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Abstract

In the last decades, many algorithms in the artificial intelligence field, including machine

learning, deep learning and so on, have been implemented for not only computer vision, but

also in mobile vehicles. Thus, to acquire a fast responding and accurate algorithm, this project

presents several tests of different deep learning models included in an obstacle avoidance al-

gorithm. In this experiment, a Mavic Air UAV is used for testing this algorithm. The system

is designed as two separate parts. One is a pre-operation machine learning system (Keras

machine learning framework), the other one is a ground-station control system (a UWP ap-

plication). CNN, Time-series, semantic segmentation and instance segmentation models are

trained and tested with custom dataset in this project. The test flight is taken at a parking lot

where the main obstacles are the trees and the light pole in the median of the parking lot. The

model training results show the multi-stage models outperforms the End To End (E2E) models

according to various metrics. The test flight shows that even though the model has a acceptable

performance, the long inference time of the large size of the model limits the flying speed too

much to prevent collisions.
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Chapter 1

Introduction

The idea of the delivery drone is arose in this decade because it’s convenient and labor-saving.

To make the drone arrive at a destination and return home safely and quickly, an excellent

obstacle avoidance algorithm is necessary. Obstacle avoidance for Unmanned Aerial Vehicles

(UAVs) has been developed for many years; however, most of the algorithms are low-level intel-

ligence, for example, the stereo-vision-based algorithm. In the last decades, many algorithms in

the artificial intelligence field, including machine learning, deep learning and so on, have been

implemented in not only computer vision, but also mobile vehicles. Because of the advantage

of deep learning in image processing, it is showing excellent results for solving a wide variety

of robotic tasks in object recognition, obstacle avoidance, and control [4]. However, there are

only a few algorithms are focusing on processing color images, which contain vast amount of

information. Thus, to acquire a fast-responding and accurate algorithm, this project presents

several tests of different deep learning models included in an obstacle avoidance algorithm.

The purpose of this project is to compare several different deep learning models by developing

a Universal Windows Platform (UWP) application with a deep learning model that can navigate

the UAV from the start waypoint to the final waypoint without collision.

To use the deep learning technique to navigate drones, a deep learning model can be re-

garded as a brain that processes the images captured from the ‘eye’ of a UAV, a monocular

camera, then determines how to avoid the obstacles. A preliminary requirement of a deep

learning model is having the ability to do the same determination in an obstacle avoidance al-

gorithm as a drone pilot does. If people train the models with the dataset that has the same
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training distribution as a pilot does, the obstacle avoidance behavior can be similar to the pi-

lot’s behavior; moreover, the more data there is in the training dataset, the more similar the

behaviors are. Thus, using a model with an image input to avoid obstacles on a UAV seems

plausible.

End To End (E2E) learning is a hot topic in the Deep Learning field for taking advantage

of Deep Neural Network’s structure, composed of several layers, to solve complex problems.

Similar to the human brain, each neural network’s layer can specialize to perform intermediate

tasks necessary for such problems. [22] The model to be tested at first in this project is an E2E

models for object recognition. The main advantage of end-to-end models is that they can figure

out the relations between inputs and output without the interference of humans, so maybe the

model doesn’t navigate the UAV according to the location of objects but something different to

how humans do it. There are also many limitations to E2E models. A huge amount of data is

necessary because the incorporation of some prior knowledge into the training is considered a

key element that will allow an increase in performance in many applications. For E2E learning

not integrating this prior knowledge, more training examples must be provided.

The info in a colored image is enough to tell the objects’ types [68]. This has been proven

by many models, and the number is still increasing. However, it is still a myth that a single

colored image has enough information to tell how to avoid an obstacle. In this paper, several

models are trained and tested with a dataset that is collected during a pilot-controlled flight.

After exploring E2E CNN models, (such as Residual Neural Network (ResNet) family models),

and finding that they do not work well, several auxiliary methods to enrich the information

hidden in the images are implemented, such as inputting both the semantic or instance mask of

the original image and the colored image into the model. After applying Generative Adversarial

Networks (GANs), Recurrent Neural Network (RNN), and semantic and instance segmentation,

the semantic and instance segmentation wins the competition. In the proposed model that

contains a semantic and instance segmentation model, there are multiple stages. The model

accuracy outperforms the others and the test flight also shows that the algorithm works fine.

One of the reasons is using multi-stage models requires less data, and a pretrained model in

one of the stages contributes a lot in reducing the required data.
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The system is designed as two separate parts. One is tagged as a pre-operation machine

learning system (Keras machine learning framework), and the other one is tagged as a ground-

station control system (a UWP application). The pre-operation machine learning system trains

the models to check the validation accuracy, which is the metric of the model. The UWP

application controls the UAV during the test flight. It holds the model and sends the output of

the model to the drone.

The result shows that the E2E models have difficulty figuring out the relation between

labels and the input itself, because the overfitting problem persists in the models. On contrary,

the multi-stages models have better performance overfitting problems. The validation accuracy

reaches over 80% and there is no fluctuation in the validation accuracy and loss. The test flight

show that the multi-stage models have a long inference time, 2.719s for semantic segmentation

based model and 1.46s for instance segmentation based model.This shows that the model is

suitable for UAV obstacle avoidance when the flying speed is relatively slow; otherwise, there

is a safety concern.
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Chapter 2

Literature Review

CNN (Convolutional Neural network) is used with a lot of indoor obstacle avoidance examples

to show the effectiveness of making decisions in UAV obstacle avoidance [59]. It takes raw

multi-channel images as input and produces the commands for the control system as output.

Also, it builds a CNN network for recognition and a fully connected network for decision mak-

ing. In a CNN network, vanilla 2D convolution is used. Rectified Linear Unit (ReLU) is chosen

to be the non-linear activation function, and regular pooling and stride are also involved. For

the fully connected layer, a designer normally puts several of neurons at the end and outputs

the highest value (confidence), in the vector that represents the results of each neuron; however,

this paper suggested a different decision-making mechanism. Instead of choosing the command

with the highest confidence, it computes the inner product of discretized angular velocity and

the confidence of them. Thus, the command doesn’t have to be one of the preset velocities,

such as turn left or turn right. It can be any value in the range of angular velocity. The ad-

vantage of this technique is that it yields the confidence of each angular velocity class, which

means it can be reasonable even if the confidences are close; however, this model was only

tested in an indoor environment and on a four-wheel robot. This technique doesn’t fit on UAVs

because outdoor UAVs do not have to have an extremely precise avoidance direction. Outdoor

space is big enough to do the discrete-classified command instead of a complicated avoidance

environment.

Another algorithm involves using a single forward-facing camera on a UAV training a

CNN for calculating the depth from an image [5]. The matrix with depth information is then

sent to a control algorithm that drives a quadrotor away from obstacles. It has a CNN based on
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the neural network in [16] and uses scale-invariant error in log-space as its loss function. All the

calculation in that project is done at a local laptop graphic processing unit (GPU), so the drone

must be connected to the laptop. As a result, the drone was able to avoid indoor obstacles, like

tables and whiteboards, and show wonderful depth images on the screen. Although this project

has excellent results for avoiding indoor obstacles, it’s still a distance-based obstacle avoidance

algorithm, which costs more time on the path planning stage.

A novel and memory-efficient deep network architecture named UAVNet for small UAV

to achieve obstacle detection in the urban environment is proposed in [8]. In contrast to the

state-of-art architecture, UAVNet has fewer parameters but acceptable accuracy and is suitable

for UAV-type applications. A core structure is introduced in the UAVNet architecture, which

is depthwise convolution. A standard convolution applies a 3x3 filter first, followed by a batch

normalization and finally the ReLU nonlinearity. In UAVNet, the standard convolution is re-

placed by first a 3x3 depthwise convolution and followed by a 1x1 point-wise convolution.

After each operation, a ReLU activation is inserted. For the depthwise convolution used in

UAVNet, a single filter is applied to each input feature map rather than the standard convolu-

tion in which the filters do the convolution operation and sum over all the previous feature maps

to generate the output. After the depthwise convolution, a 1x1 projection convolution is used

to combine the output of depthwise convolution. UAVNet has only 2.23M parameters and 141

M floating point operation per second (FLOPs), which is memory efficient, in order to deploy

on the quadrotor UAV. The experiments results show that UAVNet can detect obstacles up to

15 fps, which is good enough for real-time applications. On the other hand, the accuracy of

UAVNet is only 80% with the ImageNet-2012 dataset.

The You Only Look Once (YOLO) algorithm was developed in 2016. It has been evaluated

as a powerful object detection algorithm base on deep learning. A method to perform real-time

object detection on-board a UAV using the YOLOv2 algorithm was demonstrated [60]. This

paper highlights the comparison between a traditional method (Aggregated Channel Features

(ACF)) and YOLO, and the result shows that YOLOv2 outperforms ACF with an average

accuracy of 85.9% vs. 62.4% at the same frame rate. Also, the computation speed of a detector

is pivotal to UAV flight. The ACF detector reaches a mean frame rate of 0.54 fps while the
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YOLO detectors reach a frame rate of 4.53 fps. In this paper, the key purpose is to provide

invaluable visual information during incidents and help rescue workers and coordinators better

tackle the situation at hand, thus, the job of YOLOv2 is to help decision-makers assess the

situation more efficiently and coordinate the operation with greater ease than would normally

be the case. Since this is an object detection oriented system, it’s different from our method.

There is another YOLO algorithm application on UAV in [36]. Object detection with a

single-shot image on a constrained resource, such as a UAV, is developed, and the trade-offs

of using the YOLO algorithm are discussed. For faster and more efficient computation on

UAV, a smaller YOLO model, the Tiny-YOLO model is selected to train and recognize the

object. Instead of using the vanilla Tiny-YOLO model, they adapted it to detect only one class

by changing the number of filters, layers, etc. There are 4 different models, SmallYoloV3,

TinyYoloVoc, TinyYoloNet, and DroNet, which are created for competing with each other.

DroNet beats the others because it is capable of 5 to 18 FPS on different platforms while

achieving 95% detection accuracy. However, because the objects in the project are limited to

the top view of cars, it is clear it cannot be applied in obstacle avoidance design.

A research implementing the Siamese Network on a UAV for real-time object-to-features

vectorization into a Euclidean metric space is introduced in [19]. This approach is significantly

faster due to a smaller number of operations required and is also sped up using certain optimiza-

tion techniques. Siamese-type network architecture is deployed for learning face representation

that is computed in a form of 128-dimensional descriptor vector. The input is a pair of face im-

ages that either belong to a single person or two different people. Two networks that share the

same parameters then compute a descriptor vector for both items in a pair. This neural network

has multiple subnetworks, each of them is a neural network with three convolutional-pooling

layer pairings and two fully connected neuron layers. In every case, the last layer of the network

consists of 128 neurons, which means the output of each subnetwork is a 128-sized vector. At

last, using squared normalization to compare outputs from two twins, the system knows what

the object is. This network computes its single object forward-pass in about 13% of required

operations in FaceNet. Thus it brings object vectorization closer to being real-time in embed-

ded systems. This method is hard to apply to outdoor UAVs because the objects in outdoor
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scenes usually number more than one. The complexity of learning the differences between

multiple types of objects would be far greater than learning only different faces.

The input of a deep learning neural network doesn’t have to be just one single set of data

but also can be multiple vectors of data, like the network in [35]. In this paper, a CNN network

based on Alexnet with two inputs is used for UAV navigation. One is the normal RGB images

and the other one is the depth map from sensors. Because the number of channels of RGB

image and depth image is 3 and 1 respectively, the channel in-depth image must be adjusted to

3 by replicating the original channel to make them symmetric. Then depth and normal images

are convoluted at two different networks with the first three layers and are concatenated at the

fourth layer. Thus, the final output of this CNN uses both information of two inputs. Since

this project used the NYUv2 RGB-D dataset, which contains many diverse indoor scenes, and

provides 3D point clouds for each image, it doesn’t fit on the outdoor scene based deep learning

model training. The main difference between the techniques in the paper above and this paper

is that the former has not only an RGB image also a distance information included data image;

however, the later has only an RGB image.

Furthermore, in paper [69], there is another model that contains two inputs. The proba-

bilistic CNN (pCNN) proposed in the paper has two separate input branches to take both an

RGB image and its corresponding sparse depth map as inputs. Various methods can be utilized

for sparse depth map generation. The feature tracking based approach used in ORB-SLAM [43]

is leveraged in this paper, due to its low computational complexity, high accuracy, and robust-

ness. Each branch processes the respective input using a convolutional layer, followed by a

max-pooling layer. The outputs of the two branches are concatenated together and processed

by another convolutional layer. After that, 8 successive residual modules [26] of ResNet18 are

applied to perform further feature extraction. The obtained feature maps are then resized by

a set of de-convolutional layers. To capture the fine details of an image, skip connections are

applied in the network to form a ‘U-NET’ structure. Finally, the feature maps are processed by

two separate branches, each of which consists of a convolutional layer to generate an individual

output, a depth map and a confidence map. After having the two outputs, a path planning sys-

tem including, Ego Dynamic Space (EDS) [40], waypoints selection and control stages. The
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effective distances in EDS indicate whether the UAV is going to collide on the object, i.e. a

cluster of the pixels which has effective distances larger than 0 is identified as an open area.

As a result, this system has a high accuracy on model training, simulation experiments, and

real indoor experiments. It is worth noting the real indoor obstacle avoidance performance has

a 100% success rate, even when the training data is completely different from the experiment

environment. The technique above is no doubt outstanding; however, it is incompatible with

the outdoor UAV obstacle avoidance. The inputs need not only RGB image but also a corre-

sponding depth map, which requires computation time spent on generating a sparse depth map.

Also, on path planning stages, the effective distance of every pixel must be calculated to form

a traversable blob, which also spends unnecessary time.

A model with multiple inputs normally is implemented when sufficient features are not

extracted from a single type of input, and the features from the inputs can all contribute to the

model learning. As shown in the paper [32], an RGB-D residual encoder-decoder architecture,

named RedNet, is proposed to generate an indoor semantic segmentation. Since the job is

to generate a semantic mask for an image, using only the RGB colored image info can be

insufficient, so the model adopts an architecture that has two inputs. One of them is an RGB-

colored image, and the other one is the depth map of that image. The two branches of the

inputs have the same structure as the ResNet50 in [26], except for the last two layers, the

global average pooling layer, and the fully connected layer. At the end of the encoder, the

features of the two branches are fused by element-wise summation. In both the encoder and

decoder parts, the residual block is implemented to ensure the info doesn’t leak during the

training. Since the model is used for image generation, the metric adopted in the paper is

the mean intersection-over-union (mIoU) score. The proposed model outperforms most of the

state-of-the-art methods on the SUN RGB-D testing set [57] by reaching 47.8% mIoU. This

model with multiple inputs shows a clever technique to feed an auxiliary input into the system

and have an outstanding performance.

As an example of applying semantic segmentation on obstacle avoidance algorithm, pa-

per [42] combines the semantic segmentation model ICNet [71] and traditional image process-

ing. Once the semantic image is generated, the following steps are implemented: setting 1 to
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the traversable area and 0 to the others, extracting points that may correspond to boundaries of

the traversable area, applying clustering to the extracted points based on the nearest neighbor

scheme, computing a circumscribed rectangle surrounding the largest cluster, and drawing a

straight line crossing the two midpoints corresponding to the two short sides of the rectangle.

After the geometry calculation on the segmentation map, a target point on the image can drive

the robot and avoid the obstacles on the road. This technique performs excellently, but it is

adopted to terrain vehicles, not aerial vehicles. The idea of setting a certain part of labels as

traversable space for UAV is worthy to try.

The idea of using multiple inputs is also reflected in the paper [27]. The model in this paper

borrows the idea of RedNet [32] and is implemented to continuously generate semantic images

when the robot is running. However, different from the RedNet, this model implements a two-

stage RGB-D semantic segmentation network architecture, which generates a binary mask in

which 0 represents the background, and 1 represents the traversable road. After generating a

semantic image using RedNet at stage one, a mask can be drawn from the semantic image by

setting the pixel inside of road contour 1 and outside 0. Now there are three categories on the

image: road, obstacle on the road, and others. Objects within road contours are all mapped to

obstacle class during training. At stage two the RedNet is applied again. The two inputs are the

mask filtered original colored image and the mask filtered depth map. With the binary map of

the traversable road, the obstacle can be easily avoided by applying morphological processing

on it. The proposed method outperforms other semantic segmentation architectures both in

indoor and outdoor scenarios.

One example of applying instance segmentation to a UAV’s obstacle avoidance system

is proposed in [37]. This paper focuses on validating the UAV flying at a low altitude in an

agricultural environment by developing an obstacle avoidance algorithm. Normally, to have

excellent performance on obstacle avoidance, active sensors are required; however, for small

UAVs, fancy sensors are financially and dimensionally expensive. Thus, for those UAVs with

monocular vision which does not provide depth information, a machine learning model, Faster

Region-based Convolutional Neural Network (Faster R-CNN), was trained for tree trunk de-

tection. In this paper, the dataset is collected by manually flying a UAV and recording a video
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at the same time. The models selected as the base of Faster R-CNN are the pre-trained Incep-

tion V2 model, ResNet50 model, and Scratch Models. The result shows that pre-trained model

Inception V2 based Faster R-CNN has the best result on average precision. This paper devel-

ops the excellent idea that using instance segmentation in monocular UAV’s obstacle avoidance

system is a great choice to save the cost on sensors and still maintain a good detection accuracy.
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Chapter 3

Devices

3.1 UAV

Initially, a decision of which UAV should be used in this project must be made, and the selected

UAV has to be supported by a ground station SDK. Parrot SA is a French wireless UAV products

manufacturer company, their products are quite famous around the world. The company not

only has products for individuals but also is cooperating with the military in different countries.

Their products, Bebop, Disco, Bebop 2 and Anafi, are supported by a ground station SDK,

Olympe, with functions of image processing, making commands, and UAV state feedback,

which makes it suitable for this project [49].

Another investigated UAV production company is DJI. DJI is a Chinese technology com-

pany, a world-leading manufacturer of commercial unmanned aerial vehicles (commonly known

as ”drones”) for aerial photography and videography [63]. DJI drone products are various, but

those who are supported by a ground station SDK are some in Matrice series, Phantom series,

Mavic series, and Manifold series. Since the main task of the UAV in this project is testing

the obstacle avoidance algorithm, there is no need to buy an expensive Matrice, Phantom or

Manifold UAV. Also, the only available laptop is equipped with a Windows system, a Windows

SDK compatibility is highly considered for the product selection. Thus, a cheap, Windows

SDK supported Mavic Air is the winner among all candidate DJI products.

Given that I have more experience using DJI is more than using Parrot, in this experiment,

a Mavic Air UAV (in figure 3.1) is used for testing this algorithm. Mavic Air is a product from

DJI company and is equipped with parts such as a 3-axis gimbal camera, which can shoot 4K
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100 Mbps video, magnesium alloy brackets, which can support the seven onboard cameras,

seven auxiliary cameras to measure the distance to an obstacle in the forward, backward and

downward direction. Also, since the test is conducted in an outdoor environment, a satellite

navigation system is needed for waypoint assignment. Mavic Air has both GPS and GLONASS

onboard, and this makes it suited for this experiment [14].

Figure 3.1: DJI Mavic Air

3.2 Deep Learning System

For system configuration, there are a lot of images taken by a real UAV that serves as either of

training datasets or testing datasets. This system runs on a local Linux PC, which has a large

memory and a powerful GPU processor, so there is no need to worry that the pre-operation

system is incapable of learning a sophisticated model.

Currently, there are several AI Frameworks that are widely used, such as Pytorch, CNTK,

Tensorflow, etc. Pytorch was open-sourced by Facebook in January 2017, and it offers dynamic

computation graphs, which let users process variable-length inputs and outputs, which is use-

ful when working with RNNs. CNTK is Microsoft’s open-source deep-learning framework,

which stands for “Computational Network Toolkit.” The library includes feed-forward DNNs

(DotNetNuke), convolutional nets and recurrent networks, and offers a Python API over C++
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code. [44] TensorFlow is an excellent choice for deep learning network development. Tensor-

Flow is a free and open-source software symbolic math library and is also used for machine

learning applications such as neural networks. TensorFlow was developed by the Google Brain

team for internal Google use, and released on November 9, 2015. [66]

In the TensorFlow platform, there is a library called Keras, which joined Google’s Ten-

sorFlow’s core library in 2017. Keras is a high-level neural networks API, written in Python.

It is designed to provide users with a user-friendly and higher-level set of interfaces that make

it easy to develop deep learning models regardless of the computational backend used. It has

support for many neural-network blocks such as layers, optimizer, and activation functions in

various types of neural-networks, like standard neural-networks, CNN, and RNN. [64] Thus,

Keras does a fine job in this experiment. Once the local computer system has a final model and

a set of weights with adequate accuracy, they shall be embedded in the UWP application for

sending UAV avoidance commands.

3.3 Source of Images

The images in this project are taken from different drones, and most of the views in pictures are

taken outdoor in bright sunny days. Around 26,954 1920 � 1080 pictures were taken by a DJI

Phantom drone or a DJI Mavic Air drone. The images from DJI drone were screenshots of the

video it took and were labeled manually with different actions it should take for the purpose

of supervised deep learning training. The obstacles in images are diverse as they are cars,

trees, persons, electricity poles, buildings, etc., which are very commonly found in suburban

environments.

All the images are divided into two sets, the training set, and the test set, with a ratio of

2.5:7.5. Each set is labeled into five categories: ‘keep going’, ‘turn left’, ‘turn right’, ‘go up’

,and ‘back up’, for deep learning model development. The images in ‘keep going’ indicate

that when the UAV receives an image like this, it can keep going straight. The images in ‘turn

left’ and ‘turn right’ have the obstacle on their right or left, moving left or right helps it avoid

the obstacle; the images in ‘go up’ give UAV a suggestion to climb up for a clearer vision and

the reason why an image is assigned to ‘back up’ is not only for safety concerns but also the
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