Testing
We tested the code developed for autonomous navigation

first in the Gazebo simulator and then in the CyberZoo. In
this section, the test phases will be discussed in more detail.

4.1 Simulation
Testing in simulation first is required to save time and re-

sources due to the limited allocated time to test in the Cy-
berZoo. Different obstacle detection approaches were tested
in simulation, and those with subpar performance were aban-
doned. Testing in simulation also helped in bringing forward
some software issues which could have been over-sighted if
directly tested in CyberZoo. Some issues, however, need real-
world testing. First and foremost, the CNN used to detect ob-
stacles could not be tested in simulation, as the obstacles ap-
pearing in simulation appear different in real life. One prob-
lem that was detected in simulation testing is the potential
danger of continuous turning when the drone is close to the
edge. In such cases, the drone would enter the close-to-edge
case, which turned the drone towards the centre of the Cy-
berZoo. In this case, however, the drone did not perform any
obstacle detection, which meant that the drone would crash
into nearby obstacles when turning inwards. As this was re-
alised very late, the solution was to remove the continuous
turning and stop the drone when close to an edge.

4.2 CyberZoo
Every week during the course, the drone could be tested in

real life. Every technique described in section 3 and section 2,
which could also be successfully implemented in simulation,
was then tested in the CyberZoo. It was important to test in
the CyberZoo to refine our control strategy. The control strat-
egy, as described in section 3.2 had to be adjusted after every

test day in the CyberZoo. We started with the basic control
strategy and fine-tuned it by doing the gain tuning, as gains in
the simulation model were not enough for the CyberZoo.

Testing in the CyberZoo also helped us in improving our
CNN model. The more data is feed to a CNN, the better the
CNN will do its job. Data was recorded while flying around
and testing, but the best data was gathered while holding the
drone in our hands while walking in the CyberZoo. Different
obstacles could then be scanned more thoroughly. During the
testing of the CNN, it was then important to fly the drone at
the same height as the trained data was recorded.

5 Results
We got >80% accuracy after training several CNN mod-

els and this accuracy was on real-world data. However, since
there is a class imbalance, accuracy is not the desired metric
for choosing the model. We trained multiple models with dif-
ferent architectures and hyper-parameters and the best model
was chosen based on a confusion matrix. We desired the con-
fusion matrix with more false positives than false negatives
for the obstacle detection task. The deployed model (v8 accu-
racy on the test images is 86.157% and the confusion matrix
is closest to what we desired:

Predicted Positive Predicted Negative
Actual Positive 1235 306
Actual Negative 296 2512

In the competition, our drone covered a distance of 130.3
meters in the CyberZoo. There was an operator error in keep-
ing the drone at an altitude different from the one where the
CNN model was trained. This though did not affect the ini-
tial phase of the flight where there were fewer obstacles, but
its performance deprecated soon when more obstacles were
introduced. Once we corrected the altitude, the drone per-
formance was increased and the drone was able to avoid ob-
stacles and navigate smoothly. There was an issue of battery
dying and slower prediction for some obstacles that made us
lose some time.

6 Discussion
Though we chose accuracy as our main metric along with

the confusion matrix, we need to look for other metrics such
as F1 score which is better at class imbalances and Recall
(sensitivity) which considers False Negative as a higher con-
cern. Our CNN model was trained between 40 to 80 epochs
due to time constraints. However, we could try with a larger
number of epochs to get better results. Moreover, tiny config-
uration CNN was designed empirically with little data. More
data could lead to better performance. Furthermore, we did
not do hyper-parameter optimisation which could give us pa-
rameters for best performance. Our learning rate was kept
once but we can also employ learning rate scheduling. In the
future, we would also like to add other explored approaches
such as orange avoidance and edge detection to the CNN
model to make obstacle detection and avoidance more ro-
bust.
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