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The human fascination to mimic ultra-efficient flying beings like birds and bees has

led to a rapid rise in aerial robots in the recent decade. These aerial robots now posses

a market share of over 10 Billion US Dollars. The future for aerial robots or Unmanned

Aerial Vehicles (UAVs) which are commonly called drones is very bright because of

their utility in a myriad of applications. I envision drones delivering packages to our

homes, finding survivors in collapsed buildings, pollinating flowers, inspecting bridges,

performing surveillance of cities, in sports and even as pets. In particular, quadrotors have

become the go to platform for aerial robotics due to simplicity in their mechanical design,

their vertical takeoff and landing capabilities and agility characteristics.

Our eternal pursuit to improve drone safety and improve power efficiency has given

rise to the research and development of smaller yet smarter drones. Furthermore, smaller

drones are more agile and task-distributable as swarms. Embodied Artificial Intelligence

(AI) has been a big fuel to push this area further. Classically, the approach to designing

such nano-drones possesses a strict distinction between perception, planning and control



and relies on a 3D map of the scene that are used to plan paths that are executed by a

control algorithm.

On the contrary, nature’s never-ending quest to improve the efficiency of flying

agents through genetic evolution led to birds developing amazing eyes and brains tailored

for agile flight in complex environments as a software and hardware co-design solution.

In contrast, smaller flying agents such as insects that are at the other end of the size and

computation spectrum adapted an ingenious approach – to utilize movement to gather

more information. Early pioneers of robotics remarked at this observation and coined the

concept of “Active Perception” which proposed that one can move in an exploratory way

to gather more information to compensate for lack of computation and sensing. Such a

controlled movement imposes additional constraints on the data being perceived to make

the perception problem simpler.

Inspired by this concept, in this thesis, I present a novel approach for algorithmic

design on nano aerial robots (flying robots the size of a hummingbird) based on active per-

ception by tightly coupling and combining perception, planning and control into sensori-

motor loops using only on-board sensing and computation. This is done by re-imagining

each aerial robot as a series of hierarchical sensorimotor loops where the higher ones

require the inner ones such that resources and computation can be efficiently re-used. Ac-

tiveness is presented and utilized in four different forms to enable large-scale autonomy

at tight Size, Weight, Area and Power (SWAP) constraints not heard of before. The four

forms of activeness are: 1. By moving the agent itself, 2. By employing an active sensor,

3. By moving a part of the agent’s body, 4. By hallucinating active movements. Next, to

make this work practically applicable I show how hardware and software co-design can



be performed to optimize the form of active perception to be used. Finally, I present the

world’s first prototype of a RoboBeeHive that shows how to integrate multiple compe-

tences centered around active vision in all it’s glory. Following is a list of contributions

of this thesis:

• The world’s first functional prototype of a RoboBeeHive that can artificially polli-

nate flowers.

• The first method that allows a quadrotor to fly through gaps of unknown shape,

location and size using a single monocular camera with only on-board sensing and

computation.

• The first method to dodge dynamic obstacles of unknown shape, size and loca-

tion on a quadrotor using a monocular event camera. Our series of shallow neural

networks are trained in simulation and transfers to the real world without any fine-

tuning or re-training.

• The first method to detect unmarked drones by detecting propellers. Our neural

network is trained in simulation and transfers to the real world without any fine-

tuning or re-training.

• A method to adaptively change the baseline of a stereo camera system for quadrotor

navigation.

• The first method to introduce the usage of saliency to select features in a direct

visual odometry pipeline.



• A comprehensive benchmark of software and hardware for embodied AI which

would serve as a blueprint for researchers and practitioners alike.
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Chapter 1: Introduction

Robots have always been imagined as intelligent agents that can solve any problem

faster, cheaper and better than human beings. Such an imagination has been prevalent

since the 1800s. Despite major advances in technology, autonomy in robots fall signifi-

cantly short of predictions made in the past along with the expectations of most people.

Most successful autonomous robots today are generally big, bulky and targeted towards a

particular set of task such as cleaning floors, assembling cars and so on. To build a gen-

eral purpose robot such as those shown in TV shows which posses capabilities similar to

humans, we need to utilize concepts used by living agents for both hardware and software

co-design.

The capabilities of such a general purpose robot in the wild can be categorized

as: (a) Navigation, (b) Human robot interaction and finally (c) Physical interaction or

Manipulation.

Navigation involves moving around in space without running into static or dynamic

obstacles such as trees and humans. Human robot interaction involves the ability to un-

derstand humans, reason about their intent by interacting with them though a natural lan-

guage to disambiguate hard to parse queries. Finally, physical interaction or manipulation

involves the ability to alter the world by picking, moving and nudging objects.
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This thesis focuses on the first capability: Navigation, specifically tailored towards

aerial robots or Unmanned Aerial Vehicles (UAVs). However, they can be easily adapted

to ground robots with minimal effort. This fundamentally involves answering the follow-

ing three questions: Where am I? and What is a hazard when I am moving? Where should

I go next?

This capability has been traditionally achieved using computer vision algorithms

with the aim of building a representation of general applicability: a 3D reconstruction

of the scene. Using this representation, planning tasks are constructed and accomplished

to allow the quadrotor to demonstrate autonomous behavior. Note that I will use the

words aerial robot(s), Unmanned Aerial Vehicle(s) (UAV(s)), quadrotor(s) or drone(s)

interchangeably and they refer to the same entity unless specified otherwise.

1.1 Active Agents

Although aerial robots, are inherently active agents, their perceptual capabilities in

literature so far have been mostly passive in nature. Researchers and practitioners to-

day use traditional computer vision algorithms with the aim of building a representation

of general applicability: a 3D reconstruction of the scene. Using this representation,

planning tasks are constructed and accomplished to allow the robot to demonstrate au-

tonomous behavior. However, this is in stark contrast to the methodology used by living

agents such as birds and bees that have been solving these problems from agent with rel-

ative ease and extreme efficiency. These living beings utilize their activeness (the ability

to control movement of their bodies or a part of it) to simplify perception problems by
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building specific task driven sensorimotor loops (combination of perception, planning and

control). This thesis is built upon this philosophy: the agent can control it’s own move-

ment or movement of a part of it’s body to make it’s perception problem simpler. This is

due to additional constraints introduced by moving in particular ways. Such a movement

to manipulate the perception forms a sensorimotor loop: a perception, planning and con-

trol loop to solve the task at hand. Note that solving a real world task at hand can utilize

multiple of such sensorimotor loops.

1.2 Active vs Passive Approaches to Perception

Different set of tasks or competences of an aerial robot have been traditionally

achieved with passive perception (or vision) which is based on the human or primate

vision and involves sensing the world in 3D. This philosophy revolves around obtaining a

3D map first and then utilizing it for various tasks. However, a lot of tasks rarely require

a full 3D map of the scene to be accomplished and are hence not minimalist (not utilizing

less power, computation or number of sensors) by the virtue of their design. The major

advantage of such a system is that it is agnostic to the morphology of the robot and can

be almost directly adapted to different shapes, sizes and kinds of robots given that they

posses the required computation, sensing and power on-board.

On the contrary, active perception (or vision) adapts the design philosophy based on

the current operating constraints of computation, sensing and power. Such an approach

though is not directly transferable to different agent morphologies, it is generally more

power-efficient for the set of tasks it is designed for. Such an active design method is task
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Figure 1.1: Sensing, Control and Computation variation with respect to the
amount of activeness used by the agent.

driven and utilizes the minimal amount of information, computation and power required

for the task. It can inherently handle risk of a sensor failure by the virtue it’s design

utilizing exploration to gather more information and is generally more robust albeit it

might take more time as compared to it’s passive counterpart (See Fig. 1.1). Table A.1

shows a comparison of different behaviours of an UAV using both active and passive

design philosophies. Notice that the integration of different behaviours is harder in the

active approach. To make this problem easier and more tractable, we propose to re-use

multiple of these competences by conceptualizing each agent as a set of a hierarchical

sensorimotor loops (or competences or behaviours). This makes it easier to adapt the

agent to related but different sets of problems just by changing the checking condition

(condition to see if a sensorimotor loops needs to be terminated). For eg., in the function

of flower pollination, one would check for the flower and this could easily be changed to

check for survivors in a search and rescue task.
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Table 1.1: Minimalist design of autonomous UAV behaviours.
Competence Passive Approach Active and Task-based Approach
Kinetic stabilization Optimization of optical flow fields Sensor fusion between optical flow and IMU measurements
Obstacle avoidance Obtain 3D model and plan accordingly Obtain flow fields and extract relevant information from them
Segmentation of independently moving objects Optimization of flow fields Fixation and tracking allows detection
Homing Application of SLAM Learn paths to home from many locations
Landing Reconstruct 3D model and plan accordingly Perform servoing of landing area and plan appropriate policy
Pursuit and Avoidance Reconstruct 3D model and plan accordingly Track while in motion
Integration: Switching between behaviors Easy: The planner interacts with the 3D model Hard: An attention mechanism on ideas switching between behaviors

1.3 Forms of Activeness on a UAV

Activeness on a UAV or any robot in general can be accomplished in multiple ways.

1. By moving the agent itself, 2. By employing an active sensor, 3. By moving a part of

the agent’s body, 4. By hallucinating active movements.

In the first approach, the entire agent moves such that the perception problem be-

comes simpler. Such an approach is generally used by smaller robots where moving the

entire agent is not very power hungry as compared to adding another sensor by increasing

it’s weight and computation.

The second approach utilizes an active sensor, i.e., a sensor which only works when

movement is present. A class of sensors that are inspired by the animal eyes are called

event cameras. Such cameras only collect the asynchronous intensity changes in light

rather than traditional image frames. They have a higher dynamic range and lower la-

tency compared to classical cameras. However, such a sensor lacks the ability to perform

recognition from single timestep due to the lack of dense data when small or no move-

ment is present. However, these sensors excel at tasks that involve movement, which is

the core concept of activeness. This approach is useful when recognition of static objects

is not required or high-speed and severe illumination changes might be encountered.

The third approach brings the change of robot’s body morphology to enable simpler
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perception. Such an approach can be used to make the robot smaller as required while

utilizing a bigger set of sensors. Such an approach is desired when moving the robot is

less power efficient than adding additional components to enable movement of the sensor

suite. Such a method can also simplify certain perception problems by directly estimating

depth.

Finally, the last approach entails utilizing a method which hallucinates an active

observer. For e.g., one could hallucinate a heatmap of microsaccades a human being

might exhibit by looking at an image. Such a method is computationally more expensive

but can be utilized when power used by computation is far lesser than moving the agent

or a part of it.

1.4 Hardware and Software Co-design

Keen readers would have realized that the active approach to designing algorithms

is dictated by the amount of sensors, computation and power supply on-board which are

commonly called Size, Weight, Area and Power (SWAP) constraints. This is in unison

with what Alan Kay, a pioneer computer scientist quoted in the 1980s – “People who are

really serious about software should make their own hardware.” Thus, understanding the

hierarchy of autonomous systems and applying it in engineering, becomes a problem of

synergistic hardware and software co-design. This multidimensional optimization prob-

lem across different strata (hardware – integrated chips, sensors, effectors and software –

the set of programs running on the system) is a new research area that has the potential

to lead to a disruptive technology in this field. We call this field “Embodied AI”. This is
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directly inspired by how nature has taken ages to solve the optimization problem between

hardware (sensing using eyes and other sensors) and software (neural architecture) and it

is still being refined by a method we call ‘Genetic Evolution’ [2].

This multidimensional problem is intractable if we try to study all combinations of

sensor placements, computation and algorithms. Hence, to make the problem tractable,

we limit all our algorithms to be implemented using deep learning modules which obey

SWAP constraints and to the morphology of a quadrotor. However, the sensor suite is

allowed to change between a monocular traditional or event camera and a stereo camera.

1.5 When is Active design useful?

The next obvious question that comes to mind is when such an active design phi-

losophy is useful. An active philosphy using the agent’s movement or the movement of a

part of it’s body is useful when the agent cannot carry passive sensors that can sense the

required quantity (such as depth for mapping) due to SWAP constraints. However, that

being said, an active sensor can still be used despite the size of the robot for low-latency

applications. To add further, an active mechanism on a large robot (with enough SWAP

constraints for a myriad of sensors) can act as a failure mechanism when one or more of

the sensors fail. This could avoid the UAV from crashing by landing it safely. An active

philosophy is also useful when uncertainty is expected in either the environment or sens-

ing. In stark contrast to computer vision approaches, the agent would move to explore the

world to gather more information for a confident prediction.

Fig. 1.2 shows how the ability of a robot is severly affected as the SWAP constraints
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Figure 1.2: Algorithmic design philosophies for different sized robots along
with their capabilities.

change. This shows that we need to use the active design philosophy as SWAP constraints

become tighter (UAV becomes smaller). This is important as smaller UAVs are safer,

more agile and are scalable to be used as swarms. But, today’s passive algorithmic design

philosophy has bounded their abilities severely and the level of autonomy of these smaller

UAVs are very far from those of their larger counterparts. This shows how tightly coupled

the design philosophy is with the SWAP constraints.

However, when we bring living beings into the same plot as above we see from

Fig. 1.3 that the different between autonomy levels is not as significant even though liv-

ing being size changes drastically. This is because of the adaptation of sensing, neural

architectures and the methodology used by these agents that scale well with their SWAP

constraints. Also, notice that the level of autonomy possessed by living agents are far
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Figure 1.3: Amount of autonomous capabilities for different sized robots
and living beings with respect to size. The red box shows where this thesis
aims to take the autonomy of a nano-quadrotor.

Figure 1.4: Comparison of our proposed “bee” nano-quadrotor with birds
and bees. (a) Sparrowhawk, (b) White Necked Jacobin Hummingbird, (c)
Giant Honeybee, and (d) Our proposed “bee” nano-quadrotor. The number
next to the brain and scale icon shows the number of neurons and the weight
respectively. Note that the images are to relative size.
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higher than our man-made autonomous UAVs. A detailed comparison between a spar-

rowhawk, a hummingbird, a bee and our “bee” nano-quadrotor is shown in Fig. 1.4.

One can observe that our nano-quadrotor has more computation than the sparrowhawk,

weights almost the same as the sparrowhawk but is around the size of the hummingbird

but has the capabilities similar to that of a bee. This is because of our technology and

design methodology being not as efficient as that of nature and this area has a huge scope

for further research. This thesis is one of the few works that has taken baby steps in this

area of on-board nano-UAV autonomy using an active approach.

Next, I will describe some applications of a nano-UAV (specifically a quadrotor that

weighs < 250g and maximum motor to motor diagonal size of 120 mm) which is based

on the active design philosophy.

1.6 Applications of an Active Nano-Quadrotor(s)

Quadrotors out of all possible aerial robots have gained massive popularity due to

the simplicity in their mechanical design: a frame with four motors where diagonally

opposite motors spin the same direction. Such a design is inherently stable due to coun-

teracting torques and can be directly controlled by changing motor speeds since it is a

differentially flat system. A quadrotor has the following advantages over a traditional

fixed wing aircraft: can hover in place, generally has a higher payload for the same size

and can fly faster for the same size. They also don’t need a runway or a catapult mecha-

nism to take off and can be easily deployed fully autonomously in the field.

In particular, nano-quadrotors are defined in this thesis as a quadrotor of maximum
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side of 85 mm (motor to motor diagonal dimension of 120 mm) and a maximum All Up

Weight (AUW) of 250 g. These vehicles are safe, agile and can carry enough payload to

be autonomous with off-the-shelf components making them easy to repair and distribute

for further research even in developing countries. A few applications of such a nano-

quadrotor (one or many) are described next.

Fast exploration and mapping

Nano-quadrotors can be used to map large areas fast using a centralized or decentralized

mapping server where a fast map could be generated on-board and can be further opti-

mized when they are downloaded to a large server. Such a method can be very useful

when one can deploy drones with different sensor suites for gather data from different

spectra. This would be useful for mapping bridges and pipes where gaps are small and

large drones cannot traverse. Such nano-drones can also be used for sports to obtain

angles that were not possible before.

Search and Rescue

Nano-UAVs are specially suited for search and rescue since they can be readily deployed

with minimal effort in the field and can traverse gaps of unknown shapes, sizes and lo-

cations. Such a swarm with different sensor suites can be used to find survivors (using a

thermal camera). Nano-UAVs can traverse terrain that might not be possible for ground

robots or larger UAVs due to their size, agility and full 3D maneuverability. Such small

nano-UAVs because of their cost-effectiveness can be used as ‘disposable information

capture devices’ for areas such as nuclear plants. Finally, they can also provide a bird’s
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eye view of the scene along with 3D reconstructions for necessary evaluation and to col-

laborate with other ground robots.

E-sports and Hobbying

Drones have become popular due to a sport called drone racing and have carved out a new

space that blends reality with computer games. These drone races are manually piloted

and recently AlphaPilot competition from Lockheed Martin posed to do the same in a

completely autonomous manner with on-board sensing and computation which was won

by Prof. Guido de Croon’s team from TUDelft using a monocular and active approach1.

These features could be built into drones of smaller sizes to make them safer to learn and

for hobbying purposes so they do not hurt other birds in flight. One such step has been

taken by DJI in the form of DJI FPV drone (that weights about 1 Kg), but it still is far

from being a nano-quadrotor.

Co-operative delivery

Although nano-UAVs cannot carry larger payloads, they can be combined together (either

using rigid links or tethered cables) to carry larger payloads. Such an approach would be

desirable during search and rescue as smaller drones are easier to deploy and are faster in

exploration but can be combined together to lift larger payloads.

Inspection

Drones are a popular tool for inspecting large structures where access is limited to ground

robots or using human labor is dangerous such as under bridge structures [3] or historical
1https://mavlab.tudelft.nl/mavlab-wins-the-alpha-pilot-challenge/
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monuments [4] or in radio active areas [5]. Recently , Skydio announced an active ap-

proach called 3D Scanhttps://www.skydio.com/3d-scan to map and inspect any structure

in a GPS denied environment using only on-board computation and sensing. In addition,

a research area could be to use a gimbal camera with zoom that can also use active per-

ception to reduce overall control effort of moving the entire vehicle to obtain a higher

resolution image for mapping. Such an approach would make it safer when tight areas

have to be mapped with a high degree of accuracy.

1.7 Research Objectives

Since I started my doctoral studies in 2016, there has been an astounding progress

in the field of quadrotors and specially autonomous ones. One of the major factors that

influenced this growth was the Drone Racing League (DRL) which was launched publicly

in Jan, 2016. Since then, there has been a rapid development and availability of hobby

grade parts such as sensors, motors and on-board flight controllers that are on-par with

their commercially available counterparts and those used in the top of the line research.

This trend has also set off a cycle where Ph.D.’s are working with hobbyists to build au-

tonomous drones (different multirotors and fixed wing planes) using hobby grade parts so

that such research is accessible to the general public. To fuel this growth further, there has

been a rapid advancement in the field of on-board algorithms involving visual perception

(visual inertial odometry), better sensor fusion, motion planning, control schemes and

decision making. The recent deep learning trend has also shown to improve robustness

over classical methods if the training data is generated appropriately. These networks
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can also be trained in simulation and transferred to the real world with minimal effort if

the problems are chosen carefully. To add further, these networks can be hardware ac-

celerated to obtain speeds not possible before with classical methods without extensive

reprogramming to fit the required computer architecture.

Although, electronics and avionics exist for building efficient nano-quadrotors (we

define this as a maximum diagonal motor to motor size of 120 mm and AUW of 250 g),

they rarely posses autonomous features. This is because of a large number of open chal-

lenges to scale down autonomy with limited sensing and computation. With the advent of

special deep learning accelerator chips, open-source simulation tools for data generation,

new generation sensors and new FAA rules for small drones, now is the perfect time to

dive into make these nano-quadrotors autonomous. This research direction also caught

attention of many top notch researchers across the world due to the DARPA’s Fast Light

Autonomy project where the goal was to build an autonomous quadrotor that can fly upto

20ms−1 with on-board sensing and computation.

The myriad of challenges to make nano-drones autonomous span across multiple

domains and multiple Ph.D. theses and will take an effort from researchers all across the

world to be addressed. My doctoral work focuses on a few key components which revolve

around the central philosophy of active perception. Each of my works has a philosophical

ideology of active perception with a practical application of immediate impact. I par-

ticularly showcase four forms of active perception (combining perception, planning and

control into a single sensorimotor loop to make the problem simpler to solve): 1. By

moving the agent itself, 2. By employing an active sensor, 3. By moving a part of the

agent’s body, 4. By hallucinating active movements. Next, to make this work practically
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applicable I show how hardware and software co-design can be performed to optimize

the form of active perception to be used. Finally, I present the world’s first prototype of a

RoboBeeHive that shows how to integrate multiple competences centered around active

vision in all it’s glory.

Today’s drone autonomy in indoor (sometimes outdoor) spaces has been tradition-

ally achieved using motion capture setup which are expensive, have a large setup and

calibration time, and strongly limit the flying area. The key advantages of such a system

is their sub-millimeter accuracy, constant and low latency of about 10ms and high update

rate of up to 200Hz. However, such a system is not applicable when drones need to be

deployed in the wild with wind, changing terrain, varied visual features and illumina-

tion, and other external obstacles. This has necessitated the need for on-board perception

(sensing) and computation. Such an on-board system also has the added advantage of

preserving privacy and security (by being harder to hack into). In this thesis, I focus on

on-board sensing and perception to solve fundamental problems for aerial robot auton-

omy: static and dynamic obstacle avoidance, flying through gaps and homing (where do

I find home). All these problems are tackled by controlling the agent’s movement in a

way to simplify perception problems (this is called a sensorimotor loop) using the active

perception philosophy.

1.8 State of the Art

I will next describe the state of the art in various related areas that can potentially

advance the area of autonomy on nano-UAVs.
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Active Perception by moving the agent

Active perception is the concept where one would control their movements (control and

planning) in order to simplify the perception problem. This is in stark contrast to passive

perception where a 3D map is first constructed and then motion planning is performed

which is then used to control the robot’s movement. Such a passive approach relies on

the fact that the perception information obtained is accurate and robust which is rarely the

case in the wild. Such an approach has spurred from the fact that it is the most evident

way to setup a mathematical optimization problem which can be sub-divided into multiple

fields so that fast progress could be achieved. Now that the field has matured to the point

where we have full-fledged products based on this philosophy, academia needs to think

about the next conceptualization of a robot. Revisiting what experts of the field put forth

about three decades ago: we need to combine perception, planning and control into a

single entity called sensorimotor loops. This has been called by different names: Active

vision, Animat vision, or perception-aware planning. This literature has gained a lot of

momentum in the last five years due to active vision’s robustness, built-in contingency

planning and minimalism. The literature spans across multiple robot platforms such as

quadrotors, ground robots and humanoids to name a few and is dominant where robots

can carry a limited payload in-terms of sensors and computation.

Active view planning

Another way planning and perception have been tightly coupled is through an area called

active view planning. Here, the planner takes into account the current or accumulated

perception information to plan a path on the fly to obtain a better view for the desired
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task. For e.g., if one is mapping a bridge [6], generally spots under the bridge are dark

and require closer data and hence the view planner would take that into account. Such a

planner is accomplished by various statistical measures such as entropy or estimated cov-

erage amount for the map built. Another flavor of active view planning comes in the form

of keeping some points of interest in the field of view while executing a desired trajectory.

Such a problem is tackled by formulating minimum time trajectories for quadrotors with

a limited field of view camera to ensure that the points of interest are always in the field of

view. Alternative formulations have been presented to control yaw for autonomous aerial

cinematography [7]. To add further, a few approaches also consider obstacle avoidance

when planning such perception-aware trajectories [8].

Active Sensing using event cameras

Over the last decade, there has been an enormous advancement in sensor technology,

specially imaging sensors or cameras. Even after these significant advancements, the dy-

namic range and latency of these cameras is nowhere comparable to those possessed by

living agents, specially ones that can fly such as birds and bees. This observation moti-

vated the neuromorphic engineers to develop a new class of imaging sensors called event

cameras. These event cameras have ‘smart pixels’, wherein each pixel is asynchronous

and collects the changes in light rather than a traditional intensity measurement to create

classical image frames. Such a sensor outputs an event cloud rather than an image frame.

where each event contains the location and polarity. The polarity takes values from the set

{+1,−1, 0}, where a +1(-1) indicates a intensity increase (decrease) and 0 indicates the

event did not trigger. Since, only the intensity changes are recorded, huge bandwidth sav-
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ings of upto orders of magnitude is obtained. Such a sensor also has a ultra high dynamic

range of upto 100dB which is much higher than a traditional camera [9]. The latency of

such a camera can be on the order of a few microseconds which is two to three orders of

magnitude lower than that of the comparable classical camera.

Since event sensor data is tightly coupled to it’s movement and the scene, they are

also called active sensors in the essence that one has to move (or the scene has to move)

to obtain data. To reiterate, the event camera has a high dynamic range, low latency, low

bandwidth and is particularly suited for an active agent. As one would think intuitively,

the larger the perception latency, the slower the robot can respond to abrupt or dynamic

changes in the environment/scene. However, robots in the wild often experience dynamic

obstacles such as humans, birds, insects along with unstructured obstacles in collapsed

buildings like falling rocks. Although in theory, one could recognize the objects in the

scene to obtain dynamic obstacles, they are not robust to motion blur and drastic illumi-

nation changes which classical cameras suffer from in dynamic and wild scenarios. Event

cameras by the virtue of their design are perfectly suited for the task of dynamic obsta-

cle detection. In literature, event camera based Independently Moving Objects (IMO or

dynamic obstacles) has been performed in two major ways: by motion compensating the

event volume (or frame as a projection of events) [10, 11] or by learning to predict the

segmentation masks directly[12, 13]. In the first method, the algorithms construct an Im-

age of Warped Events (IWE) or event frames then use a measure of IWE’s contrast or

sharpness as a metric to warp the event cloud to obtain a sharp IWE or event frame. The

blurry parts of this resultant image are the regions that do not comply with the motion

model of the ‘background’ (the parts of the scene that are not IMOs) are the ‘foreground’
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or IMOs. Such a way is robust but generally slow due to processing of 3D spatio-temporal

event data, depending on amount of motion and scene this can use a lot of memory and

be slower than realtime (defined as 50Hz). In the second method, a network is trained on

these input event frames (without sharpening) to predict directly the pixel locations that

belong to IMOs. Such a method is faster and robust if enough data is given to learn.

Event cameras due to their myriad of advantages over classical cameras have also

gained attention of other roboticists to build visual odometry [14, 15, 16] and Simultane-

ous Localization And Mapping (SLAM) algorithms[17]. Event cameras have also been

utilized on humanoid robots [18] and other aerial robots to track objects of interest.

Active Perception by moving a part of the agent

One can also achieve activeness by moving a part of the agent rather than the entire agent

itself (Such an example in nature can be seen when the owlets bob their head around

in circles, see Fig; 1.5). Though morphable designs of robots in it’s early days [19, 20,

21, 22, 22, 23, 24] were to showcase that one could make such a design functional and

were targeted towards mechanical and control design of these systems. In the last decade,

gimbal systems on drone have become common to the point that even a cheap hobby

drone generally is equipped with one. One of the major driving forces for such a design

is aerial videography to get a smooth footage with little to no post-processing. This also

inspired roboticists to build rigs with pan, tilt and zoom cameras [25] on robots so that

they could track objects faster by moving the camera rather than the entire robot itself.

Similarly, stereo systems were built on the same principle to enable better tracking and

depth estimation by changing baseline.
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Figure 1.5: A stack of images showing an owlet bobbing its head (see
red highlight) to make perception easier. This is an example of an agent
moving a part of it’s body to exhibit activeness. For original video see
https://vimeo.com/152347964.
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Hallucinated Activeness

Activeness as discussed before comes in various forms and involves some amount of

physical movement. However, similar to the difference in the way the older agents (or

humans) approach problems as compared to younger ones, activeness changes its form

as more data or information about something is acquired. Foe e.g., a bird does not have

to explore the area around it’s nest since it already knows how it looks by creating a

mental picture or it. In such a case, activeness becomes closer to passiveness with one

single difference: the activeness is hallucinated or is in the imagination of the agent.

Hallucinated activeness in the most simplified form could be captured in visual saliency:

the amount of time an agent’s gaze rests on different parts of the image (See Fig. 1.6 for

an example of how this map looks). Such a saliency method depends on the context and is

generally a top to down approach. For e.g., if one is looking for a yellow ball, the saliency

heatmap would light-up at spots of the image which are yellow. Saliency could also be

in the form of a rudimentary motion segmentation method, such an approach would be

trivial if an event camera is employed. Also, note that most living agents have evolved

eyes to sense in the range to find the most salient objects from their perspective. For e.g.,

bees and butterflies can ‘see’ in the ultraviolet range to find the salient flowers where they

can drink nectar from (See Fig. 1.7). In literature, saliency has been used for navigation

[26], human-robot interaction [27, 28] and to make robots have gazes similar to that of

humans[29].

Nano/Pico-quadrotor design

Smaller UAVs are inherently safer, more agile and their ability to be deployed as large
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Figure 1.6: Left to right: Color image of the scene, corresponding saliency
map output by SalGAN [1]. The hotness of the saliency color corresponds to
the value being higher.

Figure 1.7: Left to right: Bidens ferulifolia flower as seen by Human vision,
reflected UV, butterfly vision and bee vision. Note that altough images shown
here for simulated butterfly and bee vision are at the same resolution as those
seen human eyes, the real resolution of the eyes on these flying agents is
much smaller. Photo credits and ©: Dr. Klaus Schmitt.
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swarms [30]. In literature, pico-quadrotors have been developed with a myriad of capa-

bilities such as walking and flying but rarely have enough on-board computation to be of

practical value. Recently, custom chips based on the RISC-V architecture have been de-

veloped to aid autonomy features using deep learning to these tiny pico-quadrotors [31],

however they require a mastery on hardware design along with writing lower level driver

code to make them functional and autonomous: thereby limiting further research. More-

over, cameras and other sensors that can be used on these sized drones are either custom

made and expensive. To add further, the battery life on these tiny drones are less than 2

minutes due to the limited payload capabilities. A similar issue is observed with flapping

bird drones which are inherently safer[32]. On the other end of the spectrum, research

groups all over the world have also worked on integrating larger sensors and computa-

tion modules into smaller units to run a full SLAM stack along with path planner and

controls enabled by the latest generation of Graphics Processing Units (GPUs) [33]. Al-

though massive advances have been made in this regard and have been made open-source

and open-hardware, they still use expensive sensors to achieve a good SLAM accuracy.

To this end, we propose to utilize activeness in our design and build nano-quadrotors

which fight right in-between the two aforementioned areas to enable autonomous features

at scales not possible before due to the higher payload and computation as compared

to pico-quadrotors and improved agility, safety and size decrease as compared to micro-

quadrotors. We also bring the first step in studying the co-design of hardware and software

for nano-quadrotors using embodied AI.
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1.9 Summary

In this chapter, I discussed what active agents are, how an active agent differs from

a passive agent. This was then extended to why and how one should use activeness of

an UAV to make perception problems simpler to enable autonomy at scales that were

not possible before. I also talk about how activeness is a hardware and software co-

design problem. Then, I formally present the research objectives of this thesis followed

by different applications of nano-quadrotors. In the literature review, I summarized the

state of the art on different forms of active perception, combining perception and planning,

and nano/pico-quadrotor design.
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Chapter 2: Contributions

In this chapter, I summarize the key contributions of the papers re-printed in the

appendix. In particular, this chapter highlights the individual results, refers to the related

video, open-source and open-hardware tutorials. I also put this thesis’ research in-context

to the state of the art literature in this chapter. In total, this research has been published in

three peer-reviewed journals and six peer-reviewed conference publications. One further

paper is under preparation for AAAS Science Robotics journal. Paper A was successfully

demonstrated live to multiple audience, most notable to Sam Brin (brother of Sergey Brin)

which was awarded USD 200K from the Brin Family foundation to our lab to advance

machine perception on drones along with a grant to the University of Maryland of USD

2M for building the Brin Family Aerial robotics lab which is currently used by various

departments. Paper B was presented by Profs. John Baras and Yiannis Aloimonos to

the Office of Naval Research and obtained a grant of USD 2.2M to advance the field

of Intelligent and Learning Autonomous Systems: Composability and Correctness. The

works in papers A and B also won the runner up in the Brin Family prize in 2016. Papers

B and C have helped cultivate relationships with one of the best labs for aerial robotics

research in the world: Robotics and Perception Group at the University of Zurich headed

by Prof. Davide Scaramuzza and Micro Air Vehicle Laboratory at the Delft University
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of Technology headed by Prof. Guido de Croon. The works from this thesis was used

to create the world’s first prototype of the RoboBeeHive which is described in detail in

Chapter 3. Finally, a lot of the research in this thesis has led to the creation of two fully

open-source and open-hardware courses with video lectures and slides: ENAE788M:

Hands-on Autonomous Aerial Robotics and CMSC828T: Vision, Planning and Control

in Aerial Robotics.

2.1 Active Perception by moving the agent

In this section, I present the work on the textbook definition of active perception:

by controlling the agent’s movement to simplify the perception problem. Such a work is

also called perception-aware planning in the classic literature.

2.1.1 Paper A: GapFlyt

(P1) Nitin J. Sanket*, Chahat Deep Singh*, Kanishka Ganguly, Cornelia

Fermüller, Yiannis Aloimonos “GapFlyt: Active Vision Based Minimal-

ist Structure-Less Gap Detection For Quadrotor Flight”, IEEE Robotics

and Automation Letters (RA-L), (2018) Vol. 3, No. 43847–3854. DOI:

http://dx.doi.org/10.1109/LRA.2018.2843445.

2.1.1.1 Brief Description

In this work, we address one of the biggest challenges for autonomous operation

of a UAV in complex environments: navigating through narrow gaps of unknown shape,
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size and location. To enable such a competence, our quadrotor (which could be replaced

by any multirotor UAV) is equipped with a front facing monocular camera, an inertial

measurement unit, a laser altimeter and an on-board computer. All our perception, control

and planning calculations are done using on-board sensing and computation. Instead of

relying on the 3D structure of the scene using a mapping or odometry approach, we

utilize the activeness of the quadrotor to simplify the problem of gap detection. A gap is

defined as the contour where there is an abrupt discontinuity of depth. This is inherently

captured in the optical flow measurements when the quadrotor explores the scene (See

Fig. 2.1a). Since the optical flow is also a function of the rotation, we average multiple

measurements such that the dominant average flow values are from translation which

in-turn have inverse depth embedded in them. So by simply moving the quadrotor to

compensate for lack of computation and sensing, we can obtain the location of the gap on

the image plane without reconstruction or explicit computation of depth. We then track

the gap indirectly by tracking the foreground (outside the gap) and background (inside the

gap) regions separately since it is unstable to track a depth discontinuity directly. Finally,

our quadrotor aligns the center of the gap with the image center to fly through the gap

(See Fig. 2.1b).

2.1.1.2 Comparison to the state of the art

Current state of the art for flying through narrow gaps has focused on either planning

and controls for high speed flight or for on-board perception and sensing with known

shape and size gaps. The common ground to all the state of the art literature is that they
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Figure 2.1: Different parts of the GapFlyt framework: (a) Detection of the
unknown gap using active vision and TS2P algorithm (cyan highlight shows
the path followed for obtaining multiple images for detection), (b) Sequence
of quadrotor passing through the unknown gap using visual servoing based
control. The blue and green highlights represent the tracked foreground and
background regions respectively.

are focused towards controls and planning since the perceptual part is either given or

simple because of known assumptions. In contrast, our work’s focus was centered around

perception and focused on solving the problem with minimal information and sensing.

With just a monocular camera, we achieved a remarkable success rate of upto 85% at

2.5ms−1 even with a minimum tolerance of just 5cm which is comparable or in some

cases better than the methods that use either depth or a motion capture system or a known

window shape and size.

2.1.1.3 Related Videos

(V1) https://youtu.be/FSSqB7ag04w
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2.1.1.4 Related Software and Hardware

(S1) https://github.com/prgumd/GapFlyt

2.1.1.5 Related Media Publicity

IEEE-Spectrum, TechCrunch, NVIDIA, Technology News Update, Drone Below,

Japan Tech Crunch and many more.

2.2 Active sensing using event cameras

In this section, I present the work on using activeness in the sensor design: sensor

only outputs data when the agent moves. In particular, the sensor we use is called an

event camera and the output data is a combination of the camera’s movement along with

the structure of the scene.

2.2.1 Paper B: EVDodgeNet

(P2) Nitin J. Sanket*, Chethan M. Parameshwara*, Chahat Deep Singh, Ashwin

V. Kuruttukulam, Cornelia Fermüller, Davide Scaramuzza, Yiannis Aloi-

monos “EVDodgeNet: Deep Dynamic Obstacle Dodging with Event Cam-

eras”, IEEE International Conference on Robotics and Automation (ICRA),

(2020). DOI: https://doi.org/10.1109/ICRA40945.2020.9196877.
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2.2.1.1 Brief Description

In this work, we address one of the most common problems quadrotors (UAVs in

general) encounter when navigating in the wild: obstacle avoidance of dynamic or moving

obstacles. These obstacles could be in the form of other living agents such as human

beings, birds, insects or non-living things like other drones, rocks being thrown by other

people etc. The fundamental challenge to dodging dynamic obstacles is in the perception,

which involves distinguishing one’s own motion to that of other moving objects. To

enable this competence, our quadrotor is equipped with a front and down facing event

cameras, an inertial measurement unit, a laser altimeter and an on-board computer. All

our perception, control and planning calculations are done using on-board sensing and

computation to dodge dynamic obstacles of unknown shape, size and location without

explicit depth information. Contrary to the state of the art we utilize event cameras, which

are active sensors and are tailor made for the purpose of detecting independently moving

objects/obstacles. These event cameras contain ‘smart pixels’, where each pixel operates

asynchronously and is triggered by brightness changes. We present a solution to dodge

dynamic obstacles by utilizing three shallow neural networks. The first network deblurs

the input event frame, the second network predicts the motion between two event frames

and finally the third network predicts the segmentation flow: optical flow only at moving

objects. We then filter these measurements using temporal information which is then used

to obtain a safe direction in which the quadrotor moves to avoid collision (See Fig. 2.2).

All our networks are trained in simulation and generalize to the real-world without any

fine-tuning or re-training.
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Figure 2.2: A real quadrotor running EVDodgeNet to dodge two obstacles
thrown at it simultaneously. From left to right in bottom row: (a) Raw event
frame as seen from the front event camera. (b) Segmentation output. (c) Seg-
mentation flow output which includes both segmentation and optical flow. (d)
Simulation environment where EVDodgeNet was trained. (e) Segmentation
ground truth. (f) Simulated front facing event frame.

2.2.1.2 Comparison to the state of the art

Current state of the art for dodging dynamic obstacles that utilize classical cameras

either recognize the obstacles such as humans or other animals, or assume information

about the shape of the object such as a spherical ball. Other methods that work for dif-

ferent shapes either use a stereo camera or an RGB-D sensor to obtain depth. Recently,

approaches have been presented to detect dynamic obstacles using either stereo or monoc-

ular event cameras. Monocular event camera based methods are generally slow as they

typically work on the entire event cloud. To this end, our work currently holds the state

of the art for monocular event based dodging on a quadrotor using event cameras with

an accuracy of 70% including objects of unknown shape, size, location and low light
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scenarios.

2.2.1.3 Related Videos

(V2) https://youtu.be/k1uzsiDI4hM

2.2.1.4 Related Software and Hardware

(S2) https://github.com/prgumd/EVDodgeNet

2.2.1.5 Related Media Publicity

Mashable, Futurism and many more.

2.2.2 Paper C: EVPropNet

(P3) Nitin J. Sanket, Chahat Deep Singh, Chethan M. Parameshwara, Cornelia

Fermüller, Guido C.H.E. de Croon, Yiannis Aloimonos “EVPropNet: De-

tecting Drones By Finding Propellers For Mid-Air Landing And Following”,

Robotics: Science and Systems (RSS), 2021.

2.2.2.1 Brief Description

In this work, we address a specific variant of the problem described in EVDodgeNet

which is to detect other drones (specifically multirotor UAVs). Such a detection is im-

portant either for detection of malicious drones for security purposes or for swarming
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where we would like to detect and estimate relative pose to other drones in the swarm. In-

sead of relying on special structures, markings or fiducials on drones, we detect the most

ubiquitous part of a drone: it’s propellers. Since, the area occupied by the non-occluded

propeller is far greater than that of the largest fiducial that can be placed on the drone it

makes the argument compelling to detect drones by finding propellers. However, classi-

cal cameras do not posses the shutter speeds to capture the rotation of a propeller. To this

end, we detect propellers by using an event camera for its high temporal resolution, low

latency and high dynamic range. Our quadrotor can detect other drones using a single

event camera with on-board computation and sensing. In particular, we model the geom-

etry of a propeller to generate synthetic data which is then used to detect propellers in

the real world without any fine-tuning or re-training. Our EVPropNet network runs on a

power budget of just 2W at 35Hz making it perfectly suited for real-world applications.

We show two applications of our work: (a) tracking and following an unmarked drone

and (b) landing on a near-hover drone (See Fig. 2.3).

2.2.2.2 Comparison to the state of the art

Current state of the art for detection of drones rely on either appearance based

neural network methods which often fail if the background is not sky. The other approach

is to use an active or a passive fiducial marker on a drone which can be detected fairly

robustly. Active markers are generally more robust and have a farther sensing range

as compared to the passive ones. However, for detection of unmarked drones, only the

appearance based methods are applicable. Other methods which RADAR to detect drones
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Figure 2.3: Applications presented in this work using the proposed propeller
detection method for finding multi-rotors. (a) Tracking and following an un-
marked quadrotor, (b) Landing/Docking on a flying quadrotor. Red and green
arrows indicates the movement of the larger and smaller quadrotors respec-
tively. Time progression is shown as quadrotor opacity. The insets show the
event frames E from the smaller quadrotor used for detecting the propellers
of the bigger quadrotor using the proposed EVPropNet. Red and blue color
in the event frames indicate positive and negative events respectively. Green
color indicates the network prediction.

are generally bulky to be carried on-board a drone. In contrast, out method can detect both

marked/unmarked drones since propellers act as the fiducial for our method. Our network

can detect propellers at a rate of 85.1% even when 60% of the propeller is occluded and

can run at upto 35Hz on a 2W power budget. Our applications also show an impressive

success rate of 92% and 90% for the tracking and landing tasks respectively.

2.2.2.3 Related Videos

(V3) https://ter.ps/EVPropNet

2.2.2.4 Related Software and Hardware

(S3) https://github.com/prgumd/EVPropNet
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2.3 Active Perception by moving a part of the agent

In this section, I present the work on a modification to the textbook definition of

activeness. Here instead of moving the entire agent to obtain more information, we move

a part of the body, similar to head movements birds or humans make to obtain more

information. Such a method of activeness is useful as it is generally faster and applicable

when the agent’s movement costs a lot more energy rather than just moving a part of it.

2.3.1 Paper D: MorphEyes

(P4) Nitin J. Sanket, Chahat Deep Singh, Varun Asthana, Cornelia Fermüller,

Yiannis Aloimonos “MorphEyes: Variable Baseline Stereo For Quadrotor

Navigation”, IEEE International Conference on Robotics and Automation

(ICRA), (2021).

2.3.1.1 Brief Description

In this work, we address a long-standing problem with stereo cameras on a UAV:

to adapt the depth sensing range of the stereo vision system on the fly to obtain better

depth quality. Our quadrotor is equipped with a stereo camera mounted on two linear

servo motors and on-board computer on which all the perception, planning and control

algorithms are run with on-board sensing and computation. Since the depth quality of a

stereo camera depends on the distance between two cameras (baseline) and the structure
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Figure 2.4: Three applications of a variable baseline stereo system were
explored in this work. (a) Flying through a forest, (b) Flying through an
unknown shape and location dynamic gap, (c) Detecting an Independently
Moving Object. In all the cases, the baseline of the stereo system is changing
and is colored coded as jet (blue to red indicates 100 mm to 300 mm baseline).
The opacity of the quadrotor/object shows positive progression of time. (d)
Variation of baseline from 100 mm to 300 mm. Notice that the stereo system
is bigger than the quadrotor at the largest baseline.

(depth) of the scene, we adapt our baseline on the fly based on the region of interest.

In order to obtain extrinsic calibration during the baseline change, we pre-calibrate our

camera at fixed baseline pairs and interpolate between the extrinsics on the fly using a

dual quaternion formulation due to its speed and robustness. Finally, we demonstrate

three approaches of such a variable baseline stereo system: (a) flying through a forest, (b)

flying through an unknown shaped/location static/dynamic gap, and (c) accurate 3D pose

detection of an independently moving object (See Fig. 2.4).
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2.3.1.2 Comparison to the state of the art

Related state of the art comes in two different domains: (a) morphable designs and

(b) variable baseline stereo systems. In the first domain, control and planning algorithms

have been developed for morphing aerial robots: aerial robots that can adapt their shape in

air. However, such a morphing mechanism is rarely driven by perception and is generally

used to showcase the capability to be able to change shape in a controllable manner. In

the second domain, various slider based and servo based variable baseline stereo systems

have been developed for tracking purposes. In our work, we combine these two philoso-

phies and present a variable baseline morphing system based on perceptual information.

Using our method, we can navigate through a forest at speeds of upto 5ms−1 with a stereo

camera setup and on-board sensing and computation. We improve on speed of gap detec-

tion by 80× (when using same computer for processing) when compared to [34] as our

proposed approach does not require any active quadrotor maneuvers for gap detection.

We also improve on speed of gap traversal by 20% (3 ms−1 over 2 ms−1) and smallest gap

clearance by 20% (4 cm over 5 cm) when compared to the previous state of the art [34].

2.3.1.3 Related Videos

(V4) https://youtu.be/0G5iIF0pAlg

2.3.1.4 Related Software and Hardware

(S4) https://github.com/prgumd/MorphEyes
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2.4 Hallucinated Activeness

In this section, I present the work on a non-obvious form of activeness: activeness

by imagination or hallucinated activeness. Such a method is useful when a look-up map

for activeness can be constructed, for e.g., a bird does not have to explore the around

it’s nest since it already knows how it looks which is imbibed in a mental picture. In

this work, hallucinated activeness is manifested as visual saliency: the amount of time a

human gaze would rest on different parts of the image.

2.4.1 Paper E: SalientDSO

(P5) Nitin J. Sanket*, Huai-Jen Liang*, Cornelia Fermüller, Yiannis Aloi-

monos “SalientDSO: Bringing Attention to Direct Sparse Odome-

try”, IEEE Transactions on Automation Science and Engineering (T-

ASE), (2019) Vol. 16, No. 4, pp. 1619-1626. DOI:

http://dx.doi.org/10.1109/TASE.2019.2900980.

2.4.1.1 Brief Description

One of the most important competences required by an agent is the ability to nav-

igate towards home. This is called the homing problem and is solved by using different

approaches across the animal kingdom. While the smaller agents rely on direction vectors

such as magnetic field and the sense of smell, the larger agents rely on perceptual infor-

mation in the form of high level contextual cues. The larger agents like humans build a

semantic map using a series of fixations (a heatmap of fixations is called visual saliency).
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Figure 2.5: Sample point-cloud output of SalientDSO which does not have
loop closure or global bundle adjustment. Each inset (color-coded to suite
the respective location on the map) in clockwise direction from top left show
the corresponding image, saliency, scene parsing outputs and active features.
Observe that features from non-informative regions are almost removed ap-
proaching object-centric odometry.

Although, extensive studies have shown that fixations play a key role in human percep-

tion, our robots rarely use it for odometry/map building. This is partially because where

to fixate is a cognitive problem and is generally achieved through a top down task planner

which is generally very naive on a robot. Although, there have been works to segment the

scene using a series of fixations, these fixations are not automatic. Recently, deep learn-

ing methods for obtaining high quality saliency maps have been constructed and form

the basis of our work. We address the homing problem by increasing the robustness and

accuracy of the visual odometry algorithm using visual saliency and scene parsing.
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2.4.1.2 Comparison to the state of the art

The current state of the art in visual or visual inertial odometry deals with either

improving the quality of features so that long term tracking of these features can be main-

tained despite changes to illumination, viewpoint and rotation. Lately, direct approaches

with better optimization formulations have shown to be more accurate. To add further,

event cameras have been used to enable odometry estimation with similar mathematical

formulations at high speeds and high dynamic range scenes. In the last five years, deep

learning based approaches for odometry estimation have struck the right balance between

speed and accuracy but suffer from one severe limitation: they do not generalize to unseen

data. To this end, our method combines best of both worlds, we use saliency and scene

parsing from a neural network to select features for a classical direct method of odometry.

Our method achieves about 5× improvement in Root Mean Square error even with as low

as 40 features.

2.4.1.3 Related Videos

(V5) https://youtu.be/EOLA1hSYaXU

2.4.1.4 Related Software and Hardware

(S5) https://github.com/prgumd/SalientDSO
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2.5 Hardware and Software Co-design

In this section, I present the work on studying hardware and software which is

essential since the active design philosophy is dictated by the amount of SWAP constraints

on-board along with the agent’s morphology

2.5.1 Paper F: PRGFlow

(P6) Nitin J. Sanket, Chahat Deep Singh, Cornelia Fermüller, Yiannis Aloi-

monos “PRGFlow: Unified SWAP-Aware Deep Global Optical Flow for

Aerial Robot Navigation”, IET Electronics Letters, 2021.

2.5.1.1 Brief Description

Since an agent has a multitude of competences with interlinks between them, it is

intractable to analyse all the hardware and software combinations to achieve the same set

of tasks with different methods. To make this problem tractable, we constrain some of

the parameters such as the morphology of the robot, sensor suite and the task at hand.

In particular, we analyse a quadrotor with on-board sensing and computation using a

monocular camera, an inertial measurement unit and an altimeter source for the task of

estimating ego-motion/odometry. We vary the software (neural network architectures)

and hardware computational modules with different SWAP constraints. We analyse and

report our findings on effects of variation in neural network architecture and hardware

on metrics of speed, power and accuracy. We also address the question when should

one use deep learning for such an approach. We believe this will be a stepping stone for
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Figure 2.6: Size comparison of various components used on quadrotors.
(a) Snapdragon Flight, (b) PixFalcon, (c) 120 mm quadrotor platform with
NanoPi Neo Core 2, (d) MYNT EYE stereo camera, (e) Google Coral USB
accelerator, (f) Sipeed Maix Bit, (g) PX4Flow, (h) 210 mm quadrotor plat-
form with Coral Dev board, (i) 360 mm quadrotor platform with Intel® Up
board, (j) 500 mm quadrotor platform with NVIDIA® JetsonTM TX2. Note
that all components shown are to relative scale.

researchers and practitioners alike for studying hardware and software co-design.

2.5.1.2 Comparison to the state of the art

The current state of the art in visual or visual inertial odometry using deep learning

do not generalize to novel scenes with good accuracy. Our work utilizes compositional

networks to iteratively warp the image to regress the final warping parameters to maintain

good accuracy when generalizing from training on simulation to the real world with-

out fine-tuning or re-training. We observe that even simple dead-reakoning we obtain an

RMSE of less than 3% of the trajectory length highlighting the robustness of the proposed

PRGFlow approach. Our method can easily adapt to different SWAP constraints by using
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network compression mechanisms with minimal effort. Our method is more robust and

faster as compared to a traditional method when noise is present. Such a method is essen-

tial when using a low quality camera with varying/dynamic conditions. TO add further,

our method can easily be adapted to work on event cameras as well by constructing event

frames which posses high dynamic range and low motion blur.

2.5.1.3 Related Software and Hardware

(S6) https://github.com/prgumd/PRGFlow

2.6 Unrelated Contributions

During my Ph.D., I also co-authored three other papers (out of which two are under-

review). These papers deal with the problem of segmentation of independently moving

objects using event cameras and interactive perception (which takes active perception to

the next level in hierarchy).

(U1) Chethan Mysore Parameshwara, Nitin J. Sanket, Chahat Deep Singh,

Cornelia Fermüller, Yiannis Aloimonos “0-MMS: Zero-Shot Multi-Motion

Segmentation With A Monocular Event Camera”, IEEE International

Conference on Robotics and Automation (ICRA), 2021.
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(U2) Chethan Mysore Parameshwara*, Simin Li*, Cornelia Fermüller, Nitin J.

Sanket, Matthew S. Evanusa, Yiannis Aloimonos “SpikeMS: Deep Spiking

Neural Network for Motion Segmentation”, IEEE International Conference

on Intelligent Robots and Systems (IROS), 2021.

(U3) Nitin J. Sanket*, Chahat Deep Singh*, Cornelia Fermüller, and Yiannis

Aloimonos, “NudgeSeg: Zero-Shot Object Segmentation by Repeated

Physical Interaction”, IEEE International Conference on Intelligent Robots

and Systems (IROS), 2021.
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Chapter 3: RoboBeeHive: Integration of Active Competences

3.1 Hierarchy of competences

We re-imagine each agent (UAV) as a series of competences which is based on the

set of tasks it needs to achieve. One such example is shown in Fig. 3.1, where both single

agent competences (blue) and multi-agent competences (green) are shown. The inner

competences are required for outer ones and the speed at which these competences have

to run decreases as their hierarchical level increases in a non-linear manner.

At the bottom of the hierarchy is the task of kinetic stabilization (ego-motion/odometry

estimation) that deals with maintaining a stable pose of the UAV. This involves estimating

the 6 DOF pose (position and orientation) by combining information from all the sensors

on-board. The caveat here is that this has to be performed at a fast rate and has to be

reasonably robust to changes in environmental conditions. Note that the rate at which this

competency has to be performed increases with the decrease in UAV size [30].

Once the UAV is stable, it needs to analyze the scene for potential dynamic and

static obstacles or interactions for which the scene needs to be segmented into safe and

unsafe regions. In particular, we segment independently moving objects by “looking

at” anomalies apropos to our own movement [35, 36] and static obstacles by looking at

stacked optical flow magnitudes [34].
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Next comes the ability to avoid static and/or dynamic obstacles. If a collision is

unavoidable, how should the UAV move or orient itself to minimize the damage? is also

a question covered by this competence. Interestingly, with decreased size (less than 80

mm) and weight (less than 50 g), the effect of the impact of a collision is minimal owing

to a small change in momentum [30, 37], thereby making them safer. However, for aerial

robots at high-speed, the velocity is large. Thereby making the change in momentum

large even if the weight is small – this necessitates the need for high-speed robust obstacle

avoidance.

The next competence is the ability to perform homing, i.e., to find a specific location

in an environment. This involves maintaining a qualitative representation of a map so that

the UAVs can return home. In the most basic form, one could just maintain a vector that

points towards the home (homing vector). It is well studied that ants and some insects

employ this strategy [38, 39, 40].

Next in the hierarchy comes the ability to land (on a static or a dynamic surface).

This is required to dock onto a platform either for charging or safe landing [41, 42, 43,

44]. Landing on a dynamic surface could involve perching [45] onto a co-operative or

adversarial agent which would involve different prediction and control strategies.

Further, the agent or the agent swarm has to pursue or escape from other agent(s).

This involves the prediction of movements of the other agent(s) and online reactive con-

trol. [46, 47, 48]

Lastly, collaborative manipulation of objects is required to complete the navigation

and interaction flight stack. [49, 50, 51]

Each of the aforementioned competences involves solving some form of an iterative
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optimization problem which is slow and complex. However, in embodied AI, we use

the ‘active’ nature of the quadrotor to bring in constraints to the optimization problem

which were not present before. This makes the problem tractable to solve on the limited

computing and memory budget available on the nano-quadrotor. Here, the activeness of a

quadrotor means that it can perform maneuvers and control the image acquisition process,

thus, introducing new constraints that did not exist before – this is called ‘active’ vision

[52, 53, 54, 55, 56].

3.2 Motivation and Conceptualization of the RoboBeeHive

It is well known that the bees are responsible for one-third of our ‘bites’ because

of their contribution to the pollination of flowers. However, the population of bees has

been declining worldwide. While the experts on this topic work hard to find a solution

and protect the bees, the possibility that the bees disappear in the near future cannot be

discounted. Such an event would threaten humanity by considerably reducing the food

supply. This contingency motivates our proposal. To this end and as a societal application

of our research, we propose to design, develop and test the RoboBeeHive which will be

a fully autonomous system of a swarm of nano-quadrotors to pollinate flowers. Such a

similar system can be easily adapted for finding survivors in a disaster scenario. The

RoboBeeHive (An artistic conceptualization is shown in Fig. 3.2), consists of a ‘beehive

charging station’ housing of a large number of autonomous nano-quadrotors (pollination

and explofration quadrotors). Each quadrotor is very small – still larger than a bee but

small enough to emulate the bee behavior with regard to pollination.
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Figure 3.1: Proposed hierarchy of competences with the exterior ones need-
ing the ones inside them, blue color indicates competences related to individ-
ual agents, green color indicates competences related to multiple agents and
yellow bubbles show multiple agents.
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Figure 3.2: Illustration of the RoboBeeHive.
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The ‘beehive charging station’ is itself a big UAV with a bee-hive like structure

attached to it on the bottom (with all the pollination and exploration quadrotors inside).

This ‘beehive charging station’ will navigate to the desired location using GPS. Then it

will detect and perch onto a tree before deployment. After which the exploration quadro-

tors explore the farm and feed the data back to the bee-hive when they dock. During

the charging phase, a homing vector algorithm is trained offline. This data is then fed to

the pollination quadrotors along with the target sector or the area to pollinate which is

coordinated by the bee-hive charging station. During the ‘pollination phase’, the polli-

nation quadrotors identify and recognize each individual flower in its sector. Then they

perform a soft landing procedure on the flower thereby ‘touching’ them and they repeat

the process thus carrying pollen from flower to flower. This is performed whilst avoiding

collision with other objects, humans, and animals. This application also demonstrates

the final competence of Integration or switching between behaviors. It also demonstrates

complex swarm behaviors.

3.3 Implementation Details

The RoboBeeHive prototype demonstration has ten steps.

1. The BeeHive drone finds and perches onto a tree branch (mimicked here by a hori-

zontal PVC pipe).

2. The BeeHive drone switches off its motors to conserve energy and flower like mech-

anism holding the bee drones open-up.

3. The Bee drones take off one-by-one.
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4. The Bee drones navigate to a target sector.

5. While navigating, they also avoid dynamic and static obstacles. The dynamic ob-

stacle is mimicked by a GoGo Bird ornithocopter flying at the drone.

6. The bee drones find flowers.

7. They perform a soft-landing on a flower, thereby, “touching” them to gather pollen.

They then navigate to a different flower and “touch” them to transfer the pollen.

8. The bee drones navigate back to the hive drone once they are done using a homing

vector.

9. The bee drones land on the Hive drone.

10. The flower like mechanism closes and BeeHive drone starts its motors and undocks

from the tree to navigate to the next location.

Each of the steps is described in context of which of the quadrotors (Bee or the

BeeHive) perform the competence and are described next along with hardware details.

3.3.1 Bee Nano-quadrotors

The bee nano-quadrotors have an All Up Weight (AUW) of about 250 g and mea-

sures 150 × 150 × 120×mm (See Fig. 3.3) (To put this size in perspective, the world

smallest 2D Lidar – Intel Realsense L515 weighs 100g and measures 61 × 61 × 26mm

which cannot be used on a drone this small due to weight restrictions and lack of data

bandwith on computers of the size that would fit. Our bee nano-quadrotor is smaller
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than the Samsung Note 20 Ultra smartphone in it’s longest dimension and has a similar

weight). It has a maximum thrust of about 1Kg, giving a thrust to weight ratio of 4:1.

It has a RaspberryPi CM4 mated to a StereoPi v2 motherboard for computation along

with a Coral TPU for running the neural networks. Finally, the sensor suite contains a

downfacing TFMini Lidar for altitude measurements and a downfacing optical flow sen-

sor that are used for holding position using the Flywoo Goku F745 AIO flight controller

(See Fig. 3.3). The quadrotor also contains a frontfacing and a downfacing RGB camera

for obstacle avoidance and flower detection. We are also currently working on a custom

carrier and interface board for the CM4 which is much smaller than the StereoPiv2 and is

shown in Fig. 3.5.

The different versions of the Bee nano-quadrotor are shown in Fig. 3.4. The first

iteration used used 3 in. propellers mated to a T-Motor F20 II Motors along with a separate

flight controller and ESC and a PX4Flow optical flow sensor and had an AUW of 350g.

The next version used 2.5 in. propellers mated to T-Motor F1404 motors and same other

avionics as before and had an AUW of 305g. The third version replaced the carbon fiber

frame with a 3D printed one and saved another 10g for an AUW of 295g. The fourth

version moved back to the carbon fiber frame for better rigidity and noise performance

but replaced the flight controller and ESC to an all in one board for a total AUW of

265g. The current version replaced the Coral USB accelerator with a gutted version and

a custom heatsink for a final AUW of 250g.

The flower detection is performed using a color segmentation using a Gaussian

Mixture Model on the HSV color space along with morphological operations (Fig. 3.6).

The control policy for flower landing involves aligning the flower center to the center of
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the image and then decreasing altitude until a “touch” is detected by a change in IMU

values.

The obstacle avoidance is performed by clustering deep optical flow to detect non-

rigid parts of the scene (Fig. 3.7) that have a Focus of Expansion on the image plane

which indicate a crash would happen. The control policy is similar to that in [57].

The homing vector is maintained as an integration of the optical flow values to

home, which would be replaced by a compass outdoors.

Landing is performed using an April Tag fiducial marker on the Hive drone.

3.3.2 BeeHive Quadrotor

The hive quadrotor is built on a Catalyst Machineworks Tasmanian V2 frame which

has a diagonal motor to motor distance of 950mm and has an AUW of about 6Kg with 4

bee nano-quadrotors. It has a maximum thrust of 22.4Kg, giving a thrust to weight ratio

of 3.7:1. It has an NVIDIA TX2 for on-board computation and the same optical flow

and laser altimeter as the bee nano-quadrotors that are used for holding position using

the Pixhawk Cube Orange flight controller. An upfacing Intel Realsense D435i is used to

detect and perch onto a pipe which mimics a tree branch. The bee quadrotors are housed

in a flower petal like mechanism controlled by 4 servo motors (see Fig. 3.8). See Fig. 3.9

for a different versions of the BeeHive drone.

The pipe (tree branch analog) is detected using a simple depth clustering operation

followed by a cylinder fitting to the RGB-D data obtained by the Intel RealSense (Fig.

3.10).
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Figure 3.3: Different parts of the Bee nano-quadrotor. 1. Front facing RGB
camera, 2. T-Motor F1404 Motors, 3. Tattu R-Line 3S 750mAh LiPo battery,
4. Raspberry Pi CM4 mated to a StereoPi v2 motherboard, 5. Gutted Google
Coral USB Accelerator with custom heatsink, 6. Flywoo Goku F745 AIO
Flight Controller and 4 in 1 ESC, 7. Downfacing RGB camera, 8. Optical
flow sensor, 9. TFMini Lidar, 10. Gemfan 2540×3 propeller. Bottom left of
the image shows a standard US quarter for scale reference.

The RoboBeeHive is reconfigurable to perform various tasks by changing the check-

ing conditions in the sensorimotor loops with the same hierarchical software architecture.
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Figure 3.4: Different iterations of the Bee nano-quadrotor (number at the
bottom left of each quadrotor shows the version number). Bottom left of the
image shows a standard US quarter for scale reference.
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Figure 3.5: Left to right: Camera board, Interface board and RaspberryPi
CM4. 1. Cameras, 2. Coral USB Accelerator attached to the PCIe port on
the CM4, and 3. CM4 board sandwitched between the camera and inter-
face board. Design based on https://grabcad.com/library/tpu-cam-with-cm4-
1. Bottom left of the image shows a standard US quarter for scale reference.

Figure 3.6: Left to right: Raw RGB image (green overlay shows the detected
flower and red overlay shows removed false positives based on geometry),
HSV representation of the RGB image , yellow color thresholded using the
Gaussian Mixture Model.
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Figure 3.7: Top Row: Different views of the GoGoBird ornithocopter used
as a dynamic obstacle. Bottom row (left to right): Consecutive RGB im-
ages taken from the front camera on the bee nano-quadrotor , optical flow
color map and detected dynamic obstacle (Inset shows the color represen-
tation used, the hue of the color represents the direction and the saturation
represents the magnitude). Notice how the optical flow colors of the dynamic
obstacle and the background regions are different and are easily clustered.
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Figure 3.8: CAD Model of the BeeHive drone. 1. Propeller, 2. Flower petal
flaps, 3. Flower petal servo motors, 4. Hook for perching.

Figure 3.9: Different iterations of the Hive drone (left to right show pro-
gression of versions). Note that this image only shows the drone without the
perching and bee holding flower mechanism which is under construction and
was delayed due to COVID-19 causing machine shop closures and shipping
delays. Bottom left of the image shows a standard US quarter for scale refer-
ence.
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Figure 3.10: Left to right: RGB Image of the pole used for perching, Depth
Image of the pole (brighter is farther), Mask of the segmented pole.
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Chapter 4: Future Directions

When my doctoral work stated in 2016, drones or quadrotors were mostly seen as

research platforms that needed extensive expertise and a large team to operate. The drones

sold were limited in capabilities, mostly did not have safety features and were limited

to manual line-of-sight operation. Since then, a large number of companies have made

drones for photography or videography accessible at a low enough cost that they have

become consumer commodities which can be readily bought at any electronics store just

like a television. Also, hobbyist parts have grown in quality standards to those of major

drone manufacturers. This coupled with the latest First Person View (FPV) drone racing

motivated hobbyists all over the world to collaborate with researchers to build amazing

open-source software and hardware for multiple flying platforms such as ArduPilot or

PX4. This was also further made possible by hackable products to enable autonomy by

simply adding sensors and computation on-board drones such as the Parrot® Bebop 2.

Such drones were even used in the IROS 2018 competition1. Impressively, in the last two

years we have also seen fully autonomous drones that use omni-directional cameras and

on-board computation to track subjects while avoiding obstacles such as the SkydioTM

2. Recently, SkydioTM also announced Skydio 3D ScanTM which is a completely au-

1https://rise.skku.edu/iros2018racing/
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tonomous solution to mapping a structure using active view planning where all the sensing

and computation is done on-board. Furthermore, a myriad of open-source aerial robotics

courses from across the best universities of the world have lowered the barrier of entry to

into the field of aerial robotics research. Although, looking at the impressive live demon-

strations from SkydioTM, it might seem that the scope of research in aerial autonomy is

limited, but there still exist a lot of open challenges that academia could address. One

such example is to build autonomy is scales that are either too small or too large. The

smaller drones suffer from lack of sensors and computation while the larger drones suf-

fer from lack of agility. Moreover, homogeneous or heterogeneous swarm operation in

unstructured environments is still an big open-challenge.

In the next section, I will discuss the main limitations of the approaches proposed in

this thesis and further in the subsequent section, I will also provide a few possible future

directions to address these problems.

4.1 Limitations of Proposed Approaches

GapFlyt

In GapFlyt, we could navigate through static gaps of unknown shape, size and lo-

cation. However, it relied on a deep learning based optical flow for the detection of the

gap which inherently relies on features in the scene and the training data. This could be

improved by generating training data in a way that the network is almost dataset agnos-

tic to enable operation in the wild. GapFlyt also could not estimate the size of the gap,

thereby giving no guarantees in regard to the quadrotor being able to fit through the gap.
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This could be solved by either fusing information from the inertial sensor or using a sin-

gle beam lidar or utilizing a model of the quadrotor’s movement to obtain metric scale.

Finally, GapFlyt could not deal with dynamic gaps because the entire agent had to move

to obtain more information. This could be solved by just moving a part of the agent.

EVDodgeNet

In EVDodgeNet, we could dodge obstacles of unknown shape and location at a

hover or near-hover situation using event cameras. However, when the motion was larger,

our method struggled and this could be trackled by estimating a full 3D pose instead

of homography in the network. There is room for research in how to make such a 3D

pose network generalize to novel scenes trained in simulation without fine-tuning or re-

training. EVDodgeNet also did not guarantee no collision for an unknown sized object,

this could be solved by utilizing a stereo camera as described by [58].

EVPropNet

In EVPropNet, we detected unmarked drones by finding propellers and showed

applications of mid-air docking and following. The fundamental assumption we made

was that the propeller speeds are much larger than that of the scene, which is generally

true but would fail when flying speeds more than 10m/s−1 on drone propellers larger than

10 inches (as they spin slower). During such a scenario, a combination of the method used

in EVDodgeNet and EVPropNet would make the system more robust. We also observed

that the accuracy of detection of the propeller varied with the propeller size on the image
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with accuracy dropping for smaller sizes due to lack of data and a large number of false

positives for larger sizes. To tackle this problem, one can utilize an active pan-tilt and

zoom gimbal to control the camera to obtain optimal accuracy.

MorphEyes

MorphEyes presented the first work on utilizing a variable baseline stereo system on

a quadrotor for enabling lower error in depth estimation depending on the task. However,

such a system could also be used to gather more information to further simplify perception

problems. For e.g., one could move the cameras normal to the scene in question to obtain

boundaries. This could be achieved by utilizing a stereo gimbal system with pan, tilt and

zoom. A tighter coupling between perception and planning would also enable perception

at even lower SWAP constraints. Furthermore, information using depth of field could

enable even faster computation.

SalientDSO

In SalientDSO, we demonstrated that utilizing saliency to obtain features improved

the accuracy and reliability (lower number of optimization failures) over standard sam-

pling methods in a direct odometry framework. To add further, even with lower number

of features SalientDSO performed better than the state of the art at the time. However,

SalientDSO only computed saliency at keyframes and did not propagate information. It

also did not combine saliency and scene parsing information from multiple frames. Such

an approach would drastically increase the accuracy further.
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PRGFlow

PRGFlow presented a method to obtain odometry using a monocular downfacing

camera, an altimeter source and an inertial measurement unit using a deep neural network.

The main idea of the work is to present a method to evaluate software and hardware co-

design and to serve as a blueprint for researchers and practitioners alike for designing

robots. However, this work did not talk about modelling problems that reuse either soft-

ware or hardware to achieve a set of tasks. This would be a new emerging area where a

lot of work needs to be done utilizing the expertise of multiple domains such as computer

science, computer architecture and electrical engineering.

4.2 Future Work

Formalism on Active Perception

Although, there has been a significant work on active perception, they are mostly

scattered with the theme only being at the philosophical level: to combine perception,

planning and control into a single entity. There is a fundamental mathematical formula-

tion that is missing. Such a formulation would not only accelerate research in this area, it

would also make it easier for the newcomers in the field to ‘see’ the advantages and limita-

tions in a formal manner. One could start by modelling the agent’s movements, constrain

it with kinodynamic constraints of the agent which should give rise to conditions where

perception would be easier and how the agent should be controlled to do so. This also

entails modelling the robot’s perception engine utilizing the advances in both computer
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vision and computer graphics fields. Such a philosophy would also enable building smart

sensors that could perform near-sensor processing for the required tasks. Finally, this

might give rise to a ‘silver bullet’ representation of visual data to perform a set of related

tasks. Another interesting topic is how one could conceal the active vision exploratory

movements in the movements used for non-verbal ques for human-robot interaction. Such

a system would lead to an organic experience for the user, which is more robust, highly

bio-inspired and would make robots more approachable and understandable. For e.g., if

a robot is unsure, it can nod its head to show this uncertainty while also collecting more

data samples to decrease this uncertainty.

Interactive Perception

In a lot of cases simply moving one’s own body or a part of the body to obtain more

information is not enough to solve the task at hand. For e.g., it might not be possible to

segment a cluttered scene without decluttering the scene. In such a scenario, one needs

to physically interact with the scene either by poking, nudging or grasping to gather more

information to simplify the perception problem at hand. Interactive perception or percep-

tion by physical interaction is the logical evolution to active perception and is still at a

nascent stage. Again, we would need a formalism to help researchers build algorithms on

the theoretical foundations of this powerful concept.
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Hardware and Software Co-design

Although there have been several attempts to build hardware and software to en-

able autonomy at extremely limited SWAP constraints but the works are generally spread

across multiple domains of electrical engineering and computer science. This makes it

hard for people to adapt such research ideas into their own projects without significant

learning curve or budget or prior experience. One of the major deterrents for the de-

velopment of the field of hardware and software co-design is the lack of tools to study

combined complexity of such a system. Although, this thesis proposed a simple idea to

evaluate such tradeoffs for one single problem, it is far from sufficient to perform such an

analysis for a large agent with multiple compute modules and a multitude of sensors. The

problem becomes even more interesting when the agent morphology can change along

with utilizing its active and interactive abilities.

Formalism on Agent Morphology

Since both active and interactive perception depend on the morphology of the agent,

a nascent research area would be to define optimization problems which involve not only

the task at hand but also the morphology of the agent. In particular, complaint designs

which are inherently robust to collisions can also be used in an active or interactive manner

either to gather more information to re-use parts of the agent’s body to perform various

tasks. Such a design method would make the robots lighter and more efficient by reducing

the number of parts required to build them. To add further, task planners which involve

changes to morphology on-the-fly needs to be developed. Morphing designs would open
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doors to novel applications which were not possible from fixed designs and they would

in-general be more robust. Finally, fault-tolerant control methods need to be developed

for such mechanisms.

Role of Memory in Activeness

Since, passiveness takes over activeness as the amount of prior information in-

creases, it is unclear how memory would interplay with the activeness of the agent. Some

of the questions are: Does it depend on the SWAP constraints? Is it better to learn a spe-

cialized representation if the task has to be performed repeatedly? How should one decide

to store something in memory rather than attempt the task actively? It is also unclear how

to bring more constraints to active vision with prior information from memory.

Active and Interactive Perception with multiple agents

Another interesting area to be explored is how activeness can be used to make a

homogeneous/heterogeneous swarm smarter. One could imagine a swarm of robots with

different sensor suites performing maneuvers to acquire information and share amongst

each other to solve a complex set of tasks. Interaction with the scene or amongst agents

is also an interesting area with minimal amount of exploration.
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GapFlyt: Active Vision Based Minimalist Structure-less

Gap Detection For Quadrotor Flight

Nitin J. Sanket*, Chahat Deep Singh*, Kanishka Ganguly,

Cornelia Fermüller, Yiannis Aloimonos

ba

Figure A.1: Different parts of the pipeline: (a) Detection of the unknown gap
using active vision and TS2P algorithm (cyan highlight shows the path fol-
lowed for obtaining multiple images for detection), (b) Sequence of quadrotor
passing through the unknown gap using visual servoing based control. The
blue and green highlights represent the tracked foreground and background
regions respectively. Best viewed in color.

Abstract — Although quadrotors, and aerial robots in general, are inherently active

agents, their perceptual capabilities in literature so far have been mostly passive in nature.

Researchers and practitioners today use traditional computer vision algorithms with the

aim of building a representation of general applicability: a 3D reconstruction of the scene.

Using this representation, planning tasks are constructed and accomplished to allow the

quadrotor to demonstrate autonomous behavior. These methods are inefficient as they are

not task driven and such methodologies are not utilized by flying insects and birds. Such
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agents have been solving the problem of navigation and complex control for ages without

the need to build a 3D map and are highly task driven.

In this paper, we propose this framework of bio-inspired perceptual design for

quadrotors. We use this philosophy to design a minimalist sensori-motor framework for

a quadrotor to fly though unknown gaps without an explicit 3D reconstruction of the

scene using only a monocular camera and onboard sensing. We successfully evaluate

and demonstrate the proposed approach in many real-world experiments with different

settings and window shapes, achieving a success rate of 85% at 2.5ms−1 even with a min-

imum tolerance of just 5cm. To our knowledge, this is the first paper which addresses

the problem of gap detection of an unknown shape and location with a monocular camera

and onboard sensing.

A.1 Supplementary Material

The supplementary hardware tutorial, appendix, code and video are available at

prg.cs.umd.edu/GapFlyt.html.

A.2 Introduction and Philosophy

The quest to develop intelligent and autonomous quadrotors [59, 60, 61] has taken

a center stage in the recent years due to their usefulness in aiding safety and intuitive con-

trol. To achieve any form of autonomy, quadrotors need to have perceptual capabilities in

order to sense the world and react accordingly. A generic and fairly common solution to

providing perceptual capabilities is to acquire a 3D model of its environment. Creating
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Table A.1: Minimalist design of autonomous quadrotor (drone) behaviours.
Competence Passive Approach Active and Task-based Approach

Kinetic stabilization Optimization of optical flow fields Sensor fusion between optical flow and IMU measurements
Obstacle avoidance Obtain 3D model and plan accordingly Obtain flow fields and extract relevant information from them
Segmentation of independently moving objects Optimization of flow fields Fixation and tracking allows detection
Homing Application of SLAM Learn paths to home from many locations
Landing Reconstruct 3D model and plan accordingly Perform servoing of landing area and plan appropriate policy
Pursuit and Avoidance Reconstruct 3D model and plan accordingly Track while in motion
Integration: Switching between behaviors Easy: The planner interacts with the 3D model Hard: An attention mechanism on ideas switching between behaviors

such a model is very useful because of its general applicability – one could accomplish

many tasks using the same model. The process of obtaining a 3D model of the envi-

ronment using onboard sensing and a myriad of different sensors has gained momentum

in the last few years [62]. Sensors like the LIDAR, RGB-D and stereo camera cannot be

used on a small quadrotor due to their size, weight, and power limitations. This constrains

us to a monocular camera along with the already present onboard inertial sensor (IMU)

and many algorithms have been developed based on the same principle [63][64].

Instead of attempting to recover a 3D model of the scene, we want to recover a

“minimal” amount of information that is sufficient to complete the task under considera-

tion. We conceptualize an autonomous quadrotor as a collection of processes that allow

the agent to perform a number of behaviors (or tasks) (Table A.1). At the bottom of the

hierarchy is the task of kinetic stabilization (or egomotion). Next comes the ability for

obstacle avoidance, where the obstacles could be static or dynamic, followed by ability to

perform homing, i.e., to find a specific location in an environment. Last in the hierarchy

comes the ability to land (on a static or a dynamic surface) and the ability to pursue, or

escape from, another agent. This hierarchy of competences, with each competence need-

ing the one before it, constitutes the sensorimotor system of the quadrotor agent. These

behaviors can be accomplished without an explicit 3D reconstruction because of the “ac-

tive” nature of the quadrotor. The quadrotor can perform maneuvers and control the image
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acquisition process, thus introducing new constraints that were not there before - this is

called “active” vision [52, 53, 54]. This methodology was inspired by the fruit fly [65].

Prior research has shown that fruit flies, and other insects [66] [67], do not perceive depth

directly. It is achieved by a balance of active and exploratory procedures. In this paper,

we focus on the second competence of obstacle avoidance. Specifically, the question this

paper deals with is: “Can a quadrotor manage to go through an arbitrarily shaped gap

without building an explicit 3D model of a scene, using only a monocular camera?” We

develop the visual mathematics of the solution, evaluate and demonstrate the proposed

approach in many real experiments with different settings and window shapes.

Traditional computer vision based approaches such as sparse or dense reconstruc-

tion [68, 69, 70, 71] have been used to obtain a 3D structure of the scene over which

sophisticated path planners have been used to plan collision free paths. Lately, deep-

learning driven approaches have taken a center stage in solving the problem of fast col-

lision avoidance and safe planning on quadrotors [72]. Most of these neural network

approaches compute Fast Fourier Transforms (FFTs) for large filter sizes [73]. Such ap-

proaches can be processed on a Field-Programmable Gate Array (FPGA), rather than a

Graphical Processing Unit (GPU) to drastically improve the computation performance

and power efficiency [74][75].

To our knowledge, this is the first paper which addresses the problem of gap de-

tection with a monocular camera and onboard sensing. However, the problem of going

through gaps has fascinated researchers from many years and some of the recent works

which present algorithms for planning and control can be found in [76] [77]. Some of the

works which paved way to the bio-inspired approach used in this paper can be found in
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[78, 79, 80, 81].

The key contributions of this paper are given below:

• Active vision based structure-less minimalist gap detection algorithm – Temporally

Stacked Spatial Parallax or TS2P (Fig. A.1a).

• Visual servoing on a contour for the quadrotor to fly through unknown gaps (Fig.

A.1b).

A.2.1 Organization of the paper:

Sec. A.3 presents the detection algorithm of a gap in an arbitrary shaped window

using Deep Learning based optical flow and the role of active vision in such algorithms.

Sec. A.4 describes the algorithm used for tracking the gap/safe point and the quadrotor

control policy. Sec. A.5 illustrates the experimental setup and provides error analyses and

comparisons with traditional approaches. We finally conclude the paper in Sec. A.6 with

parting thoughts on future work.

A.2.2 Problem Formulation and Proposed Solutions

A quadrotor is present in a static scene (Fig. A.2), where the absolute depth of each

point as ‘seen’ from the camera can be modelled as an univariate bimodal gaussian dis-

tribution. The location at which there is a maximum spatial depth discrepancy between

pixels (projected point) is defined as the Contour (C) of the opening. In this paper, the

words boundary, gap, window or opening refer to the same entity and will be used in-

terchangeably. Any pixel close to the mode corresponding to the lower depth value is
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defined as the Foreground (F) and similarly that corresponding to the higher depth value

is defined as the Background (B). A simple way of solving the problem of finding the

gap for a near fronto-parallel pose is to find the depth discrepancy which is a trivial clus-

tering problem when the depth is known. The depth can be known if multiple calibrated

cameras are used or the entire scene is reconstructed in 3D. These methods are compu-

tationally expensive [62]. In this paper, we propose a ‘minimalist’ solution to find any

arbitrary shaped gap for the quadrotor to go through using Temporally Stacked Spatial

Parallax (TS2P) algorithm. A control policy based on contour visual servoing is used to

fly through unknown gaps.

A.3 Gap Detection using TS2P

Before we explain the procedure for gap detection, we need to formally define the

notation used. (aXb,
aY b,

aZb) denotes the coordinate frame of b represented in the ref-

0

ZB

0

ZF

Foreground
Background

Gap

Figure A.2: Components of the environment. On-set Image: Quadrotor view of the scene.
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Figure A.3: Representation of co-ordinate frames.

erence of a. The letters I , C, B and W are used as sub/superscript to denote quantities

related to Inertial Measurement Unit (IMU), Camera, Body and World respectively. If a

sub/superscript is omitted, the quantity can be assumed to be in W . C and I are assumed

to be rigidly attached to each other with known intrinsics and extrinsics. B is defined to

be aligned with I (Fig. A.3). A pinhole camera model is used for the formation of the

image. The world point X gets projected onto the image plane point x.

The camera captures images/frames at a certain frequency. Let the frame at time ti

be denoted as Fi and is called the ith frame. Optical flow [82] between ith and j th frames

is denoted by j
iṗx which is a sum of both translational

(
j
iṗx,T

)
and rotational

(
j
iṗx,R

)
components and are given by:

j
iṗx,T =

1

Zx

xVz − Vx

yVz − Vy

 ; j
iṗx,R =

 xy −(1 + x2) y

(1 + y2) −xy −x

Ω

where x =

[
x y

]T
denotes the pixel coordinates in the image plane, Zx is the
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depth of X (world point corresponding to pixel x), V =

[
Vx Vy Vz

]T
and Ω are the

linear and angular velocities of the C in W between ti and tj respectively.

The otherwise complex depth estimation problem can be trivialized by moving in

a certain way[52]. These “active” vision principles dictate us to control the quadrotor’s

movements so as to make the interpretation of optical flow easier. Since the quadrotor is a

differentially flat system [83], the rotation about (XB, YB, ZB) or roll, pitch and yaw can

be decoupled. As an implication, the movements can be controlled in a way to simplify

the depth (Zx) estimation problem. The quadrotor is controlled in such a way that Ω ≈ 0,

Vz ≪ Vx and Vz ≪ Vy, then the optical flow can be modelled as:

j
iṗx = j

iZx
−1

[
− j

iVx − j
iVy

]T
+ η

where η is the approximation error. This shows that using the aforementioned “active”

control strategy, we obtain an implicit 3D structure of the environment in the optical flow.

The inverse depth in this “controlled” case manifests as a linear function of the optical

flow.

The optical flow equation can be written for both foreground (F) and background

(B) pixels independently. The magnitude of optical flow for F is given by,

∥∥j
iṗx,F

∥∥
2
= j

iZx,F
−1

√
j

iV
2
x +

j

i
V 2
y + ν

where ν ∼ N (0, σ) is assumed to be an additive white Gaussian noise and is independent

of the scene structure or the amount of camera movement between two frames (V,Ω).
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For such assumptions to be valid, the optical flow algorithm needs to work well for a

wide range of camera movements in a variety of scene structures. Using fast traditional

optical flow formulations based on methods like [84] or [85] voids such assumptions.

This motivated us to use deep-learning based flow algorithms which excel at this task

while maintaining a reasonable speed when running on a GPU. In this paper, FlowNet2

[86] is used to compute optical flow unless stated otherwise.

A simple method to reduce noise is to compute the mean of the flow magnitudes

across a few frames. Let ξ = {Fj, ...,Fk} be a set ofN frames from which the optical flow

is computed with respect to some reference frame Fi where the complete gap is assumed

to be visible. Here, N = ξ is the cardinality of the set ξ. The mean flow magnitude at x

for F
(∥∥∥ξiṗx,F∥∥∥

2

)
and B

(∥∥∥ξiṗx,B∥∥∥
2

)
is given by,

∥∥ξ
i
ṗx,F/B

∥∥
2
=
(
NZx,F/B

)−1
k∑

r=j

r
iV + ν ′

where ν ′ ∼ N (0, N−0.5σ) and V =
√
V 2
x + V 2

y . Clearly, the noise varies inversely

with N .

Since Zx,F < Zx,B, we can say that
∥∥∥ξiṗx,F∥∥∥

2
>
∥∥∥ξiṗx,B∥∥∥

2
. Now,

∥∥∥ξiṗx,F∥∥∥
2
−∥∥∥ξiṗx,B∥∥∥

2
≥ τ can be used as a criterion for finding possible boundary regions. It was

found experimentally that using inverse flow differences
∥∥∥ξiṗx,B∥∥∥−1

2
−
∥∥∥ξiṗx,F∥∥∥−1

2
≥ τ ′ gave

better numerical stability and better noise performance due to the scale compression by

the inverse function. This is inherently the spatial derivative of inverse average (stacked)

flow magnitudes and it can be written as Ξ = ∇ ·
∥∥∥ξiṗx∥∥∥−1

2
, where, ∇ =

[
∂/∂x ∂/∂y

]T
.

Note that this is the same as solving the edge detection problem in computer vision and
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Figure A.4: Label sets used in tracking. (blue: foreground region, green: background
region, orange: uncertainty region, black line: contour, brighter part of frame: active
region and darker part of frame: inactive region.)

any kernel or method like the Sobel operator or the Canny edge detection algorithm can

be used.

A.4 High Speed Gap Tracking For Visual Servoing Based Control

This section presents a targeted solution for tracking a contour using label sets prop-

agated using Focus of Expansion (FOE) constraints. A pixel at location x is associated

with a score χ (x) ∈ [−1, 1] which denotes its score as foreground or background. The

foreground and background pixel locations are defined by F = {x|χ (x) = +1} and

B = {x|χ (x) = −1} respectively.

We define the opening O on the image plane as O = {x|χ (x) < 0}. The pixel

locations which cannot be perfectly classified as foreground or background belong to the

uncertainty zone and are defined as U = {x|χ (x) ∈ (−1,+1)}. The contour location is

defined as C = {x|χ (x) = 0}. Fig. A.4 gives a visual representation of the different sets

on a sample image.

The problem statement dictates the tracking of contour location C across time. This
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Algorithm 1: Label Set Propagation using FOE constraints.
Data: Ci

F ,Ci
B,Fi,Fj,F i,Bi

Result: Cj
F ,C

j
B,F j,Bj

1 Cj
F = FeatureTracker(Ci

F ,Fi,Fj);
2 A =

[
Ci

F ,x −1
]
;

3 B =
[
Cj

F ,x − Ci
F ,x

]
;

4

[
α
β

]
= A†B;

5 x0,F = β/α; y0,F =
〈
Cj

F ,y

1

α

(
Cj

F ,y − Ci
F ,y

) 〉
;

6 F j = α

[
F i

x − x0,F
F i

y − y0,F

]
+

[
F i

x

F i
y

]
;

7 Repeat steps 1 through 6 for B in parallel;

problem is hard as the contour tracking relies on updating χ (x) ∀x ∈ U over time which

is non-trivial and computationally expensive. To simplify the problem, we use the dual

formulation of the problem which is to track the pixel locations which belong to the set

defined by {x /∈ U} = F ∪ B. This enables us to track the contour indirectly at high

speeds as corner tracking is comparatively faster [87]. The trade-off in using the dual

formulation is that we don’t obtain the actual contour location across time - which might

be needed for aggressive maneuvers, but this is not dealt in the scope of this paper. The

label set propagation algorithm is described in Algorithm 1. Here, Ci
F and Ci

B represents

a set of corner/feature points for the foreground and background pixels respectively in

Fi. A† denotes the pseudo inverse of the matrix A and
[
x0,F y0,F

]T
is the FOE for the

foreground. Intuitively, we solve the linear equations of the horizontal flow field to obtain

the divergence/time-to-contact α. The divergence in x-direction is used to also predict the

y-coordinates.
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A.4.1 Safe Point Computation and Tracking

We can assume that the real-world points corresponding to the background B ∪UB

are far enough that we can approximate them to lie on a plane. The foreground points

under consideration F∪UF occupy a small area around the contour which can be assumed

to be planar. Here, UF ⊂ U and UB ⊂ U are the sets which actually belong to the

foreground and background respectively.

Now, the quadrotor can be represented as an ellipsoid with semi-axes of lengths a, b

and c. As an implication of the above assumptions, the projection of the quadrotor on

the window at any instant is an ellipse. Let us define the projection of the quadrotor on

the image as Q. The largest Q can be written in terms of matrix equation of the ellipse

centered at [h, k]T defined as Q(h, k, Rθ) = 0.

Here, Rθ is a two-dimensional rotation matrix and θ is the angle the largest semi-

axis of the ellipse makes with the XC axis. The projection of the quadrotor on the image

is given by Q = {x|Q(x) ≤ 0}. The safe region S can be computed as

S =
⋃
∀θ

O ⊖Q

where ⊖ denotes the Minkowski difference of sets. Now, we define the ‘safest point’ (xs)

as the barycentric mean of S.

Remark. The above optimization problem can only be solved using convex optimization

with a guaranteed global solution when both O and Q are convex sets. A conservative

solution to the above problem is fitting the largest scaled version of Q inside O when O
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is a non-convex set and Q is a convex set.

Note that as Q is a chosen model, it can always be chosen to be a convex set, i.e.,

convex hull of the non-convex set. Also, from the above remark, the ‘safest point’ (xs) can

be defined as the center of the largest ellipse which can be fit inside S whilst maintaining

the eccentricity equal to that defined by Q. The optimization problem becomes,

argmax
a,θ

S ∩ Q s.t. Q ⊆ S and |θ| ≤ θmax

This problem can be solved using the procedure described in [88]. However, a

desirable property of the safe region is that it should favor less-aggressive maneuvers.

This can be modelled as a regularization penalty in the above formulation,

argmax
a,θ

S ∩ Q+ λθ s.t. Q ⊆ S and |θ| ≤ θmax

Solving the above optimization problem is computationally intensive and not-possible

without the prior knowledge of the scale/depth. For obtaining the minimalist solution, we

assume that the gap is large enough for the quadrotor to pass through and replace the

above optimization problem by an empirically chosen approximation. A simple and effi-

cient safe point computation can be performed as the median of the convex set O and is

given by xs ≈ argminx

∑
∀o∈O ∥o− x∥2.

Remark. If the above approximation is used when O is non-convex, the amount of devi-

ation from the ‘actual’ safe point is a function of Conv (O)/O. Here Conv (O) is the convex

hull of O.
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Figure A.5: Tracking of F and B across frames. (a) shows tracking when Ci
F > kF and

Ci
B > kB. (b) When Ci

B ≤ kB, the tracking for B will be reset. (c) When Ci
F ≤ kF ,

the tracking for F will be reset. (d) shows tracking only with B, when F = ∅. (blue:
F , green: B, yellow: O, yellow dots: Ci

F , red dots: Ci
B, blue Square: xs,F , red Square:

xs,B.)

Keen readers would note that the formulation for the safe point is in-terms of O

which we wanted to avoid tracking in the first place. Indeed this is true and a simple

solution takes care of this. Because we are propagating F and B with FOE constraints, the

cross-ratios of {∥o, f∥2 |o ∈ O, f ∈ F} and {∥o, b∥2 |o ∈ O, b ∈ B} are preserved. Here,

F and B are computed from the detected opening O as follows: F = {O ⊕ ϵ1 −O ⊕ ϵ2}

and B = {O ⊖ ϵ3}. Here, ϵi is a user chosen kernel (circular in this paper).

The F and B are propagated from Fi onwards where the detection was performed.
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The ‘safest point’ (xs) is computed as follows:

xs =


xs,F , F ≥ B

xs,B, otherwise

where xs,F and xs,B are the safest points computed individually for F and B by taking

their median respectively. Fig. A.5 shows the tracking of F and B across time and how

the tracking algorithm actively switches between xs,F and xs,B for the safest point xs.

When Ci
F ≤ kF or Ci

B ≤ kB, the tracker/feature points are reset in the current F and B

sets respectively. Here, kF and kB are empirically chosen thresholds. For all experiments

kF = 40 and kB = 20. Due to resetting and active switching, xs can jump around making

the control hard, hence a simple Kalman filter with a forward motion model is used to

smooth out the value of xs. From here on, safe point refers to the safest point xs.

A.4.2 Control Policy

We propose a control policy such that it follows the tracked xs. The quadrotor

follows the dynamic model as given in [89]. The controller uses the traditional backstep-

ping approach based on [89] and contains the following loops: Inner loop and outer loop

controllers. Inner loop controls the attitude stability while the outer loop controller is

responsible for the quadrotor position. It is important to note that frames are transformed

from C to B.

Since the quadrotor is differentially flat, the altitude ZB can be controlled indepen-

dently from XB and YB [83]. The control policy is to align the projection of the body
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center on the image plane with xs. The difference between the two centers is called the

error e. The x and y component of the error e can be minimized by varying roll (ϕ) and

net thrust (u1) respectively. A simple Proportional-Integral-Derivative (PID) controller

on e is used. This control policy only deals with the alignment of B to xs and does not

deal with moving forward (ZC). To move forward, the quadrotor pitch (ϕ) needs to be

controlled. The rate of forward motion is controlled by the pitch angle θ0 which is em-

pirically chosen. The bigger the value of θ0 the faster the quadrotor will fly towards the

gap. It is important to note the implicit assumption made in this paper that the gap is large

enough for the quadrotor to go through safely.

A.5 Experiments

A.5.1 Experimental Setup

The proposed framework was tested on a modified hobby quadrotor, Parrot® Bebop

2, for its cost effectiveness and ease of use. The Bebop 2 is equipped with a front facing

camera, a 9-axis IMU and a downward facing optical flow sensor coupled with a sonar.

The Parrot® Bebop 2 allows only high level controls in terms of body frame velocities

using ROS. An NVIDIA Jetson TX2 GPU is mounted on the Bebop 2 as shown in Fig.

A.6 and is used to run all the perception and control algorithms onboard. The TX2 and

Bebop 2 communicate via a WiFi connection, where the images are received at 30Hz. The

overall weight of the flight setup is 680g with the dimensions being 32.8× 38.2× 12cm.

All the experiments were prototyped on a PC running Ubuntu 16.04 with an Intel®

Core i7 6850K 3.6GHz CPU, an NVIDIA Titan-Xp GPU and 64GB of RAM in MATLAB
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Figure A.6: The platform used for experiments. (1) The front facing camera, (2) NVIDIA
TX2 CPU+GPU, (3) Downward facing optical flow sensor (camera+sonar) which is only
used for position hold.

using the Robotics Toolbox. The deep learning based optical flow runs on Python with

TensorFlow back-end. All the final versions of the software were ported to Python to run

on the NVIDIA Jetson TX2 running Linux for Tegra® (L4T) 28.2. A step-by-step tutorial

on using Bebop 2 as a research platform is available at prg.cs.umd.edu/GapFlyt.

html.

The environmental setup for the experiments consists of a rigid scene which has two

near-planar structures, one for the foreground and the other for the background. As shown

in Fig. A.2, let us denote the initial perpendicular distance between the quadrotor body

center and the foreground as 0ZF and the background as 0ZB. The near-planar structures

are made of foam-core with newspapers stuck on them to add texture to the scene. The

gap is located near the center of the foreground and is of an arbitrary shape. For the

detection of the window, the quadrotor executes a fixed diagonal straight line trajectory

in the XW − ZW plane as shown in Fig. A.7 while taking a number of images along its

path. The number of images used for the detection stage is a parameter denoted by N .
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Figure A.7: First two rows: (XW , YW ), (YW , ZW ) and (XW , ZW ) Vicon estimates of
the trajectory executed by the quadrotor in different stages (gray bar indicates the gap).
(XW , ZW ) plot shows the diagonal scanning trajectory (the lines don’t coincide due to
drift). Last row: Photo of the quadrotor during gap traversal. (cyan: detection stage, red:
traversal stage.)

Once the window is detected, F and B are tracked across time in order for quadrotor to

go through the gap using visual servoing based control.

A.5.2 Experimental Results

The pipeline was evaluated on different variations of the environmental setup. In the

first experiment, we test our pipeline on five different arbitrarily shaped gaps as shown

in Fig. A.8. Unless otherwise stated 0ZF ∼ 2.6m and 0ZB ∼ 5.7m. The aim here is
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Figure A.8: Sequence of images of quadrotor going through different shaped gaps. Top
on-set: Ξ outputs, bottom on-set: quadrotor view.

to find biases in the detection pipeline. The windows were chosen to have a diversity

in the geometrical sharpness of the corners, convexity of the shape and the size. As

stated earlier, the only constraint imposed on the gaps is that they are large enough to

go through with the quadrotor pitch angle close to zero and near-convex. The outputs of

TS2P algorithm for different windows are shown in Fig. A.8 with N = 4 along with their

inverse average (stacked) flow magnitudes Ξ, illustrating that our detection algorithm is

independent of shape and size of the opening. A canny edge detector is run on Ξ followed

by morphological operations to obtain C.

The second experiment is designed to test the noise sensitivity of TS2P. The intu-

ition is that as 0ZF → 0ZB, noisier the detection result . The outputs for different 0ZF and

0ZB are shown in Fig. A.9 when N = 4. This is because the fidelity of Ξ becomes less

and is more prone to noise. By increasing N the noise gets averaged out across frames

improving the fidelity of Ξ.

In the third experiment, we present detection outputs for different values of N , im-

age baselines and image sizes. The effect of N has been already discussed previously.

Having a very small baseline results in effectively dropping the value of N and vice-
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Figure A.9: Top Row (left to right): Quadrotor view at 0ZF = 1.5, 2.6, 3m respectively
with 0ZB = 5.7m. Bottom Row: Respective Ξ outputs for N = 4. Observe how the
fidelity of Ξ reduces as 0ZF → 0ZB, making the detection more noisy. (white boxes show
the location of the gap in Figs. A.9 to A.13.)

versa. The results from different sized images as illustrated in Fig. A.12 show that the

detection algorithm can work even on a very small quadrotor which can only carry a

very low-resolution camera (as low as 32 × 48 pixels). Our algorithm can also handle

dynamic noises very well though being modelled as a gaussian for the discussion. How-

ever, one can notice that the results improve significantly with increase in N (Fig. A.13)

demonstrating the advantage of TS2P.

Gap detection using TS2P almost always results in an eroded version of the true gap.

This is good for safe maneuvers like the one considered in this paper. However, aggressive

flight algorithms might suffer due to conservative results. This can be mitigated by tuning

the values of image baselines, N and the trajectory of the quadrotor to obtain minimum

erosion results. Tuning these parameters is easy when a prior about the scene is known or

the flow algorithms are so fast that one can actively change the detection trajectory so as

to maximize the coverage on the part of the contour least ‘seen’. The dynamic choice of
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Figure A.10: Comparison of different philosophies to gap detection. Top row (left to
right): DSO, Stereo Depth, MonoDepth, TS2P. Bottom row shows the detected gap over-
layed on the corresponding input image. (green: G ∩ O, yellow: false negative G ∩ O′,
red: false positive G ′ ∩ O.)

these parameters comes into the scope of our future work.

In the last experiment we present alternative approaches including state-of-the-art

methods which can be used to find the gap. The methods can be subdivided into struc-

ture based approaches and stuctureless approaches. The structure based approaches can

be defined as the set of approaches where a full 3D reconstruction of the scene is com-

puted, whereas, stuctureless approaches do not. The structure based approaches presented

are DSO [71] – Direct Sparse Odometry, depth from hardware stereo cameras [70] and

Stereo SLAM – Simultaneous Localization and mapping using Stereo Cameras and IMU

[70]. The data for the structured approaches were collected using a Parrot® SLAMDunk

[70]. The structureless approaches presented are MonoDepth [90] – deep learning based

monocular depth estimation and the proposed TS2P on two different deep learning based

dense optical flow algorithms, namely, FlowNet2 [86], SpyNet [91] and DIS [92]. Table

A.2 shows the comparison of the stated methods averaged over 150 trials.
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Fig. A.10 compares the results of DSO, stereo depth, MonoDepth and our method

(TS2P) with the ground truth. It can be inferred that the MonoDepth results are extremely

noisy (even with different models) making it impossible to detect the gap as the images

in our paper were never “seen” during training. Note that we don’t retrain or finetune any

of the deep learning models in this paper. Retraining MonoDepth and other deep learning

based methods used in this paper on our dataset might lead to better results. Whereas,

DSO and stereo depth results can used to detect the opening with some filtering. Stereo

SLAM and DSO are slow in the map building stage (taking about 6s and 12s respectively),

however, once the map is built and the algorithms are in the localization stage the depth

(or scaled depth) are obtained at 20Hz. The Stereo SLAM and Stereo Depth were run on

the SLAMDunk with an NVIDIA Jetson TK1 processor which is much slower than the

NVIDIA Jetson TX2 processor used for running DSO and other methods.

Fig. A.11 compares different optical flow methods used for TS2P. Though SpyNet

and DIS optical flow are faster, FlowNet2 outputs significantly better results at the edges

which is important for obtaining a good gap detection – this can be observed by looking

at Ξ for each algorithm.

After the gap detection has been performed, F and B are computed from the de-

tected gap C. Fig. A.5 shows F and B being propagated across time as the quadrotor

is in pursuit of going through the gap with the update of xs. A comparison of track-

ing using different methods are given in Table A.3. Clearly, KLT outperforms all other

methods with a theoretical maximum quadrotor speed of 8 ms−1 in the given scene. The

theoretical maximum speed is calculated for a global shutter camera in such a way that

the motion parallax is constrained within one pixel for the scene with 0ZF ∼ 2.6m and
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Table A.2: Comparison of different methods used for gap detection.

Method Sensor(s) Run Time DR AFN AFP
(Init. Time) in s

DSO[71] Monocular 0.05 (6) 0.88 0.20 0.00
Stereo Depth∗[70] Stereo 0.10 0.90 0.17 0.04
Stereo SLAM∗[70] Stereo + IMU 0.05 (12) 0.91 0.15 0.00
Mono Depth[90] Monocular 0.97 0.00 – –
TS2P (FlowNet2[86]) Monocular 1.00 0.93 0.14 0.02
TS2P (SpyNet[91]) Monocular 0.12 0.74 0.16 0.05
TS2P (DIS[92]) Monocular 0.45 0.62 0.20 0.04

∗ indicates algorithm tested on NVIDIA TK1 otherwise NVIDIA TX2.

0ZB ∼ 5.7m. The calculation assumes that none of the tracking/matching methods work

when the motion blur is more than one pixel. However, most of the methods can work

well upto some pixels of motion blur, this will in-turn increase the theoretical maximum

speed by this factor. If a rolling shutter camera is used without rolling shutter compensa-

tion, the theoretical maximum speed value has to be divided by the factor of blur caused

by rolling shutter. We achieved a practical maximum speed of 2.5ms−1 in our experi-

ments. We were limited to this speed due to the acceleration constraints on the Bebop 2

and the rolling shutter camera.

We achieved a remarkable success rate of 85% over 150 trials for different arbitrary

shaped windows under a wide range of conditions which includes a window with a mini-

mum tolerance of just 5cm (Fig. A.14). Success is defined as window detection output O

having at least 75% overlap with the ground truth and traversal through the gap without

collision. Failure cases also include the optimization failures and/or feature tracking fail-

ures for structure based approaches. For TS2P, we define Detection Rate (DR), Average

False Negative (AFN) and Average False Positive (AFP) as follows (AFN and AFP are

computed only for successful trails):
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Figure A.11: Left Column: Images used to compute Ξ. Middle Column (top to bottom):
Ξ outputs for DIS Flow, SpyNet and FlowNet2. Right Column: Gap Detection outputs.
(green: G ∩ O, yellow: false negative G ∩ O′, red: false positive G ′ ∩ O.

Figure A.12: Top row (left to right): Quadrotor view at image sizes of 384× 576, 192×
288, 96 × 144, 48 × 72, 32 × 48. Note all images are re-scaled to 384 × 576 for better
viewing. Bottom row shows the respective Ξ outputs for N = 4.
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Figure A.13: Top two rows show the input images. The third row shows the Ξ outputs
when only the first 2, 4 and all 8 images are used.

Figure A.14: Quadrotor traversing an unknown window with a minimum tolerance of just
5cm. (red dashed line denotes C.)
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Table A.3: Comparison of different methods used for tracking.
Method Run Time (ms) Theo. Max. Speed (ms−1)
GMS[93] 40 0.40
FAST[94] + RANSAC 8.3 1.92
Cuda-SIFT[95] + RANSAC 5 3.20
KLT[87] 2 8.00

where A′ is the negation of the set A.

In the next section, we also experiment with different textures to qualitatively eval-

uate the robustness of TS2P.

A.5.3 Robustness of TS2P against different textures

Optical flow algorithms are generally biased to specific textures, and there is a

high correlation between highly textured surfaces and good optical flow computation.

To demonstrate the robustness of our approach (TS2P) we test the algorithm against ten

additional setups. The various scenarios are tabulated in Table A.4. Each scenario is a

combination of different textures from the following set: Bumpy, Leaves, Door, Newspa-

per, Wall, Low-Texture and Cloth. We now describe each of textures used.

Bumpy texture provides an uneven texture over the original newspaper scenario.

These “bumps” are made of crumpled paper. The depth (protrusion) of the bumps are

large and are about 25% of the distance to gap from the quadrotor’s initial position. This

scenario mimics the uneven texture on rock walls around a cave opening, for example.

Leaves texture mimics foliage. In this setup magnolia and .. leaves are glued onto

foam-board. The two leaves used are of very different sizes and shapes. The leaves texture

are also uneven with depth variation as large as 10% of the distance to the quadrotor’s
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initial position. We use both sides of the leaves. The front-side of the leaves are of a

glossy texture with very high reflectance while the back-side are of matte texture with

very low reflectance. Also, the leaves look similar to each other. This texture provides

similar repeating patterns and large changes in reflectance.

Door texture is a wall with a door. Both these are white with very low texture.

Newspaper texture is the setup similar to the one used in the main paper. Newspaper

is glued onto foam-board. This presents an artificial high-texture scenario.

Wall texture is foam-core with a small amount of logos. We consider this as a

medium-texture scenario.

Low-Texture is white foam-core with a few scribbles near the window which are

required for tracking. This is artificially crafted to mimic a minimal-textured plain wall

with windows.

Cloth texture is created by the usage of wrinkled bed sheets. This scenario mimics

hanging curtains, hanging paintings and hanging flags.

A combination of the aforementioned textures creates scenarios which test the bias

of the TS2P algorithm. In all the above cases, 0ZF ∼ 2.8m and 0ZB ∼ 5.6m and N = 3

frames are used for stacking/averaging in all the cases.

Our approach works in most of the scenarios as presented in Fig. A.15 since it

uses deep learning based optical flow to estimate the position of the gap in the image

plane. Even in the low-textured scenarios, the window detection output O still has at least

75% overlap with the ground truth as mentioned in our paper. TS2P works even with no

textures on one of the foreground or background. Though tracking the F and B without

any textures is not possible.
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Table A.4: Comparison of our approach with different setups
Scenario Foreground Background
1 Bumpy Leaves
2 Bumpy Door
3 Bumpy Newspaper
4 Bumpy Cloth
5 Leaves Wall
6 Leaves Newspaper
7 Cloth Wall
8 Low-Texture Leaves
9 Low-Texture Leaves
10 Low-Texture Leaves

A.6 Conclusions

We present a minimalist philosophy to mimic insect behaviour to solve complex

problems with minimal sensing and active movement to simplify the problem in hand.

This philosophy was used to develop a method to find an unknown gap and fly through

it using only a monocular camera and onboard sensing. A comprehensive comparison

and analysis is provided. To our knowledge, this is the first paper which addresses the

problem of gap detection of an unknown shape and location with a monocular camera

and onboard sensing. As a parting thought, IMU data can be coupled with the monocular

camera to get a scale of the window and plan for aggressive maneuvers.
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Figure A.15: Left to right columnwise: Side view of the setup, Front view of the setup,
sample image frame used, Ξ output, Detection output - Yellow: Ground Truth, Green:
Correctly detected region, Red: Incorrectly detected region. Rowwise: Cases in the order
in Table A.4. Best viewed in color.
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Appendix B: EVDodgeNet

©2020 IEEE. Reprinted, with permission from:

Nitin J. Sanket*, Chethan M. Parameshwara*, Chahat Deep Singh, Ashwin V. Ku-

ruttukulam, Cornelia Fermüller, Davide Scaramuzza, Yiannis Aloimonos “EVDodgeNet:

Deep Dynamic Obstacle Dodging with Event Cameras”, IEEE International Conference

on Robotics and Automation (ICRA), (2020). DOI: 10.1109/ICRA40945.2020.9196877.

102

https://doi.org/10.1109/ICRA40945.2020.9196877


EVDodgeNet: Deep Dynamic Obstacle Dodging with

Event Cameras

Nitin J. Sanket*, Chethan M. Parameshwara*, Chahat Deep Singh,

Ashwin V. Kuruttukulam, Cornelia Fermüller, Davide Scaramuzza, Yiannis Aloimonos

Figure B.1: (a) A real quadrotor running EVDodgeNet to dodge two ob-
stacles thrown at it simultaneously. (b) Raw event frame as seen from the
front event camera. (c) Segmentation output. (d) Segmentation flow output
which includes both segmentation and optical flow. (e) Simulation environ-
ment where EVDodgeNet was trained. (f) Segmentation ground truth. (g)
Simulated front facing event frame. All the images in this paper are best
viewed in color.

Abstract — Dynamic obstacle avoidance on quadrotors requires low latency. A
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class of sensors that are particularly suitable for such scenarios are event cameras. In this

paper, we present a deep learning – based solution for dodging multiple dynamic obstacles

on a quadrotor with a single event camera and on-board computation. Our approach uses

a series of shallow neural networks for estimating both the ego-motion and the motion

of independently moving objects. The networks are trained in simulation and directly

transfer to the real world without any fine-tuning or retraining.

We successfully evaluate and demonstrate the proposed approach in many real-

world experiments with obstacles of different shapes and sizes, achieving an overall suc-

cess rate of 70% including objects of unknown shape and a low light testing scenario. To

our knowledge, this is the first deep learning – based solution to the problem of dynamic

obstacle avoidance using event cameras on a quadrotor. Finally, we also extend our work

to the pursuit task by merely reversing the control policy, proving that our navigation

stack can cater to different scenarios.

B.1 Supplementary Material

The supplementary hardware tutorial, appendix, code and video are available at

prg.cs.umd.edu/EVDodgeNet.html.

B.2 Introduction and Philosophy

The never-ending quest to understand and mimic ultra-efficient flying agents like

bees, flies, and birds has fueled the human fascination to create autonomous, agile and

ultra-efficient small aerial robots. These robots are not only utilitarian but are much safer
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to operate in static or dynamic environments and around other agents as compared to

their larger counterparts. Need for creation of such small aerial robots has given rise to

the development of numerous perception algorithms for low latency obstacle avoidance.

Here, latency is defined as the time the robot takes to perceive, interpret and generate

control commands [96].

Low latency static obstacle avoidance has been studied extensively in the last decade

[97]. Recently, however, dynamic obstacle avoidance has gained popularity in the field

of robotics due to the exponential growth of event cameras. These are bioinspired vision

sensors that output per-pixel temporal intensity differences caused by relative motion with

microsecond latency [98].

Event cameras have the potential to become the de-facto standard for visual motion

estimation problems due to their inherent advantages of low latency, high temporal reso-

lution, and high dynamic range [99]. These advantages make event cameras tailor made

for dynamic obstacle avoidance.

In this paper, we present a framework to dodge multiple unknown dynamic obsta-

cles on a quadrotor with event cameras using deep learning. Although dynamic obstacle

detection using traditional cameras and deep learning has been extensively studied in the

computer vision community under the umbrellas of object segmentation and detection,

they are either of high latency, computationally expensive (not enough to be used on

micro/nano-quadrotors) and/or do not generalize to novel objects without retraining or

fine-tuning.

Our work is closely related to [96] with the key difference being that our approach

uses deep learning and generalizes to unknown real objects after being trained only on
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simulation.

B.2.1 Problem Formulation and Contributions

A quadrotor moves in a static scene with multiple Independently Moving dynamic

Objects/obstacles (IMOs). The quadrotor is equipped with a front facing event camera, a

downfacing lower resolution event camera coupled with sonar, for altitude measurements,

and an IMU.

The problem we address is as follows: Can we present an AI framework for the

task of dodging/evading/avoiding these dynamic obstacles without any prior knowledge,

using only on-board sensing and computation?

We present various flavors of the dodging problem, such as hovering quadrotor

dodging unknown obstacles, slow-moving quadrotor dodging unknown shaped obstacles

given a bound on size, hovering and slow moving quadrotor dodging known objects (par-

ticularly targeted to spherical objects of known radii).

We also broaden the horizon of our approach by demonstrating pursuit/intercept

of a known object using the same deep-learning framework. This showcases that our

proposed framework can be used in a general navigation stack on a quadrotor and can be

re-purposed for various related tasks.

A summary of our contributions is given below (Fig. B.1):

• We propose and implement a network (called EVDeBlurNet) that deblurs event

frames, such that learning algorithms trained on simulated data can generalize to

real scenes without retraining or fine-tuning.
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• We design and implement a network (called EVSegFlowNet) that performs both

segmentation and optical flow of IMOs to obtain both segmentation and optical

flow in a single network.

• We propose a control policy based on estimated motion of multiple IMOs under

various scenarios.

• We evaluate and demonstrate the proposed approach on a real quadrotor with on-

board perception and computation.

B.2.2 Related Work

We subdivide the related work into three parts, i.e., ego-motion estimation, inde-

pendent motion segmentation, and obstacle avoidance.

B.2.2.1 Independent Motion Detection and Ego-motion Estimation – Two

sides of the same coin

Information from complementary sensors, such as standard cameras and Inertial

Measurement Units (IMUs), has given rise to the field of Visual Inertial Odometry (VIO)

[64, 63]. Low latency VIO algorithms based on event cameras have been presented in

[15, 99], which use classical feature tracking inspired methods to estimate ego-motion.

Other works, instead, try to add semantic information to enhance the quality of odometry

by adding strong priors about the scene [100, 101]. Most works in the literature focus on

ego-motion estimation in static scenes which are seldom encountered in the real world. To

account for moving objects, these algorithms implement a set of outlier rejection schemes
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to detect IMOs. We would like to point out that by carefully modelling these “outliers”

one can estimate both ego-motion and IMO motion [102].

B.2.2.2 Image stabilization as a key to independent motion segmentation

Keen readers might have contrived that by performing the process of image stabi-

lization IMOs would “stand-out”. Indeed, this was the approach most robust algorithms

used in the last two decades. A similar concept was adapted in some recent works on

event-based cameras for detecting IMOs [103, 10, 104]. Recently a deep learning based

approach was presented for IMO detection using a structure from motion inspired ap-

proach [12].

B.2.2.3 Obstacle avoidance on aerial robots

The works presented in the above two subsections have aided the advancement

of obstacle avoidance on aerial robots. [105, 34] presented approaches for high speed

static obstacle avoidance by estimating depth maps and visual servoing using a monocular

imaging camera respectively. [106] provides a detailed collation of the prior work on

static obstacle avoidance using stereo cameras. A hardware and software architecture

was proposed in [107, 108] for high speed quadrotor navigation by mapping the cluttered

environment using a lidar. Using event cameras for high speed dodging is not new and the

first work was presented in [109] where an approach was presented to avoid a dynamic

spherical obstacle using stereo event cameras. Very recently, [96] presented a detailed

analysis of perception latency for dodging a dynamic obstacle.
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B.2.3 Organization of the paper

The paper is structured into perception and control modules. The perception mod-

ule (Refer to Fig. B.2) is further divided into three segments.

1. The input to the perception system are event frames (Sec. B.3.3). Such a projection of

event data to generate event frames suffers from misalignment [11] unless motion com-

pensation is performed. We call this misalignment or loss of contrast/sharpness as blur

due to its visual resemblance to classical image motion blur. To perform motion compen-

sation and denoising, we present a neural network called EVDeBlurNet in Sec. B.3.3.

2. Sec. B.3.4 presents how ego-motion is obtained using EVHomographyNet.

3. Sec. B.3.5 describes how segmentation and optical flow of IMOs are obtained using

the novel EVSegFlowNet.

Sec. B.5 presents the control scheme for dodging given the outputs from the perception

module. We also bring the generality of our perception stack into limelight in Sec. B.5.4

by adapting our approach to the problem of pursuit. Sec. B.6 illustrates the experimental

setup and provides error analyses of the approaches presented along with detailed abla-

tion studies. We finally conclude the paper in Sec. B.7 with parting thoughts on future

work.

B.3 Deep Learning Based Navigation Stack For Dodging Dynamic Ob-

stacles

An overview of our proposed approach is illustrated in Fig. B.2.
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Figure B.2: Overview of the proposed neural network based navigation stack for the
purpose of dodging.

Figure B.3: (a) A sample simulation scene used for training our networks, (b) Sample
objects used in (a), (c) sample scene textures used in (a).

B.3.1 Definitions Of Coordinate Frames Used

The letters I , EF , ED, S and W denote coordinate frames on the Inertial Mea-

surement Unit (IMU), front facing event camera, down facing event camera, down facing

sonar and the world respectively (Fig. B.16). All the sensors are assumed to be rigidly

attached with the intrinsic and extrinsic calibration between them known. A pinhole cam-

era model is used for the formation of the image. The world point X gets projected onto

110



Figure B.4: Representation of coordinate frames on the hardware platform used. (1) Front
facing DAVIS 240C, (2) down facing sonar on PX4Flow, (3) down facing DAVIS 240B,
(4) NVIDIA TX2 CPU+GPU, (5) Intel® Aero Compute board.

the image plane point x. Unless otherwise stated, the points on the image plane are used

after undistortion.

B.3.2 Event Frame E

A traditional grayscale (global-shutter) camera records frames at a fixed frame rate

by integrating the number of photons for the chosen shutter time. This is done for all

pixels synchronously. In contrast, an event camera only records the polarity of logarithmic

brightness changes asynchronously at each pixel. If the brightness at time t of a pixel at

location x is given by It,x, an event is triggered when:

∥ log (It+1,x)− log (It,x) ∥1 ≥ τ

Here τ is a threshold which will determine if an event is triggered or not. τ is set at the

driver level as a combination of multiple parameters. Each triggered event outputs the

following data:

e = {x, t, p}
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where p = ±1 denotes the sign of the brightness change. The event data unlike an image

can vary in data rate and are generally output as a vector of four numbers per triggered

event. The data rate is small when the amount of motion and/or scene contrast are small

and large when either the motion or the scene contrast is large. This can be beneficial

for asynchronous operation, however on a low power digital processor like the one on-

board a micro-quadrotor, this can be appalling. To maintain a near constant computational

bottle-neck for event processing, we create event frames denoted as E . An event frame is

essentially a collection events triggered in a spatio-temporal window starting at t0 and a

temporal depth of δt. The event frame E is formed as follows.

E (x, δt)+ =

t0+δt∑
t=t0

1 (x, t, p = +1)

E (x, δt)− =

t0+δt∑
t=t0

1 (x, t, p = −1)

E (x, δt)τ =

(
t0+δt∑
t=t0

1 (x, t, p = ±1)

)−1

E (t− t0)

Here 1 is an indicator function which has a value of 1 for an event triggered with polarity

of p. For E+ the value of p is +1. Here E is the expectation/averaging operator. Finally E+,

E− and Eτ are normalized such that minimum and maximum values are scaled between

[0, 1]. Essentially E+/E− captures the per-pixel average number of positive/negative event

triggers in the spatio-temportal window spanned between t0 and t0 + δt. Eτ captures the

average trigger time per pixel. This event frame representation is inspired by previous

works [10][110]. The event frame E is composed by depthwise stacking E+, E− and Eτ ,

i.e., E = {E+,E−,Eτ}. Using event frames has some pragmatic advantages as compared
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to processing event by event on the raw event stream.

• The control command can be produced within a constant time bound as event

frames are produced at a near constant rate.

• The spatial relationships between event triggers are preserved along with polarity

and timing information which is exploited by convolutional neural networks em-

ployed in this paper.

• Event frames can be produced in linear time in the number of event triggers.

B.3.3 EVDeBlurNet

The event frame E consists of three channels. The first and second channels contain

the per-pixel average count of positive and negative events. The third channel contains

the per-pixel average time between events (refer to Section S.I for a mathematical for-

mulation). Though event representation offers many advantages regarding computational

complexity and providing tight time bounds on operation, there is a hitch. Event frames

can be “blurry” (projection of misaligned events) based on a combination of the integra-

tion time δt (observe in Fig. B.15 how sharpness of the image decreases as integration

time δt increases), apparent scene movement on the image plane (which depends on the

amount of camera movement and depth of the scene) and scene contrast (contrast of the

latent image pixels). Here, we define blur on the event frame E as the misalignment of

the events in a small integration time δt.

An event is triggered when the relative contrast (on the latent image I) exceeds a
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threshold τ and is mathematically modelled as

∥ log (I) ∥1 ≈ ∥⟨∇x log (I) , ẋ∆t⟩∥1 ≥ τ (B.1)

Here, ⟨·, ·⟩ denotes the inner/dot product between two vectors, ∇x is the spatial

gradient, ẋ is the motion field on the image and ∆t is the time since the previous event at

the same location. The above equation elucidates how the latent image contrast, motion

and depth are coupled to event frames. Note that, ẋ depends on the 3D camera motion

and the scene depth. We refer the reader to [111] for more details.

This “blurriness” of the event frame can adversely affect the performance of algo-

rithms built on them. To alleviate this problem, we need to deblur the event images. This

is fairly easy if we directly use the spatio-temporal event cloud and follow the approach

described in [11]. Essentially the problem deals with finding point trajectories along the

spatio-temporal point cloud to maximize a heuristically chosen contrast function. Mathe-

matically, we want to solve the following problem.

argmax
θ

C (W (E , θ)) (B.2)

where C is a heuristic contrast function and θ are the parameters of point trajectories in

the spatio-temporal point cloud according to which the events are warped and W (E , θ)

represents the event image formed by the warped events. In our scenario, we want to

model the deblurring problem in 2D, i.e., working on E directly without the use of a

spatio-temporal point cloud so that the problem can be solved efficiently using a 2D Con-
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volutional Neural Network (CNN). Such a deblurring problem using a single image has

been studied extensively for traditional cameras for rectifying motion blurred photos. Our

modified problem in 2D can be formulated as:

argmax
K

C (K ⊛ E) (B.3)

Here K is the heterogeneous deblur kernel and ⊛ is the convolution operator. However,

estimating K directly is not constrained enough to be learned in an unsupervised manner.

Instead, we formulate the deblurring problem inspired by Total Variation (TV) denoising

to give us the final optimization problem as follows:

argmax
E

C
(

E
)
+ λ argmin

E
D
(

E ,E
)

(B.4)

where E represents the deblurred event frame, λ is a regularization penalty and D rep-

resents a distance function to measure similarity between two event frames. Note that

directly solving argmaxE C
(

E
)

yields trivial solutions of high frequency noise.

To learn the function using a neural network we convert the argmax operator into

an argmin operator as follows:

argmin
E

−C
(

E
)
+ λD

(
E ,E

)
(B.5)

Intuitively, the higher the value of the contrast, the lower the value of the loss function,

but going away too far from the input will penalize the loss function striking a balance

between high contrast and similarity to the input image. We call our CNN which generates
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the deblurred event images EVDeBlurNet. It takes as input E and outputs deblurred E .

The network architecture is a simple encoder-decoder with four convolutional and four

deconvolutional layers with batch normalization (Sec. B.3.6). Another benefit of the

encoder decoder’s lossy reconstruction is that it removes stray events (which are generally

noise) and retains events corresponding to contours, thereby greatly increasing the signal

to noise ratio.

Recently, [112] also presented a method for deblurring event frames to improve

optical flow estimation via a coupling between predicted optical flow and sharpness in the

event frame in the loss function. In contrast, our work presents a problem-independent

deblurring network without the supervision from optical flow.

B.3.4 EVHomographyNet

A simple and computationally inexpensive way to obtain odometry on a quadrotor

is to use a downfacing camera looking at a planar surface. This approximation coupled

with data from an IMU and a distance sensor enables high speed “cheap” odometry for

navigation. Recently, deep learning approaches have shown more robust homography

estimation in traditional images [113, 114]. Inspired by this, we propose the first deep

learning based solution to the problem of homography estimation using event cameras

which can be run on an embedded computer at reasonably high speeds and good accu-

racy. Also, the added benefit of using a deep network for homography is that the tradeoff

between speed and accuracy could be altered easily (by changing number of parameters).

Let us mathematically formulate our problem statement. Let Et and Et+1 be the event
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Figure B.5: Network Architectures used in the proposed pipeline. Left: EVDeblurNet,
Middle: EVHomographyNet and Right: EVSegFlowNet. Green blocks show the convo-
lutional layer with batch normalization and ReLU activation, cyan blocks show decon-
volutional layer with batch normalization and ReLU activation and orange blocks show
dropout layers. The numbers inside convolutional and deconvolutional layers show ker-
nel size, number of filters and stride factor. The number inside dropout layer shows the
dropout fraction. N is 3 and 6 respectively for EVDeblurNet when using losses D1/D2

and D3. N is 2 and 5 respectively for EVSegFlowNet when using losses D1/D2 and D3.

frames captured at times t and t + 1, respectively, and δt ≪ ∆t where ∆t is the time

difference between the start times of event frame accumulation. In the scenario presented

before, the transformation between the two events frames is a homography. This can be

written as xt+1 = Ht+1
t xt, where xt+1,xt represent the homogeneous point correspon-

dences in the two event frames and Ht+1
t is the resulting non-singular 3× 3 homography
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matrix between the two frames. We adapt the previous works on deep learning based

homography estimation [113] [114] for both supervised and unsupervised flavors of deep

learning based homography estimation. For the supervised flavor of the algorithm, we

generate synthetic homography warped event frames and train them using the following

loss function.

argmin
H̃4Pt

E
(
∥H̃4Pt − Ĥ4Pt∥2

)
(B.6)

Here, H̃4Pt and Ĥ4Pt are the predicted and ground truth 4-point homographies. We refer

the readers to [113] for more details.

For the unsupervised version, we adapt the mathematical formulation [114] for Ten-

sorDLT and the Spatial Transformer Network (STN) using bilinear interpolation. The

final loss function is given as:

argmin
H̃4Pt

E
(
D
(
W
(

Et, H̃4Pt

)
,Et+1

))
(B.7)

where W is a generic differentiable warp function and can take on different mathematical

formulations based on it’s second argument (model parameters). In this case, W con-

tains both the TensorDLT and the STN. As before, D represents a distance measuring

image similarity between two event frames (Refer to the Sec. B.3.7) for the mathematical

formulations of D).
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B.3.5 EVSegFlowNet

The end goal of this work is to detect/segment Independently Moving Objects

(IMOs) and to dodge them. One could fragment this problem into two major parts, detect-

ing IMOs, and subsequently estimating their motion to issue a control command to move

away from the IMO in a safe manner. Let’s start by discussing each fragment. Firstly, we

want to segment the object using consecutive event frames Et and Et+1. A simple way to

accomplish this is by generating simulated data with known segmentation for each frame

and then training a CNN to predict the foreground (IMO)/background segmentation. Such

a CNN can be trained using a simple cross-entropy loss function as shown below.

argmin
pf

−E (1f log (pf ) + 1b log (pb)) (B.8)

Here, 1f ,1b are the indicator variables denoting if a pixel belongs to foreground or back-

ground. They are mutually exclusive, i.e., 1f = ¬1b and pf , pb represent the foreground

and background predicted probabilities where pf+pb = 1. Note that each operation in the

above equation is performed per pixel, and then an average over all pixels is computed. In

the second step we want to estimate the IMO motion. Without any prior knowledge about

the IMO it is impossible to estimate the 3D motion of the IMO from a monocular camera

(event based or traditional). To make this problem tractable, we assume a prior about the

object. More details can be found in Section B.5.

Once we have a prior about the object, we can estimate the 3D IMO motion using

optical flow of the pixels corresponding to the IMO on the image plane. A simple way to
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obtain optical flow is to train a CNN in a supervised manner. However, recent research

has shown that these do not generalize well to new scenes/objects [115]. A better way is

to use a self-supervised or completely unsupervised loss function.

argmin
ẋ

E (D (W (Et, ẋ) ,Et+1)) (B.9)

Here ẋ is the estimated optical flow between Et 7→ Et+1 and W is a differentiable warp

function based on optical flow and bilinear interpolation implemented using an STN. The

self-supervised flavor of this algorithm [116] utilizes corresponding image frames instead

of event frames for the loss function but the input is still the stack of event frames. One

could utilize the two networks we talked about previously and solve the problem of dodg-

ing, however, one would need to run two neural networks for this purpose. Furthermore,

this method suffers from a major problem: any unsupervised or self-supervised method

can estimate rigid optical flow (optical flow corresponding to the background regions B)

accurately but the non-rigid optical flow (optical flow corresponding to the foreground

regions F) is not very accurate. This is an artifact because of the number of pixels cor-

responding to the foreground is often far less than that corresponding to the background,

i.e., F ≪ B. One would have to train for a lot of iterations to obtain accurate optical flow

results on these foreground pixels which runs into the risk of overfitting to the dataset.

This defeats the promise of self-supervised or unsupervised formulations.

To solve both the problems of complexity and accuracy, we formulate the problem

using a semi-supervised approach to learn segmentation and optical flow at the same

time, which we call EVSegFlowNet. We call the output of the network segmentation flow
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denoted by ˜̇p which is defined as follows.

˜̇px =


ẋ, if 1f (x) = 1

0, if 1b (x) = 1

(B.10)

One could intuit that we can obtain a noisy segmentation for free by simple thresholding

on the magnitude of ˜̇px. To utilize the network to maximum capacity the input to the

network is the ego-motion/odometry based warped event frame such that the background

pixels in the two input event frames are almost aligned and the only misalignment comes

from the IMOs. This ensures that the network’s capacity can be utilized fully for learning

sub-pixel accurate optical flow for IMO regions. The input to the EVSegFlowNet is

W
(

Et, H̃4Pt

)
and Et+1. Here, H̃4Pt is transformed to EF before warping.

A complexity analysis of EVSegFlowNet is given in Sec. B.3.8. The success of our

approach can be seen from the experimental results. The loss function for learning ˜̇px is

given below.

argmin
˜̇px

E
(
D
(
W
(

E ′
t, ˜̇px

)
◦ 1f ,Et+1 ◦ 1f

))
+

λ1E
(
∥˜̇px ◦ 1b∥1

)
+ λ2E

(
∥˜̇px ◦ 1b∥22

)
(B.11)

Here, λ1 and λ2 are regularization parameters. This loss function is essentially

the image difference with elastic net like regularization penalty. This penalty makes the

network make background flow zero fairly quickly as compared to simple l1 or quadratic
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penalty whilst being robust to outliers (errors in segmentation mask creation). The loss

functions are given in the next section.

Note that all our networks were trained in simulation and directly transfer to the

real world without any re-training/fine-tuning. We call our dataset Moving Object Dataset

(MOD). Detailed information about the dataset can be found in Sec. B.4. Brief details

about the dataset are presented next.

MOD contains data from multiple simulated scenes in Blender and provides ground

truth for camera poses, IMO segmentation, object poses and depth. A sample image of a

scene from the dataset is shown in Fig. B.3.

B.3.6 Network Details

In this Section, we will present the information on network architecture and training

details.

The network architecture is shown in Fig. SB.5. Notice the simplicity in our net-

work owing our performance to the approach of stacking multiple shallow networks to

obtain good performance. It must be noted that using advanced architectures might lead

to better performance. We leave this as an avenue for future work.

EVDeblurNet was trained for 200 epochs with a learning rate of 10−3 for 200

epochs with a batch size of 256 for losses using D1 and D2 and with a batch size of

32 for losses using D3. Also, the loss part associated with the contrast is scaled by a fac-

tor of 2.0 and the loss part associated with the distance is scaled by a factor of 1.0. This

is equivalent to setting λ = 0.33.
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EVSegNet, EVFlowNet, and EVSegFlowNet were trained for 50 epochs with a

learning rate of 10−4 and a batch size of 256. EVHomographyNet was trained for 200

epochs with learning rate 10−4 and a batch size of 256.

For all the networks, the event frames E were normalized by dividing each pixel

value by 255 and then subtracting by 0.5 and finally scaling by 2.0 to bound all values

between [−1, 1].

For networks using D3 loss, the values of α are output by the networks last n chan-

nels. Here n denotes the number of input channels per image (3 in our case of event

frame). N = 2n when using D3 loss.

B.3.7 Loss Functions

In this Section, we present the mathematical formulations for variants of the loss

functions used in this work.

The two flavors of the heuristic Contrast function C used in Section II-A of the main

paper is inspired by [11] are given below (denoted by C1 and C2).

C1 (E) = E (∥Var (∇E) ∥1)

Var (E) = E (E (x)− E (E))

C2 (E) = E (∥∇E∥1)

where ∇ =

[
∇x ∇y

]T
is the 2D gradient operator (sobel in our case), Var is the variance

operator and x denotes the pixel location. The key difference from [11] is that we use the

variance operator on the gradients instead on raw values as empirically this gave us
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better results and was more stable during training.

Mathematical formulations of the different variants of the distance function D used

in Sections II-A, II-B and II-C of the main paper which measures the similarity between

two event frames are given below (denoted as D1, D2 and D3).

D1 (E1,E2) = E (∥E1 − E2∥1)

D2 (E1,E2|α, ϵ) = E
((

(E1 − E2)
2 + ϵ2

)α)
D3 (E1,E2|α, ϵ, c) =

b

d

(( (E1 − E2)/c)2

b
+ 1

)d/2

− 1



b = ∥2− α̂∥1 + ϵ; d =


α̂ + ϵ if α̂ ≥ 0

α̂− ϵ if α̂ < 0

α̂i = (2− 2ϵα)
eαi

eαi + 1
∀i

Here, D1 is the generic l1 photometric loss [117] commonly used for traditional images,

D2 is the Chabonnier loss [118] commonly used for optical flow estimation for traditional

images and D3 is the robust loss function presented in [119]. In D3, the value of α is

output from the network (Refer to B.3.6 for architecture details).

B.3.8 Compression Achieved by using EVSegFlowNet

Now, let’s analyze the complexity of EVSegFlowNet as compared to a combina-

tion of separate segmentation and flow networks we call EVSegNet and EVFlowNet

respectively. Let O denote the complexity measure as the minimum number of neu-
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Figure B.6: Various Scene setups used for generating data. Red box indicates the scene
used for generating out of dataset testing data to evaluate generalization to novel scenes.

Figure B.7: Moving objects used in our simulation environment. Left to right: ball,
cereal box, tower, cone, car, drone, kunai, wine bottle and airplane. Notice the variation
in texture, color and shape. Note that the objects are not presented to scale for visual
clarity.

rons to obtain a satisfactory generalization performance on a specific task. We also

assume that for smaller and shallow networks complexity scales with number of neu-

rons almost linearly. The complexity for a combination of EVSegNet and EVFlowNet

is given by O(S) + O(F ). Let the complexity of segmentation and flow obtained by

EVSegFlowNet be O(S̃), O(F̃ ) respectively. A compression/speedup is achieved when

O(S̃) +O(F̃ )

O(S) +O(F )
< 1. Now, because we are only estimating flow for foreground pixels in

EVSegFlowNet we have
O(F̃ )

O(F )
≈ F

B
. Also, as we mentioned before we get segmenta-

tion for free from EVSegFlowNet hence O(S̃) ≈ 0 ≪ O(S). This also implies that we

achieved good compression/speedup by our formulation as
O(S̃) +O(F̃ )

O(S) +O(F )
≪ 1.

B.4 Multi Moving Object Event Dataset

Extensive and growing research on visual (inertial) odometry or SLAM have lead

to the development of a large number of datasets. Recent adaption of deep learning
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Figure B.8: Random textures used in our simulation environment

to solve these aforementioned problems have fostered the development of large scale

datasets (large amount of data). However, most of these datasets are built with the fun-

damental assumption of static scenes in mind and as a manifestation of which moving or

dynamic objects are often not included in these datasets [120, 121, 122].

To this end, we propose to use synthetic scenes for generating “unlimited” amount

of training data with one or more moving objects in the scene. We accomplish this by

adapting and proliferating the simulator presented in [121]. To incubate generalization to

novel scenes and to utilize the algorithm trained on simulation directly in the real world,

we create synthetic moving objects which vary significantly in their texture, shape and

trajectory. We also choose random textures for the walls of the 3D room in which objects

will move about.

To generate data, we randomize wall textures, objects and object/camera trajectories

to obtain seven unique configurations out of which one is exclusively used for test of

generalization on more complex structures. Each configuration has a room with three

objects moving as shown in Fig. SB.6. Images are rendered at 1000 frames per second

at a resolution of 346 × 260 and a field of view of 90◦ for each configuration. Using

these images, events are generated following the approach described in [121]. Later event

frames E are generated with three different integration times δt of {1, 5, 10} ms. Details
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Figure B.9: Different textured carpets laid on the ground during real experiments to aid
robust homography estimation from EVHomographyNet.

about the room, lighting and objects are given next.

B.4.1 3D room and moving objects

Each room is of size 10× 10× 5 m and has random textures on all the walls. These

random textures consist of different patterns, colors and shapes. These textures mimic

those which occur in real-world indoor and outdoor environments such as skyscrapers,

flowers, landscape, bricks, wood, stone and carpet. Each room contains seven light

sources inside it for uniform illumination.

The camera is moved inside the 3D room on trajectories such that almost all possi-
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ble combinations of rotation and translation are obtained. This is aimed at replicating the

movement which could be encountered on a real quadrotor.

We have three Independently Moving Objects (IMOs) in each room. Each object

is unique in color, shape, texture and size. The objects are chosen to range from simple

shapes and textures to complex ones. The objects chosen are ball, cereal box, tower, cone,

car, drone, kunai, wine bottle and airplane. The trajectories of the objects are chosen such

that many different combinations of relative pose between the camera and the objects are

encountered. Also, the objects are moving ten times faster than the camera simulating ob-

jects being thrown at a hovering or a slow moving (drifting) quadrotor. The wall textures

and moving objects are shown in Figs. SB.7 and SB.8 respectively.

B.4.2 Dataset for EVDeblurNet

To learn a simple deblur function, we obtaian data from a down facing camera

looking at a planar texture and such that no moving objects appear in the frame. The

textures for the floor are chosen to replicate the common floor patterns such as wooden

flooring, stone, kid’s play carpet, and tiles. A total of 15K event frames corresponding

to five different textures and integration times δt of {1, 5, 10} ms are obtained. Random

crops of 128× 128 are used to train the network.

B.4.3 Dataset for EVSegNet, EVFlowNet and EVSegFlowNet

In this dataset, the camera follows the same trajectory given in Section B.4.2 to

capture the moving objects in the 3D environment. The camera is moving approximately
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at 0.005 m per frame and moving objects are ranging from 0.05 to 0.06 m per frame.

There are some instances where moving objects collide with the camera. We specifically

included these scenarios in the dataset so that the learning approaches could learn utilizing

both small and large changes in object appearances between consecutive event frames.

Average of two objects per frame is captured from the camera (minimum of 0 objects to

maximum of 3 objects). Using the six scenarios, 70K event frames are obtained (including

data from integration times of {1, 5, 10} ms). Event frames from two random integration

times per scenario are chosen for training. We obtain 60K images for training and 10K

images for testing (we only use 1 ms data not used for training for testing due to mask

alignment errors at higher integration times). During training, we use frame skips of one

to four to faciliate variable baseline learning of flow and segmentation. We call this test

set as “in dataset” testing because the test set though differs significantly in appearance

due to integration times still contains the same objects and textures as the training set.

For measuring the amount of generalization of our approach, we created a more

complex and completely different scenario for testing. This scenario contains immovable

3D objects such as table, chair and a box to 3D room with different textures (different per

wall and different from training set textures). The textures on the wall are more realistic

depicting a real indoor environment (Refer to the scenario in the red box in Fig. B.6). We

particularly designed such a scene to highlight that our network is mostly learning from

contours and motion information of the objects which is agnostic to scene appearance.

Here, we use integration times δt of {1, 2} ms. We obtain 6K frames for “out of dataset”

testing.
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B.4.4 Dataset for EVHomographyNet

To train EVHomographyNet, we use the same training set from EVSegFlowNet

with the major difference being that here only one frame is used at a time. A random

patch of size 128×128 is obtained from the 346×260 frame. Then a random perturbation

between ±γ is applied to each of the corners. This is used to obtain the homography

warped event frame. This approach is exactly the same as given in [113, 114]. For testing

“in dataset” the center crops of all the images used for training are chosen and random

perturbations of different ±γ are applied. (Refer to Table I of the main paper).

For “out of dataset” testing a similar treatment is given to the out of dataset used

for evaluating EVSegFlowNet.

B.5 Control Policy for Dodging Dynamic Obstacles

In this section, we present a solution for evading multiple known and/or unknown

IMOs.

Let us consider three different flavors of IMOs: (a) Sphere with known radius r,

(b) Unknown shaped objects with known bound on the size and (c) Unknown objects

with no prior knowledge. We tackle each of these cases differently. Knowing the prior

information about the geometric nature helps us achieve much more robust results and

fine-grain control.

We define F as the projection of all the IMOs on the image plane such that F =⋃
∀i
Fi, where Fi denotes the ith IMO’s image plane projection. Now, let’s discuss each

flavor of the problem separately in the following subsections.
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B.5.1 Sphere with known radius r

Let us first begin with the simplest case, i.e., a single spherical IMO with known

radius r. On an undistorted image the projection of a sphere on the image plane is an

ellipse [123]. Evading such an object under no gravitational influence has been tackled

and well analyzed by [96]. For spherical objects under the gravitational influence, we

estimate the initial 3D position using the known radius information and then we track

the object over a few E to obtain the initial 3D velocity. Here, the tracking is done by

detection (segmentation) on every frame.

Assuming a classical physics model, we predict the future trajectory XIMO
i of the

sphere when it is only under the influence of gravity. Now, we define the point XIMO
i,p as the

intersection of the trajectory XIMO
i and the image plane. For the case of a single spherical

IMO, we compute the distance between XIMO
i,p and the initial position of the quadrotor O,

denoted by vector xmin ∈ R2×1. The “safe” direction is represented as xs = −xmin. A

simple Proportional-Integral-Derivative (PID) controller based on the differential flatness

model of the quadrotor is used with high proportional gain for a quick response to move

in the direction xs. The minimum amount of movement is equal to the extended obstacle

size (the size of the quadrotor is added to the object size).

Now, let’s extend to the evasion of multiple spherical IMOs. We assume that while

objects are detected, there is no occlusion among different IMOs in the front event camera

frame. Then, each object Fi is clustered using mean shift clustering. For each object Fi,

the 3D position and velocity are estimated as before. It is important to note that since all

the objects were targeted at the quadrotor, they are bound to intercept the image plane,
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Figure B.10: Vectors XIMO
i,p and XIMO

i+1,p represent the intersection of the trajectory and the
image plane. xs is the direction of the “safe” trajectory. All the vectors are defined with
respect to the center of the quadrotor projected on the image plane,O. Both of the spheres
are of known radii.

say at point XIMO
i,p (Fig. B.10). For evasion from multiple objects, we adapt the following

approach. First, we find the two objects m and m + 1 from a consecutive cyclic pair of

vectors such that (here (̂·) represents a unit vector):

argmin
XIMO

i,p ,XIMO
i+1,p

〈
X̂IMO

i,p , X̂IMO
i+1,p

〉
(B.12)

In other words, the objectsm andm+1 forms the largest angle among all the consecutive

cyclic pairs. So we deploy a strategy to move the quadrotor in xs direction in the image

plane such that

xs =


−X̂β, if max∀i⟨X̂β,Xi⟩ < max∀i⟨−X̂β, X̂i⟩

X̂β, otherwise

(B.13)

where Xβ = X̂IMO
m,p + X̂IMO

m+1,p
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B.5.2 Unknown shaped objects with bound on size

Now, consider the case of evading an IMO of an arbitrary shape S. As the projection

of S on the image plane can be either convex or non-convex, we first obtain the convex

hull of S denoted by H. Clearly, an evasive maneuver performed using H guarantees

evasion from the object when the rotation of the IMO with respect to the camera is small.

Next, we find the principal axes of the projection of H on the image plane. Because

we have a bound on size, i.e., we have a bound on the length of the maximum principle

axis in 3D, we can evade this object assuming it to be a sphere of this diameter. Note

that this method is more conservative than the previous approach constraining the sensing

range and latency based on how close the bound is to actual object size.

B.5.3 Unknown objects with no prior knowledge

Without any prior knowledge about the object, it is geometrically infeasible to ob-

tain the 3D velocity of an IMO using a monocular camera. However, we can predict a

possible safe trajectory xs depending on the velocity direction of the IMOs on the image

plane. We compute the unit vector vIMO
i in which the IMO is moving by tracking the

segmentation mask of the IMO or by computing the mean optical flow direction of the re-

gion of interest. For a single unknown IMO, a heuristic is chosen such that the quadrotor

moves in the direction perpendicular to the velocity of the IMO on the image plane, i.e.,

a safe direction for the quadrotor motion which satisfies ⟨xs,v
IMO
i ⟩ = 0.

For evasion from multiple objects, we adapt a similar approach as in Section B.5.1.

First, we find the two objects m and m + 1 from a consecutive cyclic pair of velocity
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Figure B.11: Representation of velocity direction of multiple unknown IMOs. The vector
vIMO
i and vIMO

i+1 represent velocities of the corresponding objects. xs denotes the “safe”
direction for the quadrotor.

vectors such that (Fig. B.11):

argmin
vIMO
i,p ,vIMO

i+1,p

〈
v̂IMO
i,p , v̂IMO

i+1,p

〉
(B.14)

We deploy a strategy to move the quadrotor in xs direction in the image plane such

that

xs =


−v̂β, if max∀i⟨−v̂β, v̂i⟩ < max∀i⟨v̂β, v̂i⟩

v̂β, otherwise

(B.15)

where vβ = v̂IMO
m,p + v̂IMO

m+1,p

B.5.4 Pursuit: A reversal of evasion?

The generality of our perception stack for navigation is demonstrated by showing

that pursuit can be accomplished using a simple reversal of the control policy for the cases

presented in B.5.1 and B.5.2.
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Figure B.12: Objects used in experiments. Left to right: Airplane, car, spherical ball and
Bebop 2.

Figure B.13: Vicon estimates for the trajectories of the objects and quadrotor. (a) Per-
spective and top view for single unknown object case, (b) perspective and top view for
multiple object case. Object and quadrotor silhouettes are shown to scale. Time progres-
sion is shown from red to yellow for objects and blue to green for the quadrotor.
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Figure B.14: Sequence of images of quadrotor dodging or pursuing of objects. (a)-(d):
Dodging a spherical ball, car, airplane and Bebop 2 respectively. (e): Dodging multiple
objects simultaneously. (f): Pursuit of Bebop 2 by reversing control policy. Object and
quadrotor transparency show progression of time. Red and green arrows indicate object
and quadrotor directions respectively. On-set images show front facing event frame (top)
and respective segmentation obtained from our network (down).

Figure B.15: Output of EVDeBlurNet for different integration time and loss functions.
Top row: raw event frames, middle row: deblurred event frames with D2 and bottom row:
deblurred event frames with D3 with δt. Left to right: δt of 1 ms, 5 ms and 10 ms. Notice
that only the major contours are preserved and blurred contours are thinned in deblurred
outputs.

Additionally, for an IMO which is self-propelled like a quadrotor, one can perform

both pursuit and evade tasks by assuming a linear motion model. Note that here no con-

cept of the agent’s intent is used but it can be introduced with an additional neural network
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Figure B.16: Representation of coordinate frames on the hardware platform used. (1)
Front facing DAVIS 240C, (2) down facing sonar on PX4Flow, (3) down facing DAVIS
240B, (4) NVIDIA TX2 CPU+GPU, (5) Intel® Aero Compute board.

for predicting the motion model of the agent (intent) [124]. We leave this for future work.

In the next section, we provide a detailed experimental analysis and present our

results for all the aforementioned cases.

B.6 Experiments

B.6.1 Experimental Setup

The proposed framework was tested on a modified Intel® Aero Ready to Fly Drone.

The Aero platform was selected for its rugged carbon fiber chassis and integrated flight

controller running the PX4 flight stack.

For our experiments, we mounted a front facing DAVIS 240C event camera mated

to a 3.3 - 10.5 mm f /1.4 lens set at 3.3 mm giving us a diagonal Field Of View (FOV) of

84.5◦, a downfacing DAVIS 240B event camera mated to a 4.5 mm f /1.4 lens giving us

a diagonal FOV of 67.4◦ and a down facing PX4Flow sensor for altitude measurements.

Additionally, we obtain inertial measurments from the IMU on the flight controller. We
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also mounted an NVIDIA Jetson TX2 GPU to run all the perception and control algo-

rithms on-board (Fig. SB.16). All the communications happen over serial port or USB.

The takeoff weight of the flight setup including the battery is 1400 g with dimensions

being 330× 290× 230 mm. This gives us a maximum thrust to weight ratio of 1.35.

All the neural networks were prototyped on a PC running Ubuntu 16.04 with and

Intel® Core i7 6850K 3.6GHz CPU, an NVIDIA Titan-Xp GPU and 64GB of RAM in

Python 2.7 using TensorFlow 1.12. The final code runs on-board the NVIDIA Jetson TX2

running Linux for Tegra® (L4T) 28.1. All the drivers for creating event frames and sensor

fusion are written in C++ for efficiency and all the neural network codes run on the TX2’s

GPU in Python 2.7. We obtain a flight time of about 3 mins.

To enable robust homography estimation, we laid down carpets of different textures

on the ground to obtain strong contours in event frames (Refer to Fig. SB.9).

The experiments were conducted in the Autonomy Robotics and Cognition (ARC)

lab’s indoor flying space at the University of Maryland, College Park. The total flying

volume is about 6 × 5.5 × 3.5 m3. A Vicon motion capture system with 8 vantage V8

cameras are used to obtain ground truth at 100 Hz. The objects were either thrown or

flown (in-case of the bebop experiment) at the quadrotor during hover or slow flight (sim-

ulating slow drift) at speeds ranging from 4.4 ms−1 to 6.8 ms−1 from a distance ranging

from 3.6 m to 5.2 m. To enable robust homography estimation, we laid down carpets

of different textures on the ground to obtain strong contours in event frames (Refer to

supplementary Fig. S6).

We used four different objects in our experiments, (a) a spherical ball of diameter

140 mm, (b) a car of size 185 × 95 × 45 mm (here a bound of 240 mm is used), (c) an
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airplane of size 270 × 250 × 160 mm (size information not used in experiments), (d) a

Bebop 2 of size 330× 380× 200 mm. Also, we used an integration time δt of 30 ms for

all our experiments.

B.6.2 Experimental Results and Discussion

In this paper, we considered the case of navigating through different sets of multiple

dynamic obstacles. We dealt with six different evading combinations and one pursuit

experiment: (a) Spherical ball with a known radius of 140 mm, (b) car with a bound

on the maximum dimension size of 240 mm (with maximum error of ∼ 20% from the

original size), (c) airplane with no prior information, (d) Bebop 2 flying at a constant

velocity, (e) multiple unknown objects, (f) pursuit of Bebop 2 and (g) low-light dodging

experiment. For each evasion case, the objects are directly thrown towards the Aero

quadrotor such that a collision would definitely occur if the Aero holds its initial position.

The objects used in the experiments are shown in Fig. B.12. For each case, a total of

30 trials were conducted. The Vicon plots for cases (c) and (e) are shown in Fig. B.13.

Notice that the objects would have hit the quadrotor if it had not moved from its initial

position. We achieved a remarkable success rate of 86% in cases (a) and (b), 76% in case

(c). Both Parrot Bebop 2 experiments (case (d), (f)) resulted in 83% success rate. Case (e)

was carefully performed with synchronized throws between the two objects and resulted

about 76% success rate. For the low-light experiment (case (g)), we achieved a success

rate of 70%. Here success is defined as both a successful detection and evasion for the

evade experiments and both a successful detection and collision for the pursuit task. Fig.
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B.14 shows sequences of images for cases (a)-(f) along with sample front facing event

frame and segmentation outputs.

Before the IMO is thrown at the quadrotor, the quadrotor maintains its position

(hover) using the differential XW and Y W estimates from the EVHomographyNet and

ZW estimates from the sonar.

When the IMO is thrown at the quadrotor, the IMO is detected for five consecutive

frames to estimate either the trajectory or image plane velocity and to remove outliers

using simple morphological operations. This gives a perception response lag of 60 ms

(each consecutive frame pair takes 10 ms for the neural network computation and 2 ms

for the post-processing). Finally, the quadrotor moves using the simple PID controller

presented before.

Note that, we talked about obtaining both segmentation and optical flow from

EVSegFlowNet. This was based on the conceptualization of optical flow being used

for other tasks as well. However, if only the dodging task is to be performed, a smaller

segmentation network can be used without much loss of accuracy.

Table B.1: Quantitative evaluation of different methods for Homography estimation.
Method (Loss)

RMSEi in px. RMSEo in px.
γ = ±[0, 5] γ = ±[6, 10] γ = ±[11, 15] γ = ±[16, 20] γ = ±[21, 25] γ = ±[0, 5] γ = ±[6, 10] γ = ±[11, 15] γ = ±[16, 20] γ = ±[21, 25]

Identity 3.92 ± 0.83 11.40 ± 0.70 18.43 ± 0.70 25.50 ± 0.70 32.55 ± 0.71 3.92 ± 0.84 11.40 ± 0.70 18.44 ± 0.71 25.49 ± 0.70 32.55 ± 0.71
S 3.23 ± 1.13 3.90 ± 1.34 5.31 ± 2.05 9.63 ± 4.57 17.65 ± 7.00 4.15 ± 1.78 5.05 ± 2.19 6.99 ± 3.11 11.21 ± 4.84 18.37 ± 6.61
US∗ (D1) 2.97 ± 1.22 3.84 ± 1.61 5.99 ± 2.78 11.64 ± 5.69 20.36 ± 7.68 3.92 ± 1.53 5.31 ± 2.43 8.14 ± 3.86 13.63 ± 5.87 21.22 ± 7.35
US∗ (D2) 2.48 ± 0.93 3.53 ± 1.43 5.89 ± 2.70 11.74 ± 5.69 20.51 ± 0.70 3.19 ± 1.26 4.86 ± 2.31 7.92 ± 3.73 13.47 ± 5.71 21.22 ± 7.08
DB + S 2.73 ± 1.01 3.16 ± 1.23 4.00 ± 1.79 6.50 ± 3.54 12.22 ± 6.58 3.69 ± 1.51 4.49 ± 2.10 5.91 ± 3.16 9.04 ± 4.90 14.60 ± 6.95
DB + US (D1) 2.19 ± 0.88 3.04 ± 1.57 4.99 ± 2.75 10.16 ± 5.54 18.62 ± 7.85 3.08 ± 1.37 4.63 ± 2.68 7.57 ± 4.30 13.16 ± 6.25 21.08 ± 7.49
DB + US (D2) 2.41 ± 1.06 3.30 ± 1.77 5.36 ± 3.02 10.39 ± 5.78 18.77 ± 8.07 3.35 ± 1.76 5.05 ± 3.03 8.11 ± 4.65 13.46 ± 6.48 21.08 ± 7.81

∗ Trained for 100 epochs on supervised and then fine-tuned on unsupervised for 100 more epochs. γ denotes the perturbation range in px. for evaluation.

Fig. B.15 shows the input and output of EVDeBlurNet for losses D2 and D3 under

δt = {1, 5, 10} ms. Observe the amount of noise (stray events not associated with strong

contours) in the raw images (top row of Fig. B.15). The second row shows the output
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Figure B.17: Output of EVHomographyNet for raw and deblurred event frames at dif-
ferent integration times. Green and red color denotes ground truth and predicted H̃4Pt

respectively. Top row: raw events frames and bottom row: deblurred event frames. Left
to right: δt of 1 ms, 5 ms and 10 ms. Notice that the deblurred homography outputs are
almost not affected by integration time.

of EVDeBlurNet for D2 loss. Observe that this works well for smaller integration times

but for larger integration times, the amount of denoising and deblurring performance de-

teriorates. However, D3 loss which is aimed at outlier rejection is more suppressive of

weak contours and hence one can observe that the frame has almost no output for smaller

integration times. This has the effect of working well for larger integration times.

Fig. B.17 shows the output of EVHomographyNet using the supervised loss func-

tion on both raw (top row) and deblurred frames (bottom row). Observe that the de-

blurred homography estimation is more robust to changes in different integration times.

Table B.1 (extended table available in Supplementary section S.VII.) shows the quanti-

tative evaluation of different methods used for training EVHomographyNet. Here, DB

represents deblurring using the combination of D2 and C2 loss, S and US refer to super-

vised and unsupervised losses respectively. RMSEi and RMSEo denote the average root

mean square error [114] in the testing dataset with textures similar to that of the training

set, and completely novel textures respectively. RMSEo quantifies how well the network
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can generalize to unseen samples. Notice that the supervised flavors of the algorithm

work better (lower RMSEi and RMSEo) than their respective unsupervised counterparts.

We speculate that this is because of the sparsity in data and that the simple image based

similarity metrics not being well suited for event frames. We leave crafting a novel loss

function for event frames as a potential avenue for future work. Also, notice how deblur

variants of the algorithms almost always work better than their respective non-deblurred

counterparts highlighting the utility of EVDeblurNet.

Table B.2: Quantitative evaluation of different methods for Segmentation of IMO.

Method DRi DRo Run Time FLOPs Num. Params
(Loss) in % in % in ms in M in M

SegNet 49.0 40.4 1.5 222 0.03
DB + SegNet 81.5 68.7 7.5 4900 2.33
DB + H + SegNet 83.2 69.1 10 5150 3.63
SegFlowNet 88.3 81.9 1.5 222 0.03
DB + SegFlowNet 93.3 90.1 7.5 4900 2.33
DB + H + SegFlowNet 93.4 90.7 10 5150 3.63

Table B.2 shows the quantitative results of different variants of segmentation net-

works trained using the D2 loss for SegFlowNet. Also, H denotes the stack of warped

Et and Et+1 using the outputs of the network DB + S in Table B.1. Here DR denotes the

detection rate and is defined as:

DR = E

(
(D ∩ G) ◦ 1E

(G ◦ 1E)
≥ τ

)
× 100% (B.16)

where G and D denote the ground truth and predicted masks respectively, and 1E

denotes the presence of an event in either of the input event frames. For our evaluation, we

choose τ = 0.5. Notice that using both deblur and homography warping helps improve
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the results as anticipated. Again, DRi and DRo denote testing on trained objects and com-

pletely novel objects. As before, deblurring helps generalize much better to novel objects

and deblurring with homography warping gives better results showing that the network’s

learning capacity is utilized better. Also, notice that the improvement in segmentation by

warping using homography (last row) is marginal due to the 3D structure of the scene.

The network architectures and training details are provided in the Section S.III of the

supplementary material.

B.7 Conclusions

We presented an AI-based algorithmic design for micro/nano quadrotors, taking

into account the knowledge of the system’s computation and latency requirements using

deep learning. The central conception of our approach is to contrive AI building blocks

using shallow neural networks which can be re-purposed. This philosophy was used to

develop a method to dodge dynamic obstacles using only a monocular event camera and

on-board sensing. To our knowledge, this is the first deep learning based solution to the

problem of dynamic obstacle avoidance using event cameras on a quadrotor. Moreover,

our networks are trained in simulation and directly transfer to the real world without

fine-tuning or retraining. We also show the generalizability of our navigation stack by

extending our work to the pursuit task. As a parting thought, a better similarity scoring

metric between event frames or a more robust construction of event frames can improve

our results.
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EVPropNet: Detecting Drones By Finding Propellers For

Mid-Air Landing And Following

Nitin J. Sanket, Chahat Deep Singh, Chethan M. Parameshwara,

Cornelia Fermüller, Guido C.H.E. de Croon, Yiannis Aloimonos

a                                                                                                             b                                                          

Figure C.1: Applications presented in this work using the proposed propeller
detection method for finding multi-rotors. (a) Tracking and following an un-
marked quadrotor, (b) Landing/Docking on a flying quadrotor. Red and green
arrows indicates the movement of the larger and smaller quadrotors respec-
tively. Time progression is shown as quadrotor opacity. The insets show the
event frames E from the smaller quadrotor used for detecting the propellers
of the bigger quadrotor using the proposed EVPropNet. Red and blue color
in the event frames indicate positive and negative events respectively. Green
color indicates the network prediction. All the event images in this paper
follow the same color scheme. Vicon estimates are shown in corresponding
sub-figures of Fig. C.8. All the images in this paper are best viewed in color
on a computer screen at a zoom of 200%.

Abstract — The rapid rise of accessibility of unmanned aerial vehicles or drones

pose a threat to general security and confidentiality. Most of the commercially available

or custom-built drones are multi-rotors and are comprised of multiple propellers. Since

these propellers rotate at a high-speed, they are generally the fastest moving parts of an

image and cannot be directly “seen” by a classical camera without severe motion blur.
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We utilize a class of sensors that are particularly suitable for such scenarios called event

cameras, which have a high temporal resolution, low-latency, and high dynamic range.

In this paper, we model the geometry of a propeller and use it to generate simulated

events which are used to train a deep neural network called EVPropNet to detect propellers

from the data of an event camera. EVPropNet directly transfers to the real world without

any fine-tuning or retraining. We present two applications of our network: (a) tracking

and following an unmarked drone and (b) landing on a near-hover drone. We successfully

evaluate and demonstrate the proposed approach in many real-world experiments with

different propeller shapes and sizes. Our network can detect propellers at a rate of 85.1%

even when 60% of the propeller is occluded and can run at upto 35Hz on a 2W power

budget. To our knowledge, this is the first deep learning-based solution for detecting

propellers (to detect drones). Finally, our applications also show an impressive success

rate of 92% and 90% for the tracking and landing tasks respectively.

C.1 Supplementary Material

The accompanying video and code are available at http://prg.cs.umd.edu/

EVPropNet.

C.2 Introduction

Aerial robots or drones have become ubiquitous in the last decade due to their util-

ity in various fields such as exploration [59, 125, 126, 127], inspection [60], mapping

[128], search and rescue [61, 34], and transport [129]. The low-cost and wide availability
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of commercial drones for photography, agriculture and hobbying has skyrocketed drone

sales [130]. This has also given rise to a series of malicious drones which threaten the

general security and confidentiality. This necessitates the detection of drones. To make

this problem hard, drones come in various shapes and sizes and generally do not carry any

distinct visual on them to make them easy for visual detection. To this end, we propose

to detect an unmarked drone by detecting the most ubiquitous part of a drone – the pro-

peller. It is serendipitous that most of the common drones are multi-rotors and have more

than one propeller, making their detection using the proposed approach easier. Detecting

propellers is a daunting task for classical imaging cameras since it would require an ex-

tremely short shutter time and high sensitivity which make such sensors expensive and

bulky. A class of sensors designed by drawing inspiration from nature that excel at the

task of low-latency and high-temporal resolution data are called event cameras [98, 131].

Recent advances in sensor technologies have increased the spatial resolution of these sen-

sors by about 10× in the last 5 years [132]. These event cameras output per-pixel temporal

intensity differences caused by relative motion with microsecond latency instead of tra-

ditional images frames. We utilize the fact that propellers are moving much faster than

any other part of the scene. The problem formulation and our contributions are described

next.

C.2.1 Problem Formulation and Contributions

An event camera (moving or stationary) is looking at a flying drone with at-least

one spinning propeller and our goal is to locate the propeller’s center on the image plane.
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A summary of our contributions are:

• We simplify the geometric model of a propeller for the projection on the image

plane which is used to generate event data.

• A deep neural network called EVPropNet trained on the simulated data which gen-

eralizes to the real-world without any fine-tuning or re-training for different pro-

pellers.

• Two specific applications of our EVPropNet: (a) Tracking and following an un-

marked moving quadrotor (Fig. C.1a), (b) Landing on a near-hover quadrotor (Fig.

C.1b) evaluated with on-board computation and sensing.

• Finally, we make our network EdgeTPU optimized so that it can run at 35Hz with

a power budget of just 2W enabling deployment on a small drone.

C.2.2 Related Work

We subdivide the related work into three parts: detection of an unmarked drone

based on appearance (on a classical camera), detection of a marked collaborative drone

and detection of moving segments using event cameras.

C.2.2.1 Appearance based drone detection:

Classical RGB image based drone detection is an instance of object detection and

has been accomplished by methods like Haar cascade detectors, with the newer deep

learning based detectors such as YoLo [133] topping the accuracy charts [134, 135, 136].
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One can clearly see that these methods work well when the drone is large in the frame

and against a bright sky, thereby detecting the contour of the drone from its silhouette.

Pawełczyk et al. [134] show extensive results on how the state-of-the-art appearance

based drone detectors fail when the drones are against a non-sky background (such as

trees which are very common).

C.2.2.2 Marked collaborative drone detection:

Marked drones are detected using a set of fiducial markers either for leader-follower

configurations [137], swarming behaviors [138] or for docking [139]. Most commonly,

a visual fiducial marker based on April Tags [140] or CC-Tags [141] is used for these

tasks due to their robustness and near-invariance to angles. Moreover, they also provide

the ability to distinguish between different tags which are particularly useful for tracking

multiple drones. Li et al. [139] designed a custom tag similar to the CC-Tag and showed

that it can be used for precise control for docking. On the contrary, Walter et al. [137]

demonstrated the usage of Ultra-Violet (UV) spectrum which is robust to changing envi-

ronmental conditions such as changing illumination and the presence of undesirable light

sources and their reflection.

C.2.2.3 Moving Object Segmentation Using Event Cameras:

Event cameras, as described earlier are tailor made for detecting the parts of the

image which have motion different to that of the camera (this task is commonly called

motion segmentation). Mitrokhin et al. [142] developed one of the first motion segmen-
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tation frameworks using event cameras for challenging lighting scenes highlighting the

efficacy of event cameras to work at high-dynamic range scenes for fast moving objects.

Stoffregen et al. [104] introduced an Expectation-Maximization scheme for segmenting

the motion of the scene into various parts which was further improved in-terms of speed

and accuracy by Parameshwara et al. [143] by proposing a motion propagation method

based on cluster keyslices. The concept of motion segmentation has also been deployed

on quadrotors for detection of other moving objects (including other unmarked drones)

with a monocular [57] and a stereo event camera [58].

C.2.3 Organization of the paper

We first describe a geometric model of the propeller and then derive a simplified

model of it’s image projection in Sec. C.3. The geometric model is then used generate

event data to train the proposed EVPropNet as described in Sec. C.4. We then present

two applications of our network: (a) Tracking and following an unmarked drone and

(b) Landing on a near-hover drone in Sec. C.5. We then present extensive quantitative

evaluation of our network and applications along with qualitative results on different real

world propellers in Sec C.6. Finally, we conclude the paper in Sec. C.7 with parting

thoughts on future work.

C.3 Geometric Modelling of a Propeller

We first discuss a geometric model of a propeller [144] and then describe how it’s

projection can be approximated with a set of cubic basis splines. A propeller’s spine is
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Figure C.2: (a) Coordinate frames used for the geometric modelling of a propeller, (b)
Blade coordinate definition, (c) Skew definition, (d) Coordinate axes for propeller projec-
tion on camera, and (e) Simplified model of the projection of the propeller blade; Each
color represents a single spline and points with same color denote knots used to fit the
cubic spline. Bi-color points are used as knots for both the splines of respective color.
See Table C.1 for a tabulation of the variables used in this figure.

constructed by rotating a straight line on a helicoidal surface. The coordinates of a point x

on a surface formed by a straight line rotating about the X axis and concurrently moving

along this axis is given by

x =

[
pϕ

2π
r sinϕ r cosϕ

]T
(C.1)

Where p is the pitch of the propeller, r is the radius and ϕ is the angle of rotation

in Y Z plane of the radius arm relative to the ZW axis (Fig. C.2a, also see Table C.1

for a tabulation of the parameters used in this derivation). Note that, p here refers to the

nose-tail pitch as it is the most common definition used by manufacturers. Now, the locus

of the mid-chord points of a rotating right handed propeller blade with ϕ = 0 initially is

given by
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xc/2 =

[
−
(
iG +

pθS
2π

)
−r sin (ϕ− θS) r cos (ϕ− θS)

]T
(C.2)

Here, θS (Figs. C.2b and C.2c) denotes the skew angle and is defined as the angle

between the line normal to the shaft axis (called directrix or propeller reference line) and

the line drawn through the shaft center line and the mid-chord point on the projected

image of the propeller looking normally along the shaft center line and iG denotes the

generator line rake (distance that is parallel to the X-axis, from the directrix to the point

where the helix of the section at radius r cuts the X − Z plane). Extending Eq. C.2 for

the leading and trailing edges of the blade (Fig. C.2b) gives us

xLE/TE =


−
(
iG +

pθS
2π

+
c

2
sin θ

)
−r sin

(
ϕ− θS ± 90c cos θ

πr

)
r cos

(
ϕ− θS ± 90c cos θ

πr

)


(C.3)

Here θ = tan−1
(

p
2πr

)
is the pitch angle, c is the chord length at a certain radius and

π and θS are in ◦.

The above set of equations define how the propeller’s nose-tail line can be generated

in 3D. However, the blade section geometry is an aerofoil with a top and a bottom surface.

A point on the top and bottom surfaces are given by

xT/B =

[
xc ∓ yt sinψ yc ± yt cosψ

]T
(C.4)
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Table C.1: Parameters used in geometric model of the propeller.
Parameter Parameter
Notation Description

p Propeller Pitch (nose-tail)
r Radius

ϕ
Angle of rotation of radius arm

relative to ZW in Y Z plane
iG Generator line rake
θS Skew angle
c Chord length
ψ Chamber line slope at xc

Subscripts T and B Top and Bottom surfaces of blade
Subscripts LE and TE Top and Bottom edges of blade

K Camera intrinsic matrix
f Camera focal length

cx and cy Camera principal points
pi Spline control points

Ni,k(t) Spline basis function

where yc is the y offset from the chord line, yt is the ordinate of the point in question

and ψ is the slope of the chamber line at the non-dimensional chordal position xc. Now,

if we consider the chord’s mid point as the local origin, then a point’s coordinates x are

given by

x =


−
(
iG +

pθS
2π

)
(0.5c− xc) sin θ + yu,B cos θ

r sin

(
θS − 180 ((0.5c− xc) cos θ − yu,B sin θ)

πr

)
r cos

(
θS − 180 ((0.5c− xc) cos θ − yu,B sin θ)

πr

)


(C.5)

Where yu = yc ± yt cosψ (Eq. C.4). To convert x into global coordinates xW ,

xW =


1 0 0

0 cosϕ − sinϕ

0 sinϕ cosϕ

x (C.6)

where ϕ is the angle between two adjacent blades. Although the propeller thickness

varies along its chord line, we can neglect this value since we are concerned with the
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projection of the propeller on the image plane assuming that distance from the camera is

≫ propeller thickness. We want to simulate how a propeller would “look” when imaged

from a camera (which would be later converted into an event stream). We assume that the

image is captured from a calibrated camera formulated using the pinhole model given by

x = K

[
R, T

]
X; K =


f 0 cx

0 f cy

0 0 1

 (C.7)

where K is the camera calibration matrix, f is the focal length and cx, cy denotes

the principle point,
[
R, T

]
denotes the pose of the camera, X is the world point being

imaged and x is the location of the point on the image plane (with reuse of variables). X

in Eq. C.7 (see Fig. C.2d for definition of coordinate frames) is given by xW from Eq.

C.6. Although, this method is the most generative way to model a propeller, i.e., generate

3D points of the propeller and then project onto the image plane, it would be computa-

tionally very expensive for a high fidelity image, hence we approximate the projection of

a propeller blade with a set of cubic basis splines [145, 146] described next. Let the n+1

control points be p0, · · · ,pn and m + 1 knot vectors be {t0, · · · , tm}, the spline curve

s (t) of degree k is given by

s (t) =
n∑

i=0

piNi,k(t) (C.8)

Here, Ni,k(t) is the basis function of degree k and is computed recursively as
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Ni,0 (t) =


1 if ti ≤ t ≤ ti+1

0 otherwise

(C.9)

Ni,k (t) =
t− ti
ti+k − ti

Ni,k−1 (t) +
ti+k+1 − t

ti+k+1 − ti+1

Ni+1,k−1 (t) (C.10)

In particular, m = n+ k + 1 and we utilize the uniform B-spline, i.e., all the knots

are uniformly distributed and are evaluated using the procedure described in [147]. We

model each propeller blade using 4 cubic B-splines: one for the hub, one for the top part

of the blade, one for the bottom part of the blade and one for the tip of the blade (Fig.

C.2e). Each blade is replicated at a uniform angular spacing for the required number of

blades (i.e., for a 3 bladed propeller, the blades would have an angle of 120◦ between

them).

C.4 EVPropNet

We will now discuss how the geometric model of the propeller is used to generate

event data. Then we describe the network architecture and loss function used to train

EVPropNet.

C.4.1 Event Generation

As explained earlier, we now have a single image of a propeller with the required

number of blades at the required high resolution. We overlay this propeller image on
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top of a random real image background from the MS-COCO dataset [148] at a random

starting angle θHB (angle the propeller reference line makes with the propeller Y axis),

we denote this as image It. We then perform the same procedure for a θHB + δθ angle

(with the same background) to generate the image It+δt. Here, δθ = ωδt is the angle

the blade would rotate depending on the rotational speed of the propeller ω and the event

frame integration time δt. We use a simple model for the event camera and events are

triggered at a location x when

∥ log (It (x))− log (It+δt (x)) ∥1 ≥ τ (C.11)

The event stream/cloud E is represented by

E = {
[
x t (log (It (x))− log (It+δt (x)))

]T
} (C.12)

Where τ is a user defined threshold and x is the pixel location. E is called the event

cloud which is used to create the so-called Event-frame E (Fig. C.3 shows how E and E

look) which is used as the input to the network.

E = (Et (Pol (E (t, t+ δt)))) (C.13)

Here, Et denotes the averaging operator only in time axis, Pol denotes the polarity values

are extracted per pixel (last row of each element of E).
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t

X

Y

Integration time δt

Event cloud 
ε(t, t+δt)

Event Frame E

Figure C.3: Spatio-temporal event cloud E and Event frame E . The cloud shows that the
propeller creates a helix in the spatio-temporal domain. The zoomed in view shows the
propeller with positive events colored red and negative events colored blue along with
network prediction as green with the color saturation indicating confidence.

Figure C.4: Sample event images E from the generated synthetic dataset used to train
EVPropNet. Here red and blue colors show positive and negative events respectively.
Green color indicates our ground truth label with the color saturation indicating confi-
dence as defined by Eq. C.14.

C.4.2 Data Generation

We generate 10K event frames E for training our network (See Fig. C.4 for sample

images with labels overlaid). Each event frame contains upto N propellers (set to 12 in
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Figure C.5: Network architecture for EVPropNet (χ is a hyperparameter along with ex-
pansion rate – rate at which the number of neurons grow after each block). If no down/up-
sampling rate is shown, it is taken to be 1. This image is best viewed on the computer
screen at a zoom of 200%.

our case) with number of blades per propeller randomized from 2 to 6. The events for

each propeller are obtained by varying τ as a gaussian random variable to provide some

randomness in data generation along with randomization of the color of the propeller in

It (same color is used for It+δt) along with varying ω (rotational speed of the propeller,

this is equivalent to varying the integration time δt). We also vary the background image

for every propeller from the MS-COCO dataset. Each propeller is also warped using a

random homography matrix to account for different camera angles along with scaling

them (setting the pixel size of the propeller in the event image) to account for distance

variation from the camera. Finally, we also vary the shape of each propeller by varying the

basis spline parameters (to include bullnose and normal type propellers as well). See Fig.

C.4 for some sample images from the dataset used to train EVPropNet. Note that, we do

not use an event simulator like ESIM[149] to generate events since we only require It and

It+δt which are directly constructed, hence this process is multiple orders of magnitude

faster than real-time and parallelized.
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C.4.3 Network Architecture and Loss Function

We choose an encoder-decoder architecture based on the ResNet [150] backbone

(Fig. C.5) as it has the best accuracy and speed tradeoff [151, 152] with 2.7M pa-

rameters and 10MB model size. We train our network using simple mean square loss

L = E
(
(p̂− p̃)2

)
between the ground truth p̂ and prediction p̃. p̂ is obtained by Gaussian

smoothing the perfect label p̂0 (binary mask) as given by Eq. C.14 (σ is the variance)

to account for small distortion introduced by approximation of propeller shape. This ap-

proach is similar to the one introduced in [153].

p̂ =
1

2πσ2
e−(∥p̂0∥2/2σ

2) (C.14)

We choose the number of residual and transposed residual blocks χ as 2 and ex-

pansion factor as 2 (factor with which number of neurons grow after every block in Fig.

C.5).

Finally, EVPropNet was trained with a learning rate of 1e-4 using ADAM optimizer

with a batch size of 32 for 50 epochs.

C.5 Applications

We describe two applications of our propeller detection, i.e., following an unmarked

moving quadrotor and landing on a near-hover quadrotor.
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a

b

c

d

Figure C.6: (a) Smaller quadrotor on the bigger quadrotor used for landing experiments
(Sec. C.5.1), (b) Gutted Coral USB Accelerator with custom heat sink used to run the neu-
ral networks, (c) Samsung Gen 3 DVS sensor used for experiments, (d) Bigger quadrotor
used in the following experiments (Sec. C.5.2).

C.5.1 Following

In this application, the goal is to track and follow a quadrotor (or a multirotor in

general) either for swarming or reconnaissance purposes. We detect the quadrotor as the

centroid of filtered propeller detections as described in Sec. C.5.3. The control policy for

altitude is to maintain the area of the quadrilateral joining the propeller points constant

and the control policy for roll and pitch is to maintain the centroid of the quadrilateral in

the center of the image and are given by:

uϕ(t) = Kp,ϕex(t) +Ki,ϕ

∫ τ

0

ex(τ)dτ +Kd,ϕ
dex(t)

dt
(C.15)

uθ(t) = Kp,θey(t) +Ki,θ

∫ τ

0

ey(τ)dτ +Kd,θ
dey(t)

dt
(C.16)

uT (t) = Kp,T eA(t) +Ki,T

∫ τ

0

eA(τ)dτ +Kd,T
deA(t)

dt
(C.17)

Where ex and ey denote the difference between detected quadrilateral center on the
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image plane and the center of the image and eA denotes the difference between area to

maintain and current area.

C.5.2 Landing

For the second application, the goal is to land on a near-hover quadrotor either for

in-air battery switching or infiltration of a hostile drone. We utilize the following key

observations from [154]:

• The quadrotor flying above experiences negligible aerodynamic disturbances from

mutual interaction.

• Forces in direction normal to the downwash are negligible and those in the down-

wash direction are significant.

• The aerodynamic torques disturb the bottom quadrotor so that it aligns vertically

with the top quadrotor.

The smaller quadrotor (which will land) explores the area for any other quadrotor (or

any multirotor in general), once it detects a multirotor, it switches to the align maneuver,

where we perform the following control policy for roll ϕ and pitch θ axes (X and Y re-

spectively) for aligning the center of the detected quadrotor (centroid of filtered propeller

detections as described in Sec. C.5.3) with the center of the image:

uϕ(t) = Kp,ϕex(t) +Ki,ϕ

∫ τ

0

ex(τ)dτ +Kd,ϕ
dex(t)

dt
(C.18)

uθ(t) = Kp,θey(t) +Ki,θ

∫ τ

0

ey(τ)dτ +Kd,θ
dey(t)

dt
(C.19)
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Where ex and ey denote the difference distance between detected quadrotor center

on the image plane and the center of the image. Once the errors ex and ey are lower than

a threshold, we decrease altitude at a constant rate, checking for x and y alignment at

every control loop and re-aligning as necessary. Once we are close to the big quadrotor

(on which the smaller quadrotor will land), we initiate the land command.

C.5.3 Quadrotor Location from Detected Propellers and Filtering

We filter each propeller location on the image plane using a linear Kalman filter

[155]. The motion model is a constant optical flow model. Once we obtain detections

with a confidence above a certain threshold, the filtered propeller locations are used to

compute the centroid of the quadrilateral (for the quadrotor case, polygon in general)

which is used for control (to compute ex and ey), along with the area for altitude control.

C.6 Experimental Results and Discussion

C.6.1 Quadrotor Setup

All our experiments are performed with quadrotors for their minimal hardware com-

plexity and cost-effectiveness but they can directly be adapted to any multirotor vehicle.

Our smaller quadrotor is a custom built platform on a QAV-X 210mm sized (motor center

to motor center diagonal distance) racing frame. The motors used are T-Motor F40III

KV2400 mated to 5040×3 propellers (Fig. C.6a). The lower level controller and position

hold is handled by ArduCopter 4.0.6 firmware running on the Holybro Kakute F7 flight

controller mated to an optical flow sensor and TFMini LIDAR as altimeter source. All
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the higher level navigational commands are sent by the companion computer (NVIDIA

Jetson TX2 running Linux for Tegra®) using RC-Override to the flight controller running

in Loiter mode using MAVROS. The event camera used is a Samsung Gen-3 Dynamic

Vision Sensor [132] with a resolution of 640×480 px. (Fig. C.6c). and is mounted facing

forward tilted down by 45◦ for the following experiment and facing down for the land-

ing experiment. All the computations and sensing are done on-board with no use of an

external motion capture system. Our neural network runs on a gutted Google Coral USB

Accelerator with a custom heatsink attached to the TX2. The quadrotor take-off weight

including the battery is 680 g and has a thrust to weight ratio of 5:1. Our network runs at

35Hz on the Coral accelerator (See Fig. C.6b. Implementation details are given in Sec.

C.6.4) and our planning and control algorithms run at 15 Hz on the TX2.

The larger quadrotor used in the following experiment is built on a S500 frame with

DJI F2312 960KV motors mated to white colored 9450×2 propellers (Fig. C.6d). Same

avionics components are used as the smaller quadrotor.

The larger quadrotor used in the landing experiment is built on a S500 frame with

T-Motor F80 Pro KV2500 motors mated to black colored 6040×3 propellers (Fig. C.6a).

Same avionics components are used as the smaller quadrotor and ArduCopter firmware

holds the position in Loiter mode during experiments with all the sensor fusion, control

and planning handled by the flight controller. The area where the smaller quadrotor can

land is of radius 135mm, which gives a tolerance of just 30mm on each side.
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C.6.2 Experimental Results And Observations

C.6.2.1 Quantitative Evaluation of EVPropNet

In the first case study we discuss quantitative evaluation results of our propeller

detection results for varying resolution of propeller blade rpx (the bounding box size of

the propeller would be 2rpx and is directly correlated with real-world propeller size r),

number of blades Nblades, noise probability pn, data miss probability pb, different camera

roll and pitch angles (ϕ and θ respectively). Formally, pn denotes the probability with

which a pixel can have error (equally likely to be either a positive or negative event) and

pb denotes the probability with which the pixel where the propeller data exists did not

fire either due to a dead-pixel or camouflage with the background. We use the following

metric to denote a successful detection of a propeller.

Success := G∩D/G∪D ≥ 0.5;G : Ground Truth, D : Detection (C.20)

Detection Rate DR is given by DR = E (Success), where E is the expectation/averaging

operator. The results are presented in Table C.2. When not specified, the values for the

parameters are given as follows: rpx = {20, 30, 40, 50, 60}, Npx = {2, 3, 4, 5, 6},RPM =

{5K,10K,20K,30K,40K}, pn = {0, 0.01, 0.02}, pb = {0, 0.15, 0.3, 0.45, 0.6}, ϕ = {0◦, 10◦, 20◦, 30◦, 60◦}

and θ = {0◦, 10◦, 20◦, 30◦, 60◦}.

We see from Table C.2a that DR increases with propeller size and then decreases,

this is because as the amount of data increases, the results improve and but when the

propeller is large (rpx = 60), we observe an increase in false detections near the edges of
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Table C.2: Detection Rate (%) ↑ of EVPropNet for variation in parameters.

(a)
rpx (px.) for ϕ = θ = 0◦

(b)
Nblades for ϕ = θ = 0◦

20 30 40 50 60 2 3 4 5 6
78.9 90.4 94.4 97.6 93.9 77.9 94.1 96.3 92.8 94.1

(c)
RPM (min−1) for ϕ = θ = 0◦

(d)
pn for ϕ = θ = 0◦

5K 10K 20K 30K 40K 0 0.01 0.02
71.5 91.7 97.1 98.1 96.8 92.6 91.4 89.1

(e)
pb for ϕ = θ = 0◦

(f)
ϕ (◦) for pn = pb = 0

0 0.15 0.3 0.45 0.6 0 10 20 30 60
97.3 94.1 95.5 88.8 79.5 97.6 94.7 94.1 94.1 89.1

(g)
θ (◦) for pn = pb = 0

0 10 20 30 60
97.6 96.5 93.4 93.6 86.7

the propeller blades, dropping the DR slightly (Table C.2a). A similar trend is observed

with Nblades and RPM with DR peaking for a 4 bladed propeller and at 10K RPM (Tables

C.2b and C.2c). We also observe that with increase in pn (Table C.2d), the detection

results are not affected significantly highlighting the robustness of our network. Even

when 60% of the propeller is camouflaged with the busy background, we obtain a DR of

above 79% (Table C.2e) with the DR decreasing with increase in camouflage amount as

expected. From Tables C.2f and C.2g, we also observe that even with camera angles (ϕ

and θ) = 60◦, we obtain a DR of above 85%. Finally, we obtain an overall DR of 85.1%

for variations in all parameters and 90.9% when no data is corrupted.

Also, if we define success for drone detection as detecting atleast η propellers of

the drone, we obtain the drone detection rate DRD as follows DRD = (1− (1− DR)η),

where DR is the detection rate of a single propeller. For example, we would obtain a

drone detection rate DRD of 97.7%, 99.6% and 99.9% for a quadrotor, hexacopter and
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Table C.3: Detection Rate (%) ↑ of AprilTags 3 for amount of tag blocked.
pb

0 0.15 0.3 0.45 0.6
100 91.5 73.3 40.5 4.0

octocopter respectively even when only 50% of the propellers are detected.

C.6.2.2 Quantitative Evaluation of April Tags 3

In the second case study, we evaluate how a custom designed passive fiducial

marker would perform the task of detecting a drone (note that this is only applicable

to a collaborative drone). In particular, we evaluate one of the most ubiquitous and ro-

bust passive fiducial markers April Tag 3 [140] (36h11 family) inspired from [156]. The

parameters are the same as the first case study. From Table C.3, we observe that when

the data is not missing (occluded or not correctly exposed), the April Tag detects the tags

with an impressive DR (tag ID correctness is not considered) of 100%, but the accuracy

falls significantly to 61.9% when data is missing (which is common in real-world due to

high dynamic range scenarios and motion blur). It is also important to note the following

reasons when a drone detection based on event camera based propeller detection will be

better than a passive fiducial marker based detection.

• Detection of a non-collaborative drone for reconnaissance purposes

• High dynamic range and adverse lighting scenarios including fast movement

• Area occupied by non-occluded propellers is generally ≫ area occupied by the

fiducial marker in the center (Refer to Sec. C.6.3 for a detailed analysis)

• When a major part of the fiducial marker would be generally occluded
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C.6.2.3 Quantitative Evaluation of Appearance based drone detectors

In the third case study, we compare drone detection using classical appearance

based detectors from [134]. We see that the Haar Cascade detectors have a DR of 55.2%

and the MobileNet deep learning based detector has a detection rate of 69.4% which are

far lower than those of the fiducial detector and our propeller detection method.

C.6.2.4 Performance Measure on different compute platforms

In the fourth case study, we present speed and timing results for EVPropNet on

various commonly used computational platforms. We refer the readers to [152] for a

detailed description of the compute modules used in this case study. EVPropNet has 2.7M

parameters, a model size of ∼10MB and utilizes 17GOPs for a single forward pass. We

can see from Table C.4 that running EVPropNet to detect a drone by detecting propellers

on the Google Coral Accelerator attached to the NVIDIA Jetson TX2 has the best speed

and detection performance per unit power.

Table C.4: Performance Metrics On Different Compute Modules.

Method
(Ours) AprilTags 3 AprilTags 3

EVPropNet (Ours) (36h11) (16h5)
Computing PC PC

TX2† NCS2∗ Coral∗ TX2 TX2
Platform (i9) (TitanXp)
Speed ↑

8.6 133.4 10.5 4.5 35.2 7.0 41.3
(Frames per second)

Weight (g) ↓ – – 130 138 136 130 130
Peak Power (W) ↓ 250 250 15 17 17 15 15

Speed/Unit ↑
0.03 0.53 0.7 0.27 2.07 0.47 2.75

Power (FPS/W)
Detection Rate (%) ↑ 85.1 85.1 85.1 83.4 81.9 61.9 53.4

Speed×DR/Unit ↑
2.55 45.10 59.57 22.52 169.53 29.09 146.85

Power (FPS%/W)
†Active heatsink removed. ∗Attached to TX2, outer casing removed and custom heatsink.
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a                                       b                                        c                                        d  

e                                         f                                         g                                       h

Figure C.7: Top rows: Input event frame E where red and blue colors show positive and
negative events respectively. Green color indicates EVPropNet prediction with the color
saturation indicating confidence. Bottom rows: reference images of the propeller taken
with a Nikon D850 DSLR (32dB dynamic range). Scenarios (a) to (h) are explained in
Table C.5.
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Figure C.8: Vicon estimates for the trajectories of the smaller and larger quadrotor in
the application experiments shown in Fig. C.1. (a) Tracking and following, (b) Mid-air
landing. Time progression is shown from yellow to red for the smaller quadrotor and and
green to blue for the bigger quadrotor. The black dots in (b) show the moment in time
where the touchdown occured.
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Table C.5: Different Propeller Configurations Used for Qualitative Evaluation in Fig. C.7.

Scenario
Ref. Prop. Background Prop. Background Light Propeller Area

Motor AreaFig. Color Color Radius (mm) Intensity (lx)

(a) C.7a Black White 50.8 240 2.3
(b) C.7b Red White 50.8 240 2.3

(c)∗ C.7c Red
White and

63.5
564 and

3.6
Black 2

(d) C.7d Black Black 76.2 240 5.2
(e) C.7e Green Black 88.9 240 7.1
(f) C.7f Green White 88.9 240 7.1
(g) C.7g White Black 119.4 24 12.8

∗Case (c)’s light intensity shows High Dynamic Range scenario with illumination of the light part being 564lx and dark part being 2lx (See Fig. C.7c).

C.6.2.5 Qualitative Evaluation on different real-world propellers

In the final case study, we present qualitative results of EVPropNet on different

lighting scenarios, propeller sizes, propeller and background colors, Nblades, r and angles.

Fig. C.7 shows the qualitative results where the description of the scene is given in Table

C.5. Notice how EVPropNet can handle different real-world variations along with high

dynamic range (Fig. C.7c, even a high-end DSLR cannot capture both shadows and

highlights with it’s 32dB of dynamic range but the event camera with it’s 80dB can handle

such a scene with ease), low contrast (Fig. C.7d) and low light with average intensity of

24lx (Fig. C.7g).

C.6.2.6 Quantitative Evaluation of applications

We now present the results for both our applications and we call them experiment

1 for tracking and following and experiment 2 for landing. We define success as being

able detect the quadrotor and to not completely loosing track for experiment 1, and for

the quadrotor to be able to detect the other quadrotor and land on it successfully without
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collision for experiment 2. We average our results over 50 trails for each experiment

and obtain a success rate of 92% for experiment 1 and 90% for experiment 2 (Vicon

estimates for the trial shown in Fig. C.1 are shown in corresponding sub-figures of Fig.

C.8). Commonly, the failure cases in experiment 1 happen when the larger quadrotor

has a huge jerk that it moves outside the field of view of the camera. The failure cases

in experiment 2 happen due to the aerodynamic interference between the two quadrotors

which makes the bottom quadrotor drift at the last moment.

C.6.3 Analysis

We present analysis of three questions: 1. What is the ratio of visible area of the

propellers to that of the largest square fiducial marker in the center? (Fig. C.9) 2. How

does DR vary with focal length f , real-world propeller radius r and camera angle ϕ (angle

around X axis)? (Fig. C.2d). 3. What makes EVPropNet generalize to the real-world

without any fine-tuning or re-training?

To analyse the answer to the first question, we present a simplified geometric model

of a multirotor (quadrotor shown in Fig. C.9a) where we are given a constraint on the

drone’s size S (diagonal motor to motor length) and number of propellers on the drone

Nprop. Let us say that the largest fiducial marker that can fit in the center of the drone is

inscribed in the circle of radius rc. Also, we assume that the propeller does not generate

events in the area in which is occluded by the arm and the motor. The motor radius is

given by rm and the arm width is given by 2rm (Fig. C.9b). The area of one non-occluded

propeller Aprop (gray highlighted area in Fig. C.9b) is given by
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Figure C.9: (a) Simplified model of a quadrotor used to calculate area ratios of the
propellers to that of the biggest square fiducial marker that can be fit in the center without
obstruction, (b) Simplified arm and motor projection to compute amount of propeller
occluded from generating events – gray areas show where the propeller is visible and
generates events, green area is occluded by the motor and blue area is occluded by the
arm.

Table C.6: Aratio FOR SOME COMMON COMMERCIAL DRONES.
Name S (mm) Nprop r (mm) rm (mm) Aratio

DJI Phantom 4 350 4 119.4 12 109.8
QAV 210 X 210 4 63.5 14.0 51.2
DJI Inspire 2 603 4 190 18.5 69.2

Aprop = r2
(
π − γ

2

)
− πr2m

2
− rmr cos

(γ
2

)
; γ = 2 sin−1

(rm
r

)
(C.21)

Hence, the ratio for the area of the largest visible fiducial marker to that of a Nprop

propeller drone will be

Aratio =
4Nprop

(
r2 (2π − γ)− πr2m − 2rmr cos

(
γ
2

))
(S − 2r)2

(C.22)
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The value of Aratio for some common commercially available drones are given in

Table C.6 (Recall, Nprop is the number of propellers on the drone, r is the propeller radius,

rm is the motor radius, γ is defined in Eq. C.21 and S is the drone’s diagonal motor

to motor length). We clearly see that the probability of observing at-least one propeller

(directly related to Aratio) is much higher than that of observing a fiducial marker in the

middle, thereby reinforcing the motivation of our approach.

For the analysis of the second question, refer to Fig. C.10. We see that the DR of

the propeller increases with an increase in real world propeller radius r until it reaches a

maximum and then decreases (Fig. C.10a). This trend is observed since smaller propellers

(small r) generate a small number of events leading to a low DR and increases with

increase in number of events (directly correlated with r). However, with larger propellers

the DR decreases as the number of false detections increase near the tip of the propeller.

With a larger focal length (larger f ), the curvature of the curve is larger since the relative

projection area change (on the image plane) is more drastic. We can also observe a similar

trend in Fig. C.10b with change in angle ϕ (angle around XC axis in Fig. C.2d). Notice

that the change in focal length affects the accuracy more significantly than the change in

angle. Note that pitch θ has the similar effect to that of the roll ϕ.

Finally, we speculate why our EVPropNet generalizes to the real-world without any

fine-tuning or re-training for different propellers.

• The data’s visual quality from simulation is similar to those obtained from recently

developed event cameras both in-terms of noise and data-rate. (This is not simple

with data from classical cameras due to the lack of photo-realism.)
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Figure C.10: Variation of Detection Rate with variation in real-world propeller radius r
for different (a) Focal lengths f with ϕ = 0◦, and (b) Camera Roll ϕ with f = 2.5mm.

• The errors in simulation (as compared to the real-world) are lower when the inte-

gration time for creation of event frames are smaller (around 20ms maximum) as

demonstrated by [57].
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C.6.4 Implementation Considerations

To speed-up the computation of our network when deployed on an aerial robot, we

quantize our network to Int8 and compile our network using EdgeTPU optimizations

for deployment on the Google Coral USB Accelerator. To enable smooth compilation and

high accuracy retention, we make our inputs take only valid Int8 values as given below

EEdgeTPU = (E × 255 + 127|0, 255) (C.23)

(x|a, b) := max (b,min (x, a)) (C.24)

The labels p̂ are modified as p̂EdgeTPU = ⌊p̂× 255− 0.5⌋ and take integer values in

[0, 255].

Finally, when using an event camera with a high resolution at a high temporal sam-

pling rate, the bottleneck of the system is the transfer speed between the event sensor and

the compute module which are dictated by the combined throughput of processor, cache,

transfer speeds of the primary and secondary memory. Such a bottleneck can cause data

loss and data lag in the buffer. We mitigate this issue by using the NVIDIA TX2 which

has a throughput of ∼440MBs−1.

C.7 Conclusions

We presented a method to detect unmarked drones (multi-rotors) by detecting a

ubiquitous part of their design – the propellers. To enable detection of the propellers,

we utilize the following fact: propellers rotate at high-speed and hence are generally the
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fastest moving parts on an image. We model the geometry of the propeller and use it

to simulate the data from an event camera whose qualities of high temporal resolution,

low latency and high dynamic range make it perfectly suited for detecting propellers. We

then train our EVPropNet deep network on this simulated data which generalizes directly

to the real-world without any fine-tuning or re-training. We present two applications of

detecting propellers on an unmarked drone: (a) tracking and following an unmarked drone

and (b) landing on a near-hover drone. As a parting thought, an active zoom camera would

increase the distance range from where the drones could be detected and would make our

method a viable for deployment in the wild.
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MorphEyes: Variable Baseline Stereo For Quadrotor

Navigation

Nitin J. Sanket, Chahat Deep Singh, Varun Asthana,

Cornelia Fermüller, Yiannis Aloimonos

Figure D.1: Three applications of a variable baseline stereo system were
explored in this work. (a) Flying through a forest, (b) Flying through an
unknown shape and location dynamic gap, (c) Detecting an Independently
Moving Object. In all the cases, the baseline of the stereo system is changing
and is colored coded as jet (blue to red indicates 100 mm to 300 mm baseline).
The opacity of the quadrotor/object shows positive progression of time. All
the images in this paper are best viewed in color on a computer.

Abstract — Morphable design and depth-based visual control are two upcoming

trends leading to advancements in the field of quadrotor autonomy. Stereo-cameras have

struck the perfect balance of weight and accuracy of depth estimation but suffer from the
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problem of depth range being limited and dictated by the baseline chosen at design time.

In this paper, we present a framework for quadrotor navigation based on a stereo camera

system whose baseline can be adapted on-the-fly. We present a method to calibrate the

system at a small number of discrete baselines and interpolate the parameters for the entire

baseline range. We present an extensive theoretical analysis of calibration and synchro-

nization errors. We showcase three different applications of such a system for quadrotor

navigation: (a) flying through a forest, (b) flying through an unknown shaped/location

static/dynamic gap, and (c) accurate 3D pose detection of an independently moving ob-

ject. We show that our variable baseline system is more accurate and robust in all three

scenarios. To our knowledge, this is the first work that applies the concept of morphable

design to achieve a variable baseline stereo vision system on a quadrotor.

D.1 Supplementary Material

The supplementary hardware tutorial and video are available at prg.cs.umd.

edu/MorphEyes.html.

D.2 Introduction

The rapid rise of autonomous quadrotors in the recent decade has been due to the

extensive research in the area of Simultaneous Localization and Mapping (SLAM)[157,

69] and Visual-Inertial Odometry (VIO)[64, 63, 158, ?] which provide metric depth which

can be directly used to perform path planning and thereby achieve navigation. Stereo

camera-based solutions strike the perfect balance in accuracy, computation power and
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weight to obtain a depth map when compared to LIDAR or RGB-D systems. However,

they suffer from a major drawback that the error grows quadratically with depth, implying

that depth in the near-range far exceeds the far-range. Depending on the scenario one

might require high accuracy depth in the far range for which the near range resolution has

to be increased which results in exorbitant computational cost. To this end, the experts

of the field suggested that one could design a stereo system where the baseline could be

varied[159, 25].

Another trend which is disrupting the quadrotor industry is morphable design which

is commonly observed in birds[19]. Such a design philosophy has been applied by works

in [19, 20, 21, 22, 22, 23, 24] to design a quadrotor with morphable frames to traverse

narrow gaps or grasp objects. The aforementioned works have systematically modelled

the dynamics and developed stable controllers during morph.

These two upcoming trends, namely, SLAM/Depth estimation and morphable de-

signs have been mutually exclusive and can benefit greatly by being combined. We fill

this void by designing a variable baseline stereo system extending the work in [159, 25]

so that we can adapt the baseline for both perceptive and mechanical purposes, which is

the first work of such a kind to our knowledge.

An added benefit of such a design is the usage of the concept of Active Vision: one

can perform maneuvers and control the image acquisition process, thus introducing new

constraints that were not there before [52, 53, 54, 34]. With our system one doesn’t have

to move the entire quadrotor which is often expensive in-terms of battery and/or time and

can simply move one or more of the cameras to obtain such constraints.
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D.2.1 Contributions

We develop a variable baseline stereo system which estimates disparity and a sim-

ple method to obtain extrinsic calibration between the cameras using forward kinemat-

ics of a linear actuator. We present an extensive theoretical analysis of our system and

three applications for such a system, namely: (a) Navigating through a forest where the

baseline changes with scene’s minimum depth to keep depth error low at near-obstacles

(Fig. D.1a), (b) Flying through an arbitrary shaped small static/dynamic gap by adjust-

ing baseline for better depth estimation and reducing quadrotor footprint (Fig. D.1b) and

(c) Improving the accuracy of estimating the 3D trajectory of an Independently Moving

Object (IMO) by adjusting baseline (Fig. D.1c).

D.2.2 Organization of the paper

We present an extensive theoretical analysis of errors in a variable baseline stereo

system in Sec. D.3. We talk about the software and hardware design of our system in Sec.

D.4. Three different applications of the proposed system are discussed in Sec. D.5 and

we conclude the paper in Sec. D.6.

D.3 Theoretical Analysis

Let ϵz, ϵd, b, f and z denote the depth error, disparity error, baseline, focal length

and depth respectively. They are related by[159]

ϵz =
z2

bf
ϵd
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In the above expression, we assume that b is obtained after both camera feeds are distor-

tion corrected, stereo-rectified and perfectly time synchronized. These corrections rely on

both intrinsic and extrinsic camera calibration which can affect the disparity error ϵd and

in-turn affect the depth error ϵz. We discuss this next.

Let K denote the intrinsic camera calibration matrix [160]:

K =


fx αfx cx

0 fy cy

0 0 1


Here, fx, fy, c =

[
cx cy

]T
and α denote the focal length in x, y, principle point

and skew respectively. We’ll use a subscript L or R to denote left and right cameras

(assuming horizontal stereo system) respectively whenever required. We also denote the

extrinsics between the left and right cameras (left camera being origin) as {R, T}.

The first step in a stereo pipeline is to undistort/distrotion rectify both feeds. Com-

monly, a radial-tangential model is used for distortion correction [161, 162, 163] which

is given as follows

xr =
(
1 + k1r

2 + k2r
4 + k5r

6
)
x+

2k3xy + k4 (r
2 + 2x2)

k3 (r
2 + 2y2) + 2k4xy

 (D.1)

xt =

fx (xr + αyr) + cx

fyyr + cy

 ; r =
√
x2 + y2 = ∥x∥2 (D.2)

Where xt =

[
xt yt

]T
, x =

[
x y

]T
, k1, · · · , k5 denote the corrected co-ordinates,

original co-ordinates and distortion parameters respectively.
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Once this distortion correction has been performed, next step is stereo-rectification,

i.e., transformation to make epipolar lines parallel in a stereo camera. This is done by

relative rotation removal as follows [160]

x̃L = KLRrectK
−1
L xt,L (D.3)

x̃R = KRRrectR
TK−1

R xt,R (D.4)

where, KLRrectK
−1
L and KRRrectR

TK−1
R are generally denoted as HL and HR re-

spectively denoting the pure rotation homographies for stereo-rectification. Rrect is given

as follows

Rrect =

[
rTx rTy rTz

]T
; r̃z =

[
0 0 1

]T
(D.5)

rx =
T

∥T∥
; rz =

r̃z − (r̃z · rx) rx
∥r̃z − (r̃z · rx) rx∥2

; ry = rz × rx (D.6)

In practice, each of the estimated quantities {R, T}, k1,L/R, · · · , k5,L/R, αL/R, fx/y,L/R

have errors. Let us denote percentage additive error in a quantity â as ae, such that the

estimate ã = â(1 + (ae/100)) (for rotation matrix R, if Re is an error rotation matrix,

the estimate is defined as R̃ = R̂Re). Also, due to imperfect undistortion or stereo-

rectification a pixel which should ideally be at x̂ falls at x̃ giving rise to error in both x

and y directions which we denote as ex = ∥x̂− x̃∥1 and ey = ∥ŷ − ỹ∥1 respectively.

The interaction of each estimated quantity is complex to analyse by merely looking

at the equations. Hence, to provide intuition we visualize the variation of each parameter

and how it affects the error. Figs. D.2 and D.3 show the variation of ex and ey with

183



Table D.1: Relationship between ex and ey for errors in different parameters.
Intrinsic parameters
fe αe k1e k2e k∗3e k5e

ey/ex ≈ 1 0 ≈ 1 ≈ 1 ≈ 2 ≈ 1
Extrinsic parameters
T †
xe ϕe θe ψe

ex,L/ex,R 1 0 0 0
ey,L/ey,R 1 0 0 0

∗ k4e and k3e are related, i.e., ex for k4e = ey for k3e and vice-versa. † Errors for Tye and Tze are same as Txe .

different intrinsic and extrinsic quantities respectively. Notice that the X and Y scales

for each of the plots is different though trend may seem similar.

For each plot we assume the error is only due to one parameter. For the aforemen-

tioned analysis an image size of 128×128 px. is used with a sensor size of 4.24 mm (1/3”

square sensor commonly used for robotics) and focal length of [1.5, 2, 3, 4, 8, 16] mm.

In practice, the errors of all the factors are combined. The relationship between x

and y errors for variation of each parameter is summarized in Table D.1.

A plot of target versus achieved baseline is shown in Fig. D.4 where the mean of

10 samples for each position is plotted as a dark line with 10σ value shown as highlight.

Notice that we achieve almost a perfect straight line of slope 1. The maximum calibration

error of 1.83 mm was observed which is about 0.7% of the baseline.

The error in the axis parallel to the baseline of the stereo-camera (image X-axis for

a horizontal stereo system and image Y-axis for a vertical stereo system) due to errors in

intrinsics (including lens distortion) and extrinsics (stereo-rectification) is important only

when the error magnitude is significantly larger than the search window (in-case of clas-

sical block matching). In such a case this error is directly related since the disparity error

ϵd as it would lead to false matches (assuming zero matching error or perfect matching).

The error in the axis normal to the baseline axis has a more complex pattern and depends
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Figure D.2: Error in pixel location due to error in various estimated intrinsic parameters.
(a) ey vs. fe, (b) ex vs. αe, (c) ex vs. k1e, (d) ey vs. k2e, (e) ey vs. k3e, (f) ey vs. k5e. Notice
that the X and Y scales for each of the plots is different though trend may seem similar.

on the structure of the scene, i.e., if a pixel is shifted up/down (in-case of horizontal stereo

system), the pixel could land at the edge of object boundaries giving a huge disparity error

ϵd (since it is estimated by matching along the baseline axis) [164, 165].

Off-synchronization between the stereo cameras can also produce false disparity.

The criterion for a disparity error (first order Taylor series approximation) of k px. when

the camera is moving with a velocity of v ms−1 (acceleration of zero) and an synchro-

nization error time of δt for a scene at depth Z is given by

vδt ≥ kZ2

bf − kZ
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Figure D.3: Error in pixel location in right camera due to error in various estimated ex-
trinsic parameters. (a) ex,R vs. Txe, (b) ey,R vs. Txe, (c) ex,R vs. ϕe, (d) ey,R vs. ϕe, (e)
ex,R vs. θe, (f) ey,R vs. θe, (g) ex,R vs. ψe, (h) ey,R vs. ψe. Notice that the X and Y scales
for each of the plots is different though trend may seem similar.
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Figure D.4: Target vs. achieved baseline. The highlight shows the 10σ value.

Fig. D.5 shows the maximum achievable velocity to keep disparity error under k = 1 px.

for Z = 1 m. Note that, in our work we do not vary the resolution of the sensor and only
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Figure D.5: Max. velocity to have a disparity error lower than k px. vs. baseline for
different time synchronization errors (δt).

Figure D.6: Variation of baseline from 100 mm to 300 mm. Notice that the stereo system
is bigger than the quadrotor at the largest baseline.

vary the baseline to increase far-range depth accuracy with the loss of near-range depth

accuracy. A detailed analysis of this can be found in the fixed-resolution stereo section of

[159].
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Figure D.7: Quadrotor platform used for experiments. (1) RaspberryPi 3B+ compute
module, (2) Stereo camera, (3) Actuonix linear servo, (4) T-Motor F40 III Motors, (5)
T-Motor F55A 4-in-1 ESC, (6) Holybro Kakute F7 flight controller, (7) WiFi module,
(8) Teensy 3.2 microcontroller, (9) 5045×3 propeller, (10) Optical Flow module, (11)
TFMini lidar, (12) 3S LiPo battery.

Direction of Travel

Goal

Figure D.8: Variable baseline stereo performance in simulated forest flight when com-
pared to small and large baselines. Note that the large baseline system crashes (red curve)
and small baseline system (blue curve) can traverse the scene but is about 4× slower than
the variable baseline system. The baseline for the variable baseline case is color-coded as
jet (blue to red indicates small to large baseline).
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a                                                               b                                                              c

Figure D.9: Sequence of images of quadrotor going through different shaped gaps: (a)
Infinity, (b) Goku, (c) Rectangle. In all the cases, the baseline of the stereo system is
changing and is colored coded as jet (blue to red indicates 100 mm to 300 mm baseline).

Farther from camera

-4

0

20 40 60 880 100 120 1400

-4

0

20 40 60 880 100 120 1400

-4

0

20 40 60 880 100 120 1400

Figure D.10: Variable baseline stereo performance in simulated 3D IMO detection when
compared to small and large baselines. Note that both the large baseline system (red
curve) and small baseline system (blue curve) lose detection of the IMO at different parts
of the scene (dots). The baseline for the variable baseline case is color-coded as jet (blue
to red indicates small to large baseline). Black curve (horizontal line at zero vertical axis)
represents the ground truth trajectory of the object.

D.4 Hardware and Software Design

D.4.1 Hardware Setup

Our variable baseline stereo system is built using a StereoPi1 and Actuonix L12-

R linear servos2. The StereoPi is a stereo camera system based on the RaspberryPi 3B+

coupled to two waveshare cameras with a Omnivision OV5647 sensor mated to a 3.96 mm

f/2.6 lens with a diagonal field of view of 56.8◦. The Actunonix linear servo used has a

1https://stereopi.com/
2https://www.actuonix.com/L12-R-Linear-Servo-For-Radio-Control-p/

l12-r.htm
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stroke length of 100 mm and a gear ratio of 50:1 (Fig. D.6 shows the system with different

baselines from 100 mm to 300 mm). These components were chosen for their ease of use

and cost-effectiveness for the performance obtained. They can easily be replaced with

counterparts from other manufacturers.

D.4.2 Software Stack

Our software stack includes three sub-modules: (a) Camera drivers and disparity

estimation, (b) Camera calibration prediction, and (c) Control of camera baseline. Each

sub-module is discussed next.

The camera drivers are implemented in C++ (camera feeds are software synchro-

nized with maximum synchronization error of 1ms) which are Robot Operating System

(ROS) compatible. Disparity is obtained using a simplified version of [166].

The cameras were calibrated using the MATLAB’s3 camera calibration toolbox us-

ing images of the checkerboard on ten equally spaced baselines between 100 and 300

mm. The extrinsics are represented as a dual-quaternion [167, 168]. We interpolate be-

tween extrinsics on-the-fly (for intermediate values) using the screw linear interpolation

(ScLERP) [169] for its speed and accuracy since the motion of the cameras are linear.

Finally, we control the camera baseline using ROS communicating with a Teensy

3.2 microcontroller which in-turn controls the servos. The camera baseline control method-

ology depends on the application and is explained in Secs. D.5.3, D.5.4 and D.5.5.

3https://www.mathworks.com/products/matlab.html
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D.5 Experiments: Applications

D.5.1 Quadrotor Platform

The quadrotor used in the experiments is a custom-built platform called PRGCorgi210α4

(Fig. D.7). The platform is built on a X-shaped 210 mm sized (motor to motor dimension)

racing frame. The motors used are T-Motor F40III KV2400 mated to 5040×3 propellers.

The lower level controller and position hold is handled by ArduCopter 4.0.4dev firmware

running on the Holybro Kakute F7 flight controller mated to an optical flow sensor and

TFMini LIDAR as altimeter source. All the higher level navigational commands are sent

by the companion computer (RaspberryPi) using RC-Override to the flight controller run-

ning in Loiter mode using MAVROS. The RaspberryPi runs all the vision and planning

algorithms on-board at 1 Hz. The quadrotor take-off weight including the battery is 780

g and has a thrust to weight ratio of 2:1.

D.5.2 Simulation Environment

We rendered stereo camera images with variable baseline using Blender®5 3D cre-

ation software. We modelled two scenes for different experiments: (a) Stereo Camera

Navigating through a Forest (Fig. D.8) with a variety of trees and grass, and (b) a room

with a cube moving away from the stereo camera (Fig. D.1c). The camera baseline

changes based on the depth of the scene which is estimated using [166] (Secs. D.5.3,

D.5.4 and D.5.5). The images are rendered in 640 × 480 px. resolution using Cycles

4https://github.com/prgumd/PRGFlyt/wiki/PRGCorgi
5https://www.blender.org/
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render engine.

As mentioned before, we present three applications of our a variable baseline stereo

system for quadrotor navigation which are explained in the next three sub-sections.

D.5.3 Forest Navigation

In this scenario, we are tasked with the problem of navigating through a forest. The

aim is to navigate to the goal location without any collisions. We compute per-pixel depth

from the disparity obtained using Z = bf
d

. The control policy is used to change the cur-

rent heading direction (velocity vector) using a simple Proportional-Integrative-Derivative

(PID) controller to reach the goal whilst avoiding collisions. The current desired direc-

tion vector ṽg is given by a weighted sum of the goal direction vg and free path direction

vfree). The goal direction can be treated as a global path planner and the free path di-

rection vector can be treated as a local path planner. The intuition is that when there

is free space the global planner takes a larger weight and vice-versa to avoid collisions

whilst still going towards the goal. Note that this strategy is not necessarily optimal and

other strategies [170, 171] can be used to achieve optimality which require building a map

which is generally expensive.

The free path direction vfree is obtained as follows: Consider a small neighborhood

N on the image plane centered around where the goal direction vector intersects the image

plane (this could be outside the visible region in which case the edge of the frame closest

to the goal direction is chosen). vfree is chosen as the center of the largest free space in

the neighborhood N .
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Now, let Zclose denote the closest depth value in this neighborhood. The neighbor-

hood N is chosen to minimize the control effort and to avoid large changes in velocity

(accelerations) and can be thought of as the projection of the quadrotor with safety margin

onto the depth image. The final control equations are given by

ṽg = (1− w)vg + wvfree; w ∈ [0, 1] (D.7)

e(t) = ṽg(t)− ṽcurr(t) (D.8)

u(t) = Kpe(t) +Ki

∫ τ

0

e(τ)dτ +Kd
de(t)

dt
(D.9)

w =
1

1 + e
−1

Zclose

; Zclose = minZ(x, y) ∀ {x, y} ⊂ N (D.10)

where ṽcurr(t) is the estimated current heading direction. Notice how the cur-

rent/local goal vector gets dominated by vfree) when we get close to a collision (w → 1)

and by vg when no collision is detected (w → 0). As a safety mechanism if we detect

Zclose ≤ τsafe, where τsafe is a safe braking corridor, stop the quadrotor in its position to

avoid collision and then move towards the free space.

Finally, we adjust the baseline with respect to Zclose, i.e., b = KZclose (whereK > 0

is a tunable gain parameter). For implementation we use a low-pass filtered Zclose to avoid

matching artifacts.

The above method was tested both in simulated and real environments (Figs. D.8

and D.1a). We can observe in Fig. D.8 that the quadrotor with large baseline crashes

since the first tree is not visible and the quadrotor with a smaller baseline can navigate to
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the goal but is 4× slower than the variable baseline quadrotor.

D.5.4 Flying through a static/dynamic unknown shaped gap

This scenario is inspired by the problem presented in GapFlyt[34]. A quadrotor is

present in a scene equipped with a stereo camera setup whose baseline can be changed.

The per-pixel depth ‘seen’ by the camera can be modelled by a univariate bimodal Gaus-

sian distribution. The contour C of the gap/opening (on the image plane) is defined as

the pixels which have the maximum spatial depth disparity. Since we have depth from

disparity, this becomes a simple clustering problem. All the points which belong to the

‘far’ cluster (average higher Z value) are called background B and points in the ‘close’

cluster are called foreground F . Similar to [34], we track both F and B separately (since

its computationally cheaper and faster than running detection at every step) to infer C.

Contrary to [34], when we lose track or for a dynamic gap, we re-detect the gap by clus-

tering on the depth image. Our control policy is to align the center of the image with the

safest point xs defined as follows

xs =


M (F) , F ≥ B

M (B) , otherwise

where M denotes the median operator.

Also, note that since we do not move the quadrotor to detect the gap, we can fly

through dynamic gaps by invoking depth based gap detection (Fig. D.1b). Again, we use

a PID controller to align the center of the image with xs.
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Finally, we adjust the baseline with respect to our closeness to the gap, i.e., b =

KM (ZC). Here, ZC denotes the set of depth of all contour points and K > 0 is a tunable

gain parameter. Such adjustment of baseline makes depth estimation more accurate when

the gap is near and also makes the quadrotor smaller making it easier to traverse the gap.

We improve on speed of gap detection by 80× (when using same computer for

processing) when compared to [34] as our proposed approach does not require any active

quadrotor maneuvers for gap detection. We also improve on speed of gap traversal by

20% (3 ms−1 over 2 ms−1) and smallest gap clearance by 20% (4 cm over 5 cm) when

compared to [34]. We show our gap traversal sequences for both static and dynamic

window in Figs. D.9 and D.1b respectively.

Note that we can replace the proposed variable baseline solution with a fixed multi-

ple camera setup [172] to estimate depth at different baselines. Although, such a solution

would not be morphable, thus hindering the quadrotor to go through narrow gaps.

D.5.5 Accurate IMO Detection

Consider a scenario where we want to accurately detect the IMO in 3D either to

dodge or pursue the target [35, 173]. The first step is to detect the IMO then to track it.

To make the problem simple, we assume that only one IMO is visible in the field of view.

The IMO is first detected by clustering the tracklets’ motion [174] along with depth. Then

the 3D trajectory of the IMO is tracked by computing depth from disparity. To improve

the accuracy of the estimated trajectory (especially in situations when the object is very

close or very far from the camera) we adjust the baseline with respect to the median depth
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of the object, i.e., b = KM (ZIMO). Here, ZIMO denotes the set of depth of all IMO points

and K > 0 is a tunable gain parameter. We show that using a variable baseline system

we can track the object in a depth range larger than that just by using small/large baseline

and with higher accuracy (Fig. D.10). Fig. D.10 shows that the detection of the IMO fails

in both small and large baseline cases when the object is very far or near to the camera

but the variable baseline system can detect the object through the entire range.

D.6 Conclusions

We applied the philosophy of morphable design to a stereo system to increase the

depth sensing range. We discuss the hardware and software design of such a system for

deployment on a mini-quadrotor. We present a simple calibration method and interpolate

between the calibration values for the entire range using simple forward kinematics of

the system. A thorough analysis of errors due to miscalibration is provided and we hope

this will serve as a blueprint for researchers and practitioners alike. Finally, we demon-

strate the utility of such a design philosophy in three different applications: (a) flying

through a forest, (b) flying through a static/dynamic gap of unknown shape and location,

and (c) accurate 3D pose detection of an independently moving object. We show that

our variable baseline system is more accurate and robust in all the three scenarios when

compared against a fixed baseline system. We feel that this would serve as a motivator

for researchers and practitioners to incorporate sensors on controllable moving parts on

robots to enable better perception capabilities.
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SalientDSO: Bringing Attention to Direct Sparse

Odometry

Huai-Jen Liang*, Nitin J. Sanket*, Cornelia Fermüller, Yiannis Aloimonos

Figure E.1: Sample point-cloud output of SalientDSO which does not have
loop closure or global bundle adjustment. Each inset (color-coded to suite
the respective location on the map) in clockwise direction from top left show
the corresponding image, saliency, scene parsing outputs and active features.
Observe that features from non-informative regions are almost removed ap-
proaching object-centric odometry.

Abstract — Although cluttered indoor scenes have a lot of useful high-level seman-

tic information which can be used for mapping and localization, most Visual Odometry

(VO) algorithms rely on the usage of geometric features such as points, lines and planes.

Lately, driven by this idea, the joint optimization of semantic labels and estimating odom-

etry has gained popularity in the robotics community. This joint optimization method is

accurate but is generally very slow. At the same time, in the vision community, direct and

sparse approaches for VO have stricken the right balance between speed and accuracy.
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We merge the successes of these two communities and present a pre-processing

method to incorporate semantic information in the form of visual saliency to Direct Sparse

Odometry – a highly successful direct sparse VO algorithm. We also present a framework

to filter the visual saliency based on scene parsing. Our framework SalientDSO, relies on

the widely successful deep learning based approaches for visual saliency and scene pars-

ing which drives the feature selection for obtaining highly-accurate and robust VO even in

the presence of as few as 40 point features per frame. We provide extensive quantitative

evaluation of SalientDSO on the ICL-NUIM and TUM monoVO datasets and show that

we outperform DSO and ORB-SLAM – two very popular state-of-the-art approaches in

literature. We also collect and publicly release a CVL-UMD dataset which contains two

indoor cluttered sequences on which we show qualitative evaluations. To our knowledge

this is the first work to use visual saliency and scene parsing to drive the feature selection

in direct VO.

Note to Practitioners — The algorithm of estimating the camera motion from a

set of moving camera frames/images is commonly called Visual Odometry (VO). This

problem has many applications ranging from building a 3D map of the scene for the robot

to navigate, grasp and so on. Any VO algorithm must be fast, robust and with low drift

(low accumulation in error). These desired functions are generally obtained by selecting

“good” features in an image which in the computer vision sense turn out to be “corners”.

However, when we constrain the setting to an indoor scene with a lot of clutter, we have

a lot of objects which can be used to obtain “good” features from both a computer vi-

sion sense and a conceptual sense. We use this philosophy and present a pre-processing
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method to select better features as compared to a traditional VO pipeline using only ge-

ometric features and improve the robustness of the state-of-the-art VO method: Direct

Sparse Odometry, obtaining more accurate and robust results even with lesser number

of features. We evaluate our methods on three different datasets: ICL-NUIM, TUM

monoVO and CVL-UMD. The CVL-UMD dataset was collected by the authors of this

paper to demonstrate the robustness of our approach, namely, SalientDSO in cluttered

indoor scenes.

E.1 Supplementary Material

The accompanying video, dataset and open-source code is available at prg.cs.

umd.edu/SalientDSO.html.

E.2 Introduction and Philosophy

Simultaneous Localization and Mapping (SLAM) and Visual Odometry (VO) algo-

rithms have taken center stage in the recent years due to their wide-spread usage. They

play a prominent part in the perception and planning pipelines of self-driving cars, au-

tonomous quadrotors, augmented and virtual reality. The never ending quest to come up

with real-time solutions for these methods whilst being as accurate as their offline counter-

parts has led to alternative problem formulations in terms of constraints and optimization

methods [175, 176, 177, 178].

Not so long ago, the field was dominated by indirect methods [175, 176, 157, 179]

which rely on feature matching and foundations of multi-view geometry coupled with
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Figure E.2: Sample point-cloud output of SalientDSO which does not have loop closure
or global bundle adjustment. Each inset (color-coded to suite the respective location on
the map) in clockwise direction from top left show the corresponding image, saliency,
scene parsing outputs and active features. Observe that features from non-informative
regions are almost removed approaching object-centric odometry.

windowed optimization to build a map of the scene and obtain accurate poses. These

approaches are based on the low-level geometric features and do not work very well with

environments with repeating structures and/or texture-less surfaces. Some works have

improved upon the previous approaches in-terms of speed and accuracy by incorporating

prior knowledge such as the dynamics of the system and/or data from more sensors such

as inertial measurement units [64], time-of-flight sensors [69] etc. However, minimalism

is a trend forward, i.e., trying to achieve the same tasks with a minimal number of sensors

[34]. In the scope of this paper, we focus on a monocular VO solution. The current

state-of-the-art in monocular approaches which have the best compromise of speed and

accuracy are direct sparse approaches such as Direct Sparse Odometry (DSO)[71].

However, object centric SLAM approaches are more robust by nature due to the

high level semantics used in their formulation. Lately, joint optimization of 3D poses,

structure and labelled object locations has improved the state-of-the-art significantly [180].
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These frameworks rely on the widely successful deep learning based object recognition

engine and pose graph optimization frameworks, combining both low-level geometric

features and the high-level semantics.

However, humans perform the task of mapping very differently. The human visual

system interprets the scene for various tasks like recognition [181], segmentation [182],

tracking [183] and navigation by making a series of fixations [184]. This is called the

Active approach [52, 53, 54, 34], whilst the traditional approach is called the Passive

approach (See Table E.1). These fixations lie in the proto-segmentation of the salient ob-

jects/locations in the scene. The word proto-segmentation refers to the fact that a segmen-

tation around the fixation point may lead to partial/complete segmentation of an object,

which depends on the scenario. Solving the problem of recognition and tracking along

with segmentation is like a chicken-egg problem. One would need a good segmentation

for recognition and tracking and vice-versa. An Expectation-Maximization (EM) type of

scheme, where one would jointly/alternatively optimize for the segmentation and recog-

nition/tracking has gained popularity in literature lately, due to the advancement of fast

and accurate optimization frameworks.

At the same time, very recently, this philosophy of fixation and attention has started

to gain popularity in the robot navigation community [185, 180, 186, 187]. This is based

on the fact that humans perform the task of mapping very differently from how it has

been done in the robotics literature. They build “semantic/toplogical” maps to traverse

the scene. This work combines the concepts used by humans and robotics literature to

present a framework of indoor VO in which the features are selected based on a visual

saliency map that is obtained by human eye tracking data. Our work is consistent with

202



Table E.1: Active vs Passive approach for computer vision tasks.
Task Passive approach Active approach

Segmentation Graph cut or super-pixel based
methods.

Fixation based region segmentation
and recognition in a feedback loop.

Recognition Sliding window of filter banks with
a classification algorithm for final
prediction.

Saliency/fixation based segmenta-
tion/clustering followed by selec-
tion of attributes and sliding win-
dow of filters with a simple classi-
fication algorithm.

Tracking and
Failure recovery

Making an online dictionary for ro-
bustness against changes and use
detection for failure recovery.

Tightly couple saliency into the
tracking filter to reduce search
space and use salient regions for
failure recovery. By doing so, we
introduce high level semantics into
the low level processes (feedback).

Navigation and
Mapping

Map based on features selected on
image gradients.

Map only using salient region fea-
tures or objects obtained using fixa-
tion based segmentation. Take ad-
vantage of the semantic relation-
ships between differently labeled
regions.

major theoretical works in the field of Active Perception [54, 188]. In [54], it is suggested

that attention mechanisms precede any visual computation and in [188], that solutions to

active perception problems may come from multi-modal fusion. Indeed our approach can

be generalized to different inputs (LIDAR, radar, tactile, audio etc.).

This work aims to mimic the qualitative human vision in the framework of direct

VO. The key contributions of this paper are:

• We present a framework of indoor visual odometry in which the features are se-

lected based on a visual saliency map (Sample output is shown in Fig. E.2).

• We present a method to filter saliency map based on scene parsing.

• We provide experimental results on various simulated and real indoor environments
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to demonstrate the improved performance of the proposed approach with compar-

isons to the state-of-the-art.

• We also make our CVL-UMD dataset and the source code open-source to facilitate

future research.

The rest of the paper is organized as follows: Sec. E.3 presents the different parts of

the proposed SalientDSO framework along with the preliminaries required. Sec. E.4

describes the visual saliency and scene parsing driven point selection algorithm used in

SalientDSO. Detailed experiments along with quantitative and qualitative results are given

in Sec. E.5. We finally conclude the paper in Sec. E.6 with parting thoughts on future

work.

E.3 SalientDSO Framework

SalientDSO’s framework is composed of a pre-processing step and a VO backbone.

The VO backbone is responsible for initializing and tracking camera pose and optimizing

all model parameters. The pre-processing step involves the saliency prediction and scene

parsing using deep Convolutional Neural Networks (CNNs) and later using these outputs

to select features/points. Fig. E.3 shows the algorithmic overview of SalientDSO, where

blue parts of the figure show our contributions (which constitute the pre-processing step).

Each component of SalientDSO is discussed in brief next.

We adopt DSO [71] as the backbone VO in SalientDSO. In brief, DSO[71] pro-

posed a direct sparse model to jointly optimize all parameters (camera intrinsics, camera

extrinsics, and inverse-depth values for feature points) and perform windowed bundle
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Figure E.3: Algorithmic overview of SalientDSO, blue parts show our contributions. Here
KF is the abbreviation for Key Frame.

adjustment. It contains a front end and a back end detailed next.

Front-end: The front-end part of algorithm handles tracking, keyframe creation,

outlier rejection, parameters initialization, candidate point activation, and marginalization

as described in [71]. The candidate point selection in DSO is replaced by our novel

approach described in Sec.E.4.3.

Back-end: The back end contains a factor graph which performs continuous win-

dowed optimization using the approach given in [189]. It optimizesEphoto using Gaussian-

Newton algorithm in a sliding window manner. The error functions are defined as in [71].
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Figure E.4: Left column: Input image, Right column: Saliency overlayed on input image.

E.4 Point selection based on visual saliency and scene parsing

E.4.1 Visual Saliency Prediction

Visual saliency is defined as the amount of attention a human would give to each

pixel in an image. This is quantitatively measured as the average time a person’s gaze

rests on each pixel in the image. Prediction of saliency is a hard problem and data driven

approaches have lately excelled at this task. We adopt SalGAN [1] for saliency prediction

in SalientDSO. Some sample results are shown in Fig. E.4. One can clearly notice that

walls, floors, and ceilings have lower probability of being fixated on, which is the main

idea of the proposed framework.
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Figure E.5: Variation of Saliency Map due to changes in illumination and viewpoint.
Notice that the fixation still remains inside the same object but the saliency map varies.
The crosses of respective color highlight the fixation in the respective images.

E.4.2 Filtering saliency using semantic information

The saliency produced by SalGAN is concentrated around a fixation point inside

the object and is fuzzy. The saliency map is robust with respect to the fixations remaining

inside the object but the same fixation point is generally not obtained as the viewpoint

and illumination changes [190, 191]. Notice in Fig. E.5 how the fixation point location

is not robust but the proto-segmentation obtained by the fixation is robust (the fixation

point remains inside the same object) with respect to changing illumination and viewpoint

conditions. In this subsection, we utilize semantic information to filter the saliency so as to

use features from proto-segmentation of an object which is more robust to viewpoint and

illumination changes. The idea is to weigh down the saliency of uninformative regions,

such as walls, ceilings and floors. These regions are uninformative from the computer

vision sense of them being weak corners. Semantically objects/regions with unique color

or size or shape are more informative than regions such as walls, ceilings and floors which

have non-unique and non-discriminative features.

207



Algorithm 2: Saliency prediction and filtering.
Data: Input image I , Pre-defined weights wC

Result: Predicted final saliency Ŝfinal

1 Ŝ = SalGAN(I);
2 C = PSPNet(I);
3 for ∀ {xj, yj} ∈ I do
4 Ŝweighted

j = wC(Cj)Ŝj;
5 end
6 for ∀ {xj, yj} ∈ I do
7 Ŝfinal

j = median
{
Ŝweighted
i ,∀i ∈ Cj

}
;

8 end

To obtain semantic information from a scene, we adopt Pyramid Scene Parsing

[192] for retrieving semantic labels of every pixel in an image.

The predicted saliency map Ŝ is filtered using the PSPNet’s per-pixel semantic out-

put S:

Ŝweighted
j = wC(Cj)Ŝj (E.1)

Here, wC are the pre-defined weights obtained empirically for different classes. To

smoothen and maintain a consistent saliency map for each class, each pixel is replaced by

the median of saliency for its respective class:

Ŝfinal
j = median

{
Ŝweighted
i ,∀i ∈ Cj

}
(E.2)

All steps to generate Ŝfinal are summarized in Algorithm 2.
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Algorithm 3: Saliency based points selection.

Data: Desired number of points Ndes, ssmooth, Ŝ
final

Result: Selected points
1 Initialize selected point set as {∅}, Nsel = 0;
2 while Nsel < Ndes do
3 Randomly select a patch M from distribution PS;
4 Split M into d× d blocks;
5 for each 4d× 4d block do
6 for each 2d× 2d block do
7 for each d× d block do
8 Select a point with the highest gradient which surpass the gradient

threshold;
9 end

10 if no selected point in this block then
11 Select a point with the highest gradient which surpass the weaker

gradient threshold;
12 end
13 end
14 if no selected point in this block then
15 Select a point with the highest gradient which surpass the much

weaker gradient threshold;
16 end
17 end
18 Nsel = Nsel + the number of selected points;
19 end

E.4.3 Features/Points selection

Instead of uniformly selecting candidate points from an image as in DSO, we select

points based on saliency. This is very helpful where the scene has a lot of objects or

clutter which can be found generally in indoor scenes.

First, we split an image into K ×K patches. For a patch Mi, we not only compute

the median of gradient as a region-adaptive threshold, but also compute the median of

saliency as a region-adaptive sampling weight swi. Therefore, for each patch, the sam-
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pling weight swi is computed as:

swi = median
{
Ŝfinal
j ,∀j ∈Mi

}
+ ssmooth (E.3)

where ssmooth is a laplacian smoothing term used to control the bias on a salient region and

the probability of a patch Mi being sampled is:

P S(Mi) =
swi∑

m∈M swm

(E.4)

Secondly, once a patch Mi has been selected, we further split Mi into d× d blocks.

For each block, we select the pixel with the highest gradient only if it surpasses the region-

adaptive threshold. With this strategy, we can select points which are well distributed in

this salient region. In order to extract information from where no high-gradient pixels

are present, we follow the same approach as DSO and run two more passes to select

pixels with weaker gradient in a larger sub-region with a lower gradient threshold and an

increased d. A summary of the whole selection method is given in Algorithm 3.

Fig. E.6 shows the selected points for some example scenes. We compare our

selection based on saliency to the uniform selection adopted by DSO. One can easily

notice that texture-less and mostly identical parts, such as walls, floors and ceilings, are

down weighted in our pipeline. As demonstrated in Section E.5, this helps us trade the

weak features on the floors and ceilings for weak features on objects where the saliency

is generally higher - thus, in-turn, making the feature selection more robust and object-

centric.
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a

b

Figure E.6: Point selection using different schemes. Top rows in (a) and (b), left to right:
features selected using DSO’s scheme, saliency only, saliency+scene parsing. Bottom
rows in (a) and (b), left to right: input image, saliency, scene parsing output. Notice
how using saliency+scene parsing removed all non-informative features. (a) and (b) show
images from ICL-NUIM and CVL-UMD datasets respectively.

E.5 Experimental Results and Analysis

In this section, we comprehensively evaluate SalientDSO on various datasets.

• ICL-NUIM dataset[193]: This dataset provides two scenes and four different tra-

jectories for each scene which are obtained by running Kintinuous on real image

data and finally used in a synthetic framework for obtaining ground-truth.
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• TUM monoVO dataset[194]: This dataset provides 50 sequences comprising over

100 minutes videos. It ranges from indoor corridors to wide outdoor scenes. In our

experiments, we only evaluate all methods on indoor sequences {sequence (1− 18, 26, 28, 35− 38, 40)}.

Only the indoor sequences are chosen because the usage of saliency obtained by hu-

man gaze is meaningful for indoor cluttered scenes.

• CVL-UMD dataset: This dataset was collected by the authors of this paper is

available at prg.cs.umd.edu/SalientDSO.html. The data was collected

using a Parrot® SLAMDunk [70] sensor suite. The data from the left camera is

used in the experiments.

Different parameters used for running the experiments are shown in Table. E.2. For

ICL-NUIM dataset, photometric correction is not required. To comprehensively evaluate

the proposed method, we run each sequence in both forward and backward direction ten

times.

Also, note that the Neural Networks employed in this work are adapted directly

from their respective papers [1, 192] and were not fine-tuned as the concept of scene

parsing and saliency are generic. The SalGAN [1] was trained on Salicon dataset [195].

The Salicon dataset collects the saliency data as a probability of visual attention by ag-

gregating mouse trajectories and contains 10000 training images, 5000 validation images

and 500 testing images. The PSPNet [192] was trained on the ADE20K dataset [196].

The ADE20K dataset contains annotations of 150 object classes all annotated by a single

annotator for consistency. It contains 20210 training images, 2000 validation images and

3000 testing images.
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Table E.2: Parameter settings for different datasets.
TUM ICL-NUIM CVL-UMD

Num of active keyframes Nf 7 7 7
Num of active points Np 2000 2000 1200
Global gradient constant gth 7 3 7
Patch size K 8 8 8
Photometric correction Yes Not required Not available

E.5.1 Quantitative Evaluation

Fig. E.7 shows the absolute trajectory Root Mean Square Error (RMSEate) on ICL-

NUIM dataset (each rectangle shows a different run). Using visual saliency driven fea-

tures, SalientDSO performs better in accuracy as compared to DSO. We also report align-

ment error ealign on TUM monoVO dataset in Fig. E.8. We disable the semantic filtering

when we evaluate the proposed method on the TUM monoVO dataset, since this dataset

provides only grayscale images and outputs from PSPNet are inaccurate and noisy for

grayscale images. In Tables E.3 and E.4, we compare our method to DSO and ORB-

SLAM [157] on the ICL-NUIM and TUM monoVO datasets. We urge the readers to

refer to [197, 194] for a detailed description of the error metrics used in Tables E.3 and

E.4 respectively. DSO and ORB-SLAM [157] are the current state-of-the-art direct and

feature-based monocular VO methods. The results for DSO and ORB-SLAM are taken

from [71]. ORB-SLAM is a full-fledged SLAM framework with loop closure and global

alignment, while DSO and SalientDSO are merely odometry frameworks. To make the

comparison fair, loop-closure detection and re-localization have been turned off for ORM-

SLAM. The missing values in the table represent tracking failures. We achieve similar or
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Figure E.7: Comparison of evaluation results for ICL-NIUM dataset. Left: DSO, Right:
SalientDSO. Each square correspondes to a color coded error. Note that Salient DSO
almost always has lower error than it’s DSO counterpart.

Figure E.8: Comparison of evaluation results for TUM dataset. Left: DSO, Right:
SalientDSO. Note that Salient DSO almost always has lower error than it’s DSO counter-
part. Note that, for the TUM dataset scene parsing was turned off as TUM dataset only
provides grayscale images and scene parsing outputs are very noisy for grayscale images.

better performance on most sequences. The improvement is not significant on the TUM

monoVO dataset because most of the sequences involve a traversal through a hallway

where there are no local salient objects or features for saliency prediction to work well.

This makes SalientDSO’s performance close to that of traditional DSO.

The claim in the paper is that the usage of visual saliency should result in more

robust features than just using image gradient based features as in DSO. The intuition

behind this claim is that visual saliency includes high level semantics which inherently

make the features more robust. To support this claim, we anticipate that SalientDSO
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Table E.3: RMSEate on ICL-NIUM dataset in m.
Forward Backward

Sequence ORB DSO SalientDSO ORB DSO SalientDSO
ICL l0 0.01 0.003 0.022 0.01 - 0.112
ICL l1 0.02 0.004 0.009 0.04 0.003 0.003
ICL l2 0.06 0.012 0.004 0.19 0.010 0.005
ICL l3 0.03 0.006 0.004 0.05 0.008 0.013
ICL o0 0.21 0.320 0.140 0.41 0.399 0.336
ICL o1 0.83 0.094 0.055 0.68 0.006 0.020
ICL o2 0.37 0.012 0.008 0.32 0.582 0.512
ICL o3 0.65 0.007 0.009 0.06 0.006 0.008
Overall Avg. 0.271 0.057 0.031 0.218 0.144∗ 0.126

∗ indicates average taken only on sequences which completed.

Table E.4: ealign on TUM monoVO dataset in m.
Forward Backward

Sequence ORB DSO SalientDSO ORB DSO SalientDSO
seq 01 3.02 0.59 0.60 1.73 0.72 0.60
seq 02 16.12 0.36 0.33 3.23 0.43 0.44
seq 03 3.42 1.75 1.55 1.42 0.59 0.50
seq 04 9.95 0.98 0.82 5.95 1.00 0.76
seq 05 - 1.86 1.77 - 1.55 1.66
seq 06 - 0.97 0.93 1.25 0.73 0.81
seq 07 1.69 0.55 1.14 2.02 0.44 0.48
seq 08 436.00 0.36 0.44 2.63 1.28 1.47
seq 09 2.04 0.65 0.58 0.67 0.52 0.53
seq 10 2.52 0.35 0.34 1.43 0.61 0.61
seq 11 7.20 0.62 0.58 2.99 0.87 0.89
seq 12 2.98 0.75 0.67 3.10 1.01 0.84
seq 13 5.13 1.54 1.27 2.59 8.96 0.81
seq 14 13.27 2.89 0.71 2.10 1.35 1.69
seq 15 2.90 0.71 0.71 1.90 0.88 0.81
seq 16 2.40 0.47 0.45 1.58 0.72 0.67
seq 17 12.29 2.10 2.10 1.50 2.13 2.50
seq 18 14.64 1.77 1.52 - 2.62 2.47
seq 26 28.46 3.98 3.60 4.62 1.66 1.89
seq 28 19.17 1.48 1.88 3.57 1.47 1.65
seq 35 14.09 1.10 0.84 16.81 5.48 9.97
seq 36 1.81 4.01 3.25 1.69 0.70 1.46
seq 37 0.60 0.35 0.40 1.30 0.37 0.46
seq 38 - 0.55 0.50 24.77 1.10 1.03
seq 40 - 2.04 2.16 18.93 0.87 1.04
Overall Avg. 28.55∗ 1.31 1.17 4.69∗ 1.52 1.44

∗ indicates average taken only on sequences which completed.
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Table E.5: Comparison of success rate between DSO and SalientDSO on CVL-UMD
dataset.

Sequence DSO SalientDSO
CVL 01 Fwd 53% 65%
CVL 01 Bwd 59% 92%
CVL 02 Fwd 73% 96%
CVL 02 Bwd 71% 91%

should perform much better than DSO when the number of points is very low (as low as

40 points). To demonstrate this claim, we evaluate on each CVL-UMD sequence. We

run each sequence in both forward and backward direction 100 times, with an extremely

low point density of Np = 40. The results are shown in Table. E.5. We define failure

as either an optimization failure or tracking loss. Our proposed method is much more

robust and predicts an accurate trajectory, while DSO has a much higher failure rate and

its trajectory and projected point cloud shows significant drift in scale and position. An

example of trajectory and projected point cloud is shown in Fig. E.9. This experiment

highlights the robustness of features chosen in SalientDSO for cluttered indoor scenes

and how this will be useful for robots with very low computation power due to the less

computational and memory requirements when Np is low.

E.5.2 Qualitative Evaluation

Examples of the reconstructed scenes of sequences CVL 01 and TUM sequence 01

are shown in Figs. E.10 and E.11 respectively. Although both reconstructed scenes look

similar, one could observe that amount of drift in SalientDSO is much less compared to

DSO (refer to the zoomed part of Fig. E.10), i.e., the checkerboard’s features from differ-

ent loops align better in our approach – ideally the features from different loops should
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a b c

Figure E.9: Comparison of outputs for Np = 40 – very few features. (a) Success case of
DSO with a large amount of drift, (b) Success case for SalientDSO, (c) Failure case of
DSO where the optimization diverges due to very few features. Notice that SalientDSO
can perform very well in these extreme conditions showing the robustness of the features
chosen.

align perfectly. However, due to drift the checkerboard appears as two different planes

from two different loops, the spread between the planes of the checkerboard indicate drift.

Notice that the spread between the planes of the checkerboard are much higher in DSO

as compared to SalientDSO. Instead of sampling random high gradient points, sampling

salient points which are considered to be more informative by the visual saliency model

improves the robustness of VO.
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Figure E.10: Comparison of drift. (a) DSO’s output, (b) SalientDSO’s output, (c) Image
corresponding to crop shown in the inset. Observe that SalientDSO’s output has the
checkerboard from different times more closely aligned as compared to DSO. Here Np =
1000.

a b

Figure E.11: Sample outputs for TUM sequence 1. (a) DSO, (b) SalientDSO. Here Np =
1000.

E.6 Conclusions

We introduce the philosophy of attention and fixation to visual odometry. Based on

this philosophy, we develop Salient Direct Sparse Odometry, which brings the concept
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of attention and fixation based on visual saliency into Visual Odometry to achieve robust

feature selection. We provide thorough quantitative and qualitative evaluations on ICL-

NUIM and TUM monoVO dataset to demonstrate that using salient features improves the

robustness and accuracy. We also collect and publicly release a new CVL-UMD dataset

with cluttered scenes for mapping. We show the robustness of our features by very low

drift visual odometry with as low as 40 features per frame. Our method takes about a

second per keyframe (not every frame) for computation of saliency and scene parsing on

an NVIDIA Titan-Xp GPU and the remaining computations run real-time at 30fps on an

Intel® Core i7 6850K 3.6GHz CPU. In the near future, we plan to extend our method to

outdoor environment. We also consider to implement our method on hardware to make

the complete pipeline real-time. Finally, we also make our source code open-source for

enabling future research.
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PRGFlow: Unified SWAP-Aware Deep Global Optical

Flow for Aerial Robot Navigation

Nitin J. Sanket, Chahat Deep Singh, Cornelia Fermüller, Yiannis Aloimonos

Figure F.1: Size comparison of various components used on quadrotors.
(a) Snapdragon Flight, (b) PixFalcon, (c) 120 mm quadrotor platform with
NanoPi Neo Core 2, (d) MYNT EYE stereo camera, (e) Google Coral USB
accelerator, (f) Sipeed Maix Bit, (g) PX4Flow, (h) 210 mm quadrotor plat-
form with Coral Dev board, (i) 360 mm quadrotor platform with Intel® Up
board, (j) 500 mm quadrotor platform with NVIDIA® JetsonTM TX2. Note
that all components shown are to relative scale. All the images in this paper
are best viewed in color.

Abstract — Odometry on aerial robots has to be of low latency and high robustness

whilst also respecting the Size, Weight, Area and Power (SWAP) constraints as demanded

by the size of the robot. A combination of visual sensors coupled with Inertial Measure-

ment Units (IMUs) has proven to be the best combination to obtain robust and low latency

odometry on resource-constrained aerial robots. Recently, deep learning approaches for
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Visual Inertial fusion have gained momentum due to their high accuracy and robustness.

However, the remarkable advantages of these techniques are their inherent scalability

(adaptation to different sized aerial robots) and unification (same method works on dif-

ferent sized aerial robots) by utilizing compression methods and hardware acceleration,

which have been lacking from previous approaches.

To this end, we present a deep learning approach for visual translation estimation

and loosely fuse it with an Inertial sensor for full 6DoF odometry estimation. We also

present a detailed benchmark comparing different architectures, loss functions and com-

pression methods to enable scalability. We evaluate our network on the MSCOCO dataset

and evaluate the VI fusion on multiple real-flight trajectories.

F.1 Introduction

A fundamental competence of aerial robots [34] is to estimate ego-motion or odom-

etry before any control strategy is employed [59, 61, 198, 126]. Different sensor combi-

nations have been used previously to aid the odometry estimation with LIDAR based

approaches topping the accuracy charts [199, 200]. However such approaches cannot

be used on smaller aerial robots due to their size, weight and power constraints. Such

small aerial robots are generally preferred due to safety, agility and usability as swarms

[201, 202, 46]. In the last decade, imaging sensors have struck the right balance consid-

ering accuracy and general sensor utility [33]. However, visual data is dense and requires

a lot of computation, which creates challenges for low-latency applications. To this end,

sensor fusion experts proposed to use IMUs along with imaging sensors, because IMUs
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are lightweight and are generally available on aerial robots [203]. Also, employing IMUs

with even a monocular camera enables the estimation of metric depth which can be useful

for many applications.

In the last decade, several VIO algorithms have been used in commercial prod-

ucts and also many algorithms have been made open-source by the research community.

However, there is no trivial way of downscaling these algorithms for smaller aerial robots

[35].

In the last five years, deep learning based approaches for visual and visual iner-

tial odometry estimation have gained momentum. We classify as such algorithms all

approaches which learn to predict odometry in an end-to-end fashion using one of the

aforementioned sensors or which use deep learning as a part of the odometry estimation.

The networks used in these approaches can be compressed to smaller size with generally

a linear drop in accuracy to cater to SWAP constraints. The critical issue with deep net-

works for odometry estimation is that to have the same accuracy as classical approaches

they are generally computationally heavy leading to larger latencies. However, leveraging

hardware acceleration and better parallelizable architectures can mitigate this problem.

In this work, we present a method for visual inertial odometry estimation targeted

towards a down-facing/up-facing camera coupled to an altimeter source such as a barom-

eter (outdoor) or SONAR or single beam LIDAR (indoor). Our approach uses deep learn-

ing to obtain translation - shift and zoom-in/out and/or yaw. The inputs to the network

are rotation compensated using Inertial estimates of attitude. Finally, we use the altimeter

to scale the shifts to real-world velocities similar to [204]. We also benchmark different

combinations of our approach and answer the following questions: How many warping
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blocks to use? What network architecture to use? Which loss function to use? What is

the best way to compress? Which common hardware is the best for a certain-sized aerial

robot?

F.1.1 Problem Definition and Contributions

A quadrotor is equipped with a down/up-facing camera coupled to an altimeter

and an IMU. The aim is to estimate ego-motion or odometry combining all sources of

information. The presented approach has to be scalable and unified so that the same

method can be used on different sized aerial robots catering to different SWAP constraints

(Fig. F.1 shows examples of different sized quadrotors with different components which

can be used on quadrotors).

A summary of our contributions is given below:

• A deep learning approach to estimate odometry using visual, inertial and altimeter

data

• A comprehensive benchmark of different network architectures, hardware architec-

tures and loss functions

• Real-flight experiments demonstrating robustness of the presented approach

• Notes to practitioners whenever applicable
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Figure F.2: Different network architectures. (a) VanillaNet, (b) ResNet, (c) SqueezeNet,
(d) MobileNet and (e) ShuffleNet. (χ and ξ are hyperparameters). Each architecture block
is repeated per warp parameter prediction. This image is best viewed on the computer
screen at a zoom of 200%.

F.1.2 Related Work

There has been extensive progress in the field of Visual or Visual-Inertial Odometry

(VI or VIO) using classical approaches, but adapting them to deep learning is still in a

nascent stage. We categorize related work into the following three categories: VI/VIO us-

ing classical methods (non-deep learning), deep learning based VI/VIO, and deep learning
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and odometry benchmarks. Also, note that we do not consider Simultaneous Localiza-

tion And Mapping (SLAM) approaches [62] such as ORB-SLAM [157], LSD-SLAM

[178], LOAM [199], V-LOAM [200] and probabilistic object centric slam [205]. We also

exclude LIDAR and SONAR based odometry approaches from our discussion.

F.1.2.1 VI/VIO using classical methods

Following are the state-of-the-art approaches in chronological order.

• MSCKF [203] proposed an Extended Kalman Filter (EKF) for visual inertial odom-

etry.

• OKVIS [206] proposed a stereo-keyframe based sliding window estimator to reduce

landmark re-projection errors.

• ROVIO [64] also uses an EKF but included tracking 3D landmarks along with track-

ing of image patches.

• DSO [71] uses a direct approach using a photometric model coupled with a geo-

metric model to achieve the best compromise of speed and accuracy.

• VINS-Mono [207] introduced a non-linear optimization based sliding window es-

timator with pre-integrated IMU factors.

• Salient-DSO [100] builds upon DSO to add visual saliency using deep learning for

feature extraction. However, the optimization or regression of poses is performed

classically.
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F.1.2.2 Deep learning based VI/VIO

• PoseNet [208] uses a deep network to re-localize a camera in a pre-trained scene

which brought the robustness and ease of use of deep networks for camera pose

regression into limelight. Better loss functions for the same function were presented

in [209].

• SfMLearner [210] took this one step further to regress camera poses and depth

simultaneously from a sequence of video frames in a completely self-supervised

(unsupervised) manner using geometric constraints.

• GeoNet [211] built upon SfMLearner to add additional geometric constraints and

proposed a new training method along with a novel network architecture to predict

pose, depth and optical flow in a completely self-supervised (unsupervised) manner.

• D3VO [212] tightly incorporates the predicted depth, pose and uncertainty into a

direct visual odometry method to boost both the front-end tracking as well as the

back-end non-linear optimization.

• VINet [213] proposed a supervised method to estimate odometry from a CNN +

LSTM combination using both visual and inertial data. This approach, however,

does not present results about its generalizability to novel scenes.

• DeepVIO [214] presents an approach to tightly integrate visual and inertial features

using a CNN + LSTM to estimate odometry. This method also does not present

results about its generalizability to novel scenes.
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F.1.2.3 Deep learning and Odometry benchmarks

A myriad of datasets such as KITTI [215], EuRoC [216], TUMMonoVO [217],

and PennCOSYVIO [218] have been proposed to evaluate the performance of VI/VIO

approaches, but they do not contain enough images to train a neural network to generalize

to novel datasets.

Though there exist several benchmarks for either classical VO/VIO approaches

[219] and for deep learning for classification/regression tasks [220, 221, 222], there is

a big void in benchmarks for deep learning based VO/VIO approaches, which is the focus

of this work.

F.2 Pseudo-Similarity Estimation Using PRGFlow

Let us mathematically formulate our problem statement. Let It and It+1 be the im-

age frames captured at times t and t + 1, respectively. Now, the transformation between

the image frames can be expressed as xt+1 = Ht+1
t xt, where xt+1,xt represent the ho-

mogeneous point correspondences in the two image frames and Ht+1
t is the non-singular

3× 3 transformation matrix between the two frames.

While in general the transformation between views is a non-linear function of the

3D rotation matrix Rt+1
t and 3D translation vector Tt+1

t , for certain scene structures, the

transformation can simplify to a linear function. One such case is when the real world

area is planar or can be approximated to be a plane, or the focal length is large. This

scenario is also called a homography with Ht+1
t referred to as the Homography matrix.

From Ht+1
t we can recover a finite number of {Rt+1

t ,Tt+1
t } solutions. Furthermore,
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Ht+1
t may also be decomposed into simpler transformations such as in-plane rotation or

yaw, zoom-in/out or scale, translation and out-of-plane rotations or pitch + roll. It is

difficult to accurately derive {Rt+1
t andTt+1

t } from Ht+1
t , and the errors in the solutions

of the two components are coupled, i.e., an error in the translation estimate would induce

a complementary error in the rotation estimate; this is highly undesirable.

Complementary sensors help mitigate this problem, and IMU is such a sensor which

is present on quadrotors and can provide accurate angle measurements within a small

interval. Thus, the problem of estimating cheap ego-motion reduces to finding Tt+1
t (2D

translation and zoom-in/out). Further, one can also obtain zoom-in/out using the altimeter

on-board, but such an approach is noisy in a small interval. Hence we will estimate the 2D

translation and zoom-in/out transformation which we refer to as “Pseudo-similarity” since

it is one degree of freedom less than the similarity transformation (2D translation, zoom-

in/out and yaw). We also call our network which estimates pseudo-similarity “PRGFlow”.

Note that, one can easily use our work to also estimate yaw without any added effort by

changing the warping function. Mathematically, the pseudo-similarity transformation is

given in Eq. F.1, where W and H depict the image width and height, respectively.

xt+1 =


W
2

0 W
2

0 H
2

H
2

0 0 1




1 + s 0 tx

0 1 + s ty

0 0 1

xt (F.1)

We utilize the Inverse Comompositional Spatial Transformer Networks (IC-STN)

[223] for stacking multiple warping blocks for better performance. We extend the work

in [223] to support pseduo-similarity and different warp types. A detailed study of which
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warp type performs the best is given in Sec. F.5.1. We further divide the experiments into

table-top experiments (Sec. F.3) and flight experiments (Sec. F.4).

F.3 Table-top Experiments and Evaluation

F.3.1 Data Setup, Training and Testing Details

We train and test all our networks on the MS-COCO dataset [148], using the train2014

and test2014 splits for training and testing. During training, we obtain a random crop

of size 300 × 300 px. (denoted as It or I1), which is then warped using pseudo-similarity

(2D translation + scale) to synthetically generate It+1 or I2 obtained by using a random

warp parameter in the range γ1 = ±
[
0.25 0.20 0.20

]
(unless specified otherwise).

Then the center 128 × 128 px. patch are extracted (to avoid boundary effects) which are

denoted as P1 and P2, respectively. A stack of P1 and P2 patches of size 128 × 128 ×

2Nc (Nc is the number of channels in P1 and P2, i.e., 3 if RGB 1 if grayscale) is fed into

the network to obtain the predicted warp parameters: h̃ =

[
s tx ty

]T
.

Our networks were trained in PythonTM 2.7 using TensorFlow1 1.14 on a Desktop

computer (described in Sec. F.3.5) running Ubuntu 18.04. We used a mini-batch-size of

32 for all the networks with a learning rate of 10−4 without any decay. We trained all our

networks using the ADAM optimizer for 100 epochs with early termination if we detect

over-fitting on our validation set.

We tested our trained networks using two different configurations: (i) In-domain

and (ii) Out-of-domain. In the in-domain testing (not to be confused with in-training

1https://www.tensorflow.org/
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dataset), we warped images from the test2014 split of the MS-COCO dataset using

a random warp parameter in range γ1 = ±
[
0.25 0.20 0.20

]
(same warp range as

training). This was used for evaluation as described in Sec. F.3.4. To commend on

the generalization of the approach, we also tested it on out-of-domain warps, i.e., twice

the warp range it was originally trained on, denoted by γ2 = ±
[
0.50 0.40 0.40

]
.

This test was constructed to highlight the generalizability vs. speciality of the network

configuration. Next we discuss the loss network architectures.

F.3.2 Network Architectures

We use five network architectures inspired by previous works. We call the net-

works as follows: VanillaNet [224], ResNet [225], ShuffleNet [226], MobileNet [227]

and SqueezeNet [228]. Each network is composed of various blocks. The output of each

block is used as an incremental warp as proposed in [223]. We use for each of these

blocks the same name as the network, for e.g., VanillaNet has VanillaNet blocks. We use

the following shorthand to denote the architecture. VanillaNeta denotes VanillaNet with

a VanillaNet blocks. We modify the networks from their original papers in the following

manner: We exclude max-pooling blocks and replace them with stride in the previous

convolutional block. Instead of varying sub-sampling rates (rates at which strides change

with respect to depth of the network), we keep it fixed to the same value at every layer. All

the architectures used are illustrated in Fig. F.2. The architectures shown in Fig. F.2 are

repeated for every warping block used, where each block predicts the incremental warp

as proposed in [223]. We exclude the number of filters for the purpose of clarity, but they
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Figure F.3: PRG Husky-360γ platform used in flight experiments. (a) Top view, (b) front
view, (c) down-facing leopard imaging camera.

can be found in the code provided with the supplementary material which will be released

upon the acceptance for publication.

We also test two different sizes of networks, i.e., large (model size ≤ 8.3 MB) and

small (Model size ≤ 0.83 MB). Here the model sizes are computed for storing float32

values for each neuron weight. Due to file format packing there is generally a small

overhead and the actual file sizes are slightly larger.

F.3.3 Loss Functions

The trivial way to learn the warp parameters directly is to use a supervised loss,

since the labels are “free” as the data is synthetically generated on the fly. The loss

function used in the supervised case is given as

Ls = argmin
h̃

E
(
∥h̃− ĥ∥2

)
, (F.2)

where h̃, ĥ, E are the predicted parameters, ideal parameters and expectation/averaging

operator respectively. We also study the question “Does using self-supervised loss give

better out-of-domain generalization performance?” The unsupervised losses are gener-
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ally complicated since they are under-constrained compared to the one in supervised ap-

proaches. Hence, we study different unsupervised loss functions. We can write the loss

functions as:

Lus = argmin
h̃

E
(
D
(
W
(
P1, h̃

)
,P2

)
+ λiRi

)
, (F.3)

where W is a generic differentiable warp function, which can take on different

mathematical formulations based on it’s second argument (model parameters), and D rep-

resents a distance measuring image similarity between the image frames. Finally, λi, Ri

represent the ith Lagrange multiplier and it’s corresponding regularization function. We

experiment with different D and R functions described below.

DL1 (A,B) = E (∥A−B∥1) (F.4)

DChab (A,B) =
((

(A−B)2 + ϵ2
)α)

(F.5)

DSSIM (A,B) = E
(
1− SSIM (A,B)

2
+ α (∥A−B∥1)

)
(F.6)

DRobust (A,B) = E

 b

d

(( (A−B)/c)2

b
+ 1

)d/2

− 1

 (F.7)

b = ∥2− α̂∥1 + ϵ; d =


α̂ + ϵ if α̂ ≥ 0

α̂− ϵ if α̂ < 0

α̂i = (2− 2ϵα)
eαi

eαi + 1
∀i
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Here, DL1 is the generic l1 photometric loss [229] commonly used for traditional

images, DChab is the Chabonnier loss [230] commonly used for optical flow estimation,

DSSIM is the loss based on Structure Similarity [231] commonly used for learning ego-

motion and depth from traditional image sequences and DRobust is the robust loss function

presented in [232]. Also, note that α has different connotation in each loss function.

The functions given above can take any generic input such as the raw image or a

function of the image. In our paper we experiment with different inputs such as the raw

RGB image, grayscale image, high-pass filtered image and image cornerness score (de-

noted by I, G, Z(I) and C(I) respectively). The same set of functions can be used both as

the metric function and the regularization function. We will denote the combination using

a shorthand representation. Consider using the loss function with SSIM on raw images as

the metric function and photometric L1 on high-pass filtered images as the regularization

function with a Lagrange multiplier of 5.0, the shorthand for this function is given in Eq.

F.8.

DSSIM (I) + 5.0DL1 (Z(I)) (F.8)

F.3.4 Evaluation Metrics

We use the following evaluation metrics to quantify the performance of each net-

work. Let the predicted warp parameters be h̃ =

[
s̃ t̃x t̃y

]T
and the ideal warp param-

eters be ĥ =

[
ŝ t̂x t̂y

]T
. W and H denote the image width and height respectively.

Then the scale and translation error in pixel are given as:
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Table F.1: Different Computers Used on Aerial Robots.
Name

Cost ↓ Size ↓ Weight ↓ CPU CPU Clock Speed ↑ RAM ↑ GPU ↑ Max. Power∗ ↓ Ease of use ↑
(USD) (l × w × h mm) (g) Arch. × Threads (GHz) (GB) (GOPs) (W)

NanoPi Neo Core 2 LTS2 28 40× 40× 3 7 ARM 1.36 × 4 1.0 - 10 ⋆⋆⋆
BananaPi M2-Zero3 24 65× 30× 5 15 ARM 1.00 × 4 1.0 - 10 ⋆⋆⋆
Google Coral Dev Board4 150 88× 60× 22 136 ARM 1.50 × 4 1.0 4000 10 ⋆⋆⋆⋆
Google Coral Accelerator5 75 65× 30× 8 20 - - - 4000 4.5 ⋆⋆⋆⋆
NVIDIA® JetsonTM TX26 600 87× 50× 48 200 ARM 2.00 × 6 8.0 1500 15 ⋆⋆⋆
Intel® Up Board7 159 86× 56× 20 98 x86 1.92 × 4 1.0 - 10 ⋆⋆⋆⋆⋆
Laptop8 1600 391× 267× 31 2200 x86 3.40 × 8 16.0 6463 180 ⋆⋆⋆⋆⋆
∗Power consumption is for board not for chip.

Escale = M

(√
W 2 +H2

2
|s̃− ŝ|

)
(F.9)

Etrans = M


√(

W
(
t̃x − t̂x

))2
+
(
H
(
t̃y − t̂y

))2
2

 (F.10)

Here, M denotes the median value (we choose the median value over the mean to

reject outlier samples with low texture).

We also convert errors to accuracy percentage as follows:

A =

(
1− Escale + Etrans

Iscale + Iscale

)
× 100% (F.11)

Here, Iscale and Itrans denote the identity errors for scale and translation respectively

(error when the prediction values are zero).

2http://nanopi.io/nanopi-neo-core2.html
3http://www.banana-pi.org/m2z.html
4https://coral.ai/products/dev-board/
5https://coral.ai/products/accelerator
6https://www.nvidia.com/en-us/autonomous-machines/embedded-systems/

jetson-tx2/
7https://up-board.org/
8https://www.asus.com/us/ROG-Republic-Of-Gamers/ROG-GL502VS/
9https://www.ibuypower.com/
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F.3.5 Hardware Platforms

We tested multiple small factor computers and Single Board Computers (SBCs)

(we’ll refer to both as computers or computing devices or hardware) which are commonly

used on aerial platforms. The platforms tested are summarized in Table F.1. Details not

present in the table are explained next.

We overclocked the NanoPi Neo Core 2 LTS to 1.368 GHz from the base clock of

1.08 GHz to obtain better performance. This necessitated the use of an active cooling

solution for long duration operation (more than 3 mins continuously). The weight of the

cooling solution (4 g) and micro-SD card (0.5 g) are not included in Table F.1. With-

out the active cooling solution the computer goes into a thermal shutdown which will be

harmful during in-flight operation. One can change the clock speed to certain available

frequencies between 0.48 GHz and 1.368 GHz. To run larger models on the NanoPi’s

measly 1 GB of RAM we allocated 1 GB of SWAP memory on the Sandisk UHC-II

class-10 microSD card which has much lower transfer speed as compared to RAM. The

same cooling and SWAP solution were used for BananaPi M2-Zero as well. Note that, the

Google Coral USB Accelerator is not officially supported with the NanoPi but we discov-

ered a workaround which will be released in the accompanying supplementary material.

Also, the Google Coral USB Accelerator is attached to a USB 2.0 port which limits its

maximum performance when used with the NanoPi. The only reason why one would use

BananaPi over the NanoPi is for the smaller width (30 mm versus 40 mm) which could be

suited for a non X shaped quadrotor. However, the NanoPi is lighter, faster and has less

area as compared to the BananaPi. Both NanoPi and BananaPi ran Ubuntu 16.04 LTS
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core with TensorFlow 1.14.

A significant speedup of upto 576× were obtained on the Coral Dev and the Coral

USB accelerator when the original TensorFlow model was converted into TensorFlow-

Lite and optimized for Edge TPU compilation. Without the Edge-TPU optimization the

models run on the CPUs of these computers are far slower than the Tensor cores. To use

both Coral Dev and Coral USB accelerator TensorFlow-Lite-Runtime 2.1 is used. The

Coral Dev board ran Mendel Linux 1.5.

The NVIDIA® JetsonTM TX2 in our setup is used with the Connect Tech’s Orbitty

carrier board (weighing 41 g and its weight is included in Table F.1). This carrier board

allows for the most compact setup with the TX2. Note that the NVIDIA® JetsonTM TX2

can be used without the active heatsink for a short duration (less than 5 mins) reducing

its weight by 59 g (a massive 30% reduction in weight without any loss of performance).

However, extended operation without the active heatsink can result in thermal shutdown

or permanent damage to the computer. During our experiments, we set the operation

mode to fix the CPU and GPU frequencies to the maximum available value, and this in-

turn maxes out the power consumption (the steps to achieve this will be released in the

accompanying supplementary material). The TX2 ran Linux For Tegra (L4T) R28.2.1

installed using Jetpack 3.4 with TensorFlow 1.11.

We use neither the AVX (not supported on hardware) nor the SSE (not supported

by the TensorFlow version supported on Up board) instruction set on the Intel® Up board.

We speculate huge speed-ups if a future version of TensorFlow supports SSE on the Up

board. The Up board ran Ubuntu 16.04 LTS with TensorFlow 1.11.

The laptop is an Asus ROG GL502VS with Intel® CoreTM i7-6700HQ and GTX
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1070 GPU and weighs about 2200 g which can be used on a large (≥ 650 mm sized)

quadrotor. Also, note that an Intel NUC coupled to an eGPU can also be used with similar

specifications but this setup will still be heavier, arguably more expensive and probably

less reliable than gutting out a gaming laptop. The laptop ran Ubuntu 18.04 LTS with

TensorFlow 1.14.

The desktop PC is a custom built full tower PC from iBUYPOWER with an Intel®

CoreTM i9-9900KF and NVIDIA® Titan-Xp GPU which cannot be used on an aerial robot

but is included to serve as a reference. The desktop PC ran Ubuntu 18.04 LTS with

TensorFlow 1.14. Whenever possible we use the NEON SIMD instruction set for ARM

computers and the SSE instructions for x86 systems.

F.4 Flight Experiments and Evaluation

This section presents real-world experiments flying various simple trajectories with

odometry estimation using PRGFlow. We use the lowest avg. pixel error 8.3 MB (large)

model for evaluation (ResNet4 with T×2, S×2 warping configuration). The network

outputs a R3×1 vector denoted as h̃ =

[
s̃ t̃x t̃y

]T
. The predicted translational pixel

velocities (global optical flow)
[
t̃x t̃y

]T
are converted to real world velocities by scaling

them using the focal length and the depth (adjusted altitude) [204]. A similar treatment

is given to the Z-pixel velocity s. Also, we obtain attitude using a Madgwick filter [233]

from a 9-DoF IMU, which is used to remove rotation between consecutive frames, and

feed the values into the network. Finally, to obtain odometry, we simply perform dead-

reckoning on the velocities obtained by our network. Our networks were trained on MS-
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COCO as described in F.3.1, and are used in the flight experiments without any fine-tuning

or re-training to highlight the generalizability of our approach. Note that the performance

can be significantly boosted by multi-frame fusion of predictions, and we leave this for

future work.

F.4.1 Experimental Setup

We tested our algorithm on the PRG Husky-360γ platform9: a modified version of

the Parrot® Bebop 2 for its ease of use which was originally designed for pedagogical

reasons. It is equipped with a down facing Leopard Imaging LI-USB30-M021 global

shutter camera10 with a 16 mm lens which gives a diagonal field of view of ∼ 22◦ (Refer

to Fig. F.3). The PRG Husky also contains an 9-DoF IMU and a down-facing sonar for

attitude and altitude measurements respectively. Higher level control commands are given

by an on-board companion computer: Intel® Up Board at 20 Hz. The images are recorded

at 90 Hz at a resolution of 640 × 480 px. The overall takeoff weight of the flight setup

is 730 g (which gives a thrust-to-weight ratio of ∼ 1.5) with diagonal motor to motor

dimension of 360 mm.

The flight experiments were conducted in the Autonomy Robotics and Cognition

(ARC) lab’s netted indoor flying space at the University of Maryland, College Park. The

total flying volume is about 6 × 5.5 × 3.5 m3. A Vicon motion capture system with 12

vantage V8 cameras were used to obtain ground truth at 100 Hz.

The PRG Husky was tested on five trajectories: circle, moon, line, figure8

9https://github.com/prgumd/PRGFlyt/wiki/PRGHusky
10https://leopardimaging.com/product/usb30-cameras/

usb30-camera-modules/li-usb30-m021/
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Table F.2: Quantitative evaluation of different warping combination for Pseudo-similarity
estimation.

Network (Warping)
Escale (px.) ↓ Etrans (px.) ↓ FLOPs (G) ↓ Num. ↓
γ1 γ2 γ1 γ2 Params (M)

Identity 11.4 22.8 10.3 20.4 – –
VanillaNet1 (PS×1) 2.4 15.0 1.3 12.5 0.37 2.07
VanillaNet1 (PS×1) DA 4.1 17.7 2.3 14.2 0.37 2.07
VanillaNet2 (PS×2) 2.2 9.9 1.4 12.4 0.42 2.17
VanillaNet2 (S×1, T×1) 2.5 15.2 1.5 12.2 0.46 2.10
VanillaNet2 (T×1, S×1) 2.5 15.1 1.5 12.5 0.42 2.15
VanillaNet4 (PS×4) 2.3 11.9 1.5 14.9 0.42 2.15
VanillaNet4 (S×2, T×2) 2.6 15.4 1.6 12.6 0.46 2.08
VanillaNet4 (T×2, S×2) 2.0 8.5 1.5 12.5 0.46 2.08
VanillaNet4 (T×2, S×2) γ2 2.7 2.8 4.6 7.2 0.46 2.08

Table F.3: Quantitative evaluation of different network architectures for Pseudo-similarity
estimation using T×2, S×2 warping block for large model (≤8.3 MB).

Network
Escale (px.) ↓ Etrans (px.) ↓ FLOPs (G) ↓ Num. ↓
γ1 γ2 γ1 γ2 Params (M)

Identity 11.4 22.8 10.3 20.4 – –
VanillaNet4 1.9 6.4 1.5 12.4 0.46 2.08
ResNet4 1.7 15.1 0.9 10.1 0.59 2.12
SqueezeNet4 2.1 5.7 2.2 13.8 2.20 2.12
MobileNet4 4.0 14.2 1.6 12.0 0.41 2.04
ShuffleNet4 6.4 17.4 3.0 13.9 1.20 2.10

Table F.4: Quantitative evaluation of different network architectures for Pseudo-similarity
estimation using T×2, S×2 warping block for small model (≤0.83 MB).

Network
Escale (px.) ↓ Etrans (px.) ↓ FLOPs (G) ↓ Num. ↓
γ1 γ2 γ1 γ2 Params (M)

Identity 11.4 22.8 10.3 20.4 – –
VanillaNet4 3.3 8.9 3.1 14.0 0.18 0.21
ResNet4 4.4 12.5 2.4 12.1 0.20 0.20
SqueezeNet4 2.4 5.6 4.0 14.9 0.19 0.20
MobileNet4 8.3 18.7 3.7 13.4 0.16 0.20
ShuffleNet4 8.3 17.6 4.6 15.7 0.13 0.21

and square which involve change in both attitude and altitude with an average velocity

of about 0.5 ms−1 and a maximum velocity of 1.5 ms−1.

F.5 Discussion

F.5.1 Algorithmic Design

We answer the following questions in this section:
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Table F.5: Quantitative evaluation of different network inputs for Pseudo-similarity esti-
mation using T×2, S×2 warping block for large model (≤8.3 MB).

Testing Data (Training Data)
Escale (px.) ↓ Etrans (px.) ↓
γ1 γ2 γ1 γ2

Identity 11.4 22.8 10.3 20.4
I (I) 2.0 8.5 1.5 12.5
G (I) 1.8 6.3 1.5 12.3
G (G) 2.7 14.1 1.6 12.7
Z(I) (Z(I)) 13.1 9.4 10.4 16.0
G (Z(I)) 11.8 20.7 9.8 19.8
I (Z(I)) 13.1 22.5 10.5 20.1
Z(I) (G) 8.5 19.8 4.1 17.6
Z(I) (I) 17.2 20.1 4.2 17.4

Table F.6: Quantitative evaluation of different loss functions for Pseudo-similarity esti-
mation using PS×1 warping block for large model (≤8.3 MB).

Loss Function (Architecture)
Escale (px.) ↓ Etrans (px.) ↓ FLOPs (G) ↓ Num. ↓
γ1 γ2 γ1 γ2 Params (M)

Identity 11.4 22.8 10.3 20.4 – –
Supervised Ls (VanillaNet1) 2.4 15.0 1.3 12.5 0.37 2.07
DRobust (I, C(I)) (ResSqueezeNet1) 12.9 25.2 7.2 11.7 1.01 2.18
DSSIM (I) (ResSqueezeNet1) 3.4 21.2 6.0 13.8 1.01 2.18
DSSIM (I) + 0.1DL1 (C(I)) (ResSqueezeNet1) 2.0 16.1 6.2 14.6 1.01 2.18
DSSIM (I) + 0.1DL1 (Z(I)) (ResSqueezeNet1) 2.7 16.6 6.4 13.6 1.01 2.18
DL1 (DB (E)) [35] 5.4 17.7 3.7 16.5 4.92 3.6
DChab (DB (E)) [35] 5.1 17.1 3.4 16.7 4.92 3.6
Supervised DB (E) [35] 4.1 16.2 3.3 15.1 4.92 3.6

Table F.7: Quantitative evaluation of different compression methods for Pseudo-similarity
estimation using PS×1 warping.

Method
Escale (px.) ↓ Etrans (px.) ↓ Escale (DA) (px.) ↓ Etrans (DA) (px.) ↓
γ1 γ2 γ1 γ2 γ1 γ2 γ1 γ2

Identity 11.4 22.8 10.3 20.4 11.4 22.8 10.3 20.4
Teacher from Scratch 2.4 15.0 1.3 12.5 4.3 17.2 2.5 14.1
Student from Scratch 3.5 9.9 2.8 13.2 4.2 16.8 4.2 16.0
Projection Loss Student [234] 3.7 10.9 2.8 13.1 8.0 17.7 4.2 15.2
Model Distillation Student [235] 3.8 12.3 2.7 13.4 7.2 17.7 4.0 15.2

1. What is the best warp combination?

2. What network architecture is the best? Does the best network architecture vary with

respect to the number of parameters?

3. How does the input affect performance of a network?
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Table F.8: Comparison of PRGFlow with different classical methods.
Method Escale (px.) ↓ Etrans ↓ (px.) Escale (DA) (px.) ↓ Etrans (DA) (px.) ↓ Time (ms) ↓
Identity 11.4 10.3 11.4 10.3 –
Supervised Ls 1.9 1.5 4.1 2.3 1.1∗

FFT Aligment [236] 0.3 0.1 13.4 6.0 35.5
SURF [237] 0.4 0.1 11.2 1.3 17.6
ORB [238] 0.6 0.1 11.5 1.4 12.9
FAST [239] 0.8 0.2 12.0 1.3 55.9
Brisk [240] 0.7 0.2 13.0 1.4 38.7
Harris [241] 0.4 0.1 10.9 1.4 60.2
∗ On all cores.

4. What is the best way to compress a model?

5. When is it advisable to choose deep learning for odometry estimation?

The performance of different IC-STN warp combinations for VanillaNet are given

in Table F.2. The in-domain and out-of-domain test results have a headings of γ1 and

γ2 respectively. All the networks were trained using supervised l2 loss (Eq. F.2). Note

that, the networks were constrained to be ≤8.3 MB. Under this condition, one can clearly

observe the following trend when only using PS blocks for warping – as the number

of warping blocks increases the performance reaches a maximum and then deteriorates.

This is because the number of neurons per warp block directly affects the performance,

and increasing the number of warp blocks without increasing model size hurts accuracy

when the number of neurons per warp block become small. An interesting observation

is that predicting translation before scale almost always results in better performance and

also decoupling the predictions of scale and translation using S and T blocks generally

results in better performance (lower pixel error) as compared to predicting them together

using PS blocks. This is serendipitous. As drift in the X and Y position are generally

higher, one could obtain these positions faster (since only a part of the network is used
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Figure F.4: (a) Accuracy, (b) Accuracy per Kilo param, (c) Accuracy per Kilo OP for
different network architectures. Blue and orange histograms denote small (≤0.83 MB)
and large (≤8.3 MB) networks respectively. Here the following shorthand is used for
network names: VN: VanillaNet, RN: ResNet, SqN: SqueezeNet, MN: MobileNet and
ShN: ShuffleNet. All networks use T×2, S×2 warping configuration.
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for output) and at higher frequency than the Z position [242].

We also observe that training and testing with data augmentation of brightness,

contrast, hue, saturation and Gaussian noise worsens the average performance by 73%

(comparing rows 2 and 3 in Table F.2) since the network now has to learn to be agnostic

to a myriad of image changes. Also, training on γ2 (last two rows of Table F.2) decreases

the average error by 62% when testing on γ2 - we speculate it will further decrease with

increasing model size. This shows that as the deviation range in training increases, one

can require more parameters for the same average performance. Overall the best perform-

ing warp configuration is T×2, S×2 when considering an average of both in-domain and

out-of-domain tests.

Next, let us study the performance with different network architectures. We use

T×2, S×2 warps for all the networks, and they are trained using supervised l2 loss (Eq.

F.2). The results for networks constrained by model size ≤8.3 MB and ≤0.83 MB can be

found in Tables F.3 and F.4 respectively. For ease of analysis, the results are also visually

depicted in Fig. F.4. One can clearly observe that ResNet gives the best performance

for both small and large networks (Fig. F.4a) and should be the network architecture

of choice when designing for maximizing accuracy without any regard to the number of

parameters or amount of OPs (operations). However, if one has to prioritize maximizing

accuracy whilst minimizing number of parameters, then SqueezeNet and ResNet would

be the choice for smaller and larger networks respectively (Fig. F.4b). Another trend

one can observe is that one would need 10× more parameters for a 19% increase in

accuracy. Lastly, if one has to prioritize in maximizing accuracy whilst minimizing the

number of OPs, then SqueezeNet and MobileNet would be the choice for smaller and

244



larger networks respectively (Fig. F.4c). Clearly, the most optimal architecture in-terms of

accuracy, number of parameters and OPs is SqueezeNet for smaller networks and ResNet

for larger networks. The effect of the choice of network architecture is fairly significant

on the accuracy, number of parameters and OPs and needs to be carefully considered

when designing a network for deployment on an aerial robot. Also, note that sometimes

using a classical approach to solve a small part of the problem can significantly simplify

the learning problem for the network thereby maximizing accuracy and minimizing the

number of parameters and OPs [34].

To gather more insight into what data representation is more important for odometry

estimation, we explore training and testing on the following data representations: (a) RGB

image, (b) Grayscale image, (c) High pass filtered image. We choose the T×2, S×2 warp

configuration and the VanillaNet4 architecture trained using supervised l2 loss constrained

by model size ≤8.3 MB. Table F.5 summarizes the results obtained. Surprisingly, training

on RGB images and evaluating on RGB images gives worse performance in the testing

both for in-domain (γ1) and out-of-domain (γ2) ranges than testing on grayscale data.

We speculate that this is due to conflicting information in multiple channels. Another

surprising observation is that training and/or testing on high-pass filtered images results

in large errors, which is contrary to the classical approaches. We speculate that this is

because conventional neural networks rely on “staticity” of the image pixels (image pixels

change slowly and are generally smooth).

We also explore the state-of-the-art self-supervised/unsupervised loss functions to

test for claims of better out-of-domain generalization. We choose half-sized (≤4.15 MB)

ResNet (to output scale) and SqueezeNet (to output translation) denoted as ResSqueezeNet
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trained using PS×1 blocks for this experiment since it empirically gave us the best results

(we exclude other architecture results for the purpose of brevity). We also include results

from a VanillaNet1 trained using PS×1 blocks using the supervised l2 loss function to

serve as a reference (Refer to Table F.6). We observe that scale error when using SSIM

and cornerness (obtained using a heatmap as the output of [243]) in the loss approaches

the performance of the supervised network, but the translation error is almost three times

that of the supervised network. Surprisingly, the supervised network also performs better

than most unsupervised networks on out-of-domain tests. This hints that we need better

loss functions for unsupervised methods and better network architectures to take advan-

tage of these unsupervised losses. From a practitioner’s point of view, the supervised

networks perform better and generalize better to out-of-domain. Another keen insight is

that focusing on crafting better supervised loss functions may lead to a massive boost in

performance.

Finally, we explore different strategies to compress the network. We specifically

consider a setup where we compress a 8.3 MB model VanillaNet1 PS×1 to a 0.83 MB

model VanillaNet1 PS×1. We test three different methods, (a) direct dropping of weights,

(b) projection inspired loss and (c) model distillation. In the first method, we reduce the

number of neurons and number of blocks to reduce the number of weights and train the

smaller network from scratch. In the second method, we train both the larger and smaller

networks together as given by Eq. F.12 [234]. Here, h̃T , h̃S denote the predictions from

the teacher and student network respectively. We choose λ1, λ2, λ3 as 1.0, 1.0 and 0.1

respectively. In the third method, we use an already trained teacher network (large 8.3

MB model) and define the loss to learn the predictions of the teacher using the student

246



(small 0.83 MB model) as given by Eq. F.13 [235]. When no data augmentation is used,

we observe that directly dropping weights gives the best performance (Refer to Table

F.7). However, when the data augmentation is added the model distillation gives the best

results, albeit only slightly better than directly dropping of weights. This observation is

contrary to that observed with classification networks where massive boosts in perfor-

mance are observed when using either Eq. F.12 or F.13. From a practitioner’s point of

view, the simplest method of directly dropping weights work the best for regression net-

works like the one used in this work and can provide up to 10× savings in the number

of parameters and OPs at the cost of ∼19% accuracy. The same effect is observed when

training and testing with and without data augmentation.

LProj = λ1Ls

(
ĥ, h̃T

)
+ λ2Ls

(
ĥ, h̃S

)
+ λ3Ls

(
h̃T , h̃S

)
(F.12)

LTS = Ls

(
h̃T , h̃S

)
(F.13)

To address the elephant in the room, we try to answer the following question:

“When should one use deep learning over a traditional approach?” We compare the pro-

posed deep learning approach PRGFlow to the common method of fast feature matching

on aerial robots in Table F.8. Note that the runtime for traditional methods are given for

MATLAB11 implementations on one thread of the Desktop PC to standardize the libraries

and optimizations used. Up to 5× and 10× speedup can be obtained using efficient C++

implementations on a multi-threaded CPU and GPU respectively (we don’t explore this

11https://www.mathworks.com/products/matlab.html
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Figure F.5: Weight vs. FPS for VanillaNet4 (T×2, S×2) on different hardware and soft-
ware optimization combinations. Left: small (≤0.83 MB) model, right: large (≤8.3 MB)
model. The radius of each circle is proportional to log of volume of each hardware (this is
shown in the legend below the plots with volume indicated on top of each legend in cm3).
The outline on each sample indicates the configuration of quantization or optimization
used (Float32 (red outline) is the original TensorFlow model without any quantization
or optimization, Int8-TFLite (black outline) is the TensorFlow-Lite model with 8-bit
Integer quantization and Int8-EdgeTPU (blue outline) is the TensorFlow-Lite model
with 8-bit Integer quantization and Edge-TPU optimization. The samples are color coded
to indicate the computer it was run on (shown in the legend on the bottom). Also note
that, Laptop and PC (Deskop) weight and volume values are not to actual scale for visual
clarity in all images. All the figures in this paper use the same legend and color coding
for ease of readability.

in our work). One can clearly observe that even with C++ implementations the traditional

handcrafted features are slower than the deep learning methods which can utilize the par-

allel hardware accelerations on GPUs. Though on the surface it seems like the traditional

methods give far superior performance in terms of accuracy (lower error), the efficacy

of deep learning approaches are brought into limelight when we train and test with data

augmentations. This simulates a bad quality camera common on smaller aerial robots.

The drop in accuracy (from no-noise data to noisy data) in deep learning approaches is

much less than that compared to traditional approaches, i.e., deep learning approaches on

an average fail more gracefully compared to traditional approaches.
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Figure F.6: Weight vs. FPS for ResNet4 (T×2, S×2) on different hardware and soft-
ware optimization combinations. Left: small (≤0.83 MB) model, right: large (≤8.3 MB)
model. The radius of each circle is proportional to log of volume of each hardware.
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Figure F.7: Weight vs. FPS for SqueezeNet4 (T×2, S×2) on different hardware and
software optimization combinations. Left: small (≤0.83 MB) model, right: large (≤8.3
MB) model. The radius of each circle is proportional to log of volume of each hardware.
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Figure F.8: Weight vs. FPS for MobileNet4 (T×2, S×2) on different hardware and soft-
ware optimization combinations. Left: small (≤0.83 MB) model, right: large (≤8.3 MB)
model. The radius of each circle is proportional to log of volume of each hardware.
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Figure F.9: Weight vs. FPS for ShuffleNet4 (T×2, S×2) on different hardware and soft-
ware optimization combinations. Left: small (≤0.83 MB) model, right: large (≤8.3 MB)
model. The radius of each circle is proportional to log of volume of each hardware.
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Figure F.10: Weight vs. FPS for the best model architecture on each hardware coupled
to the best software optimization combination. The radius of each circle is proportional
to log of volume of each hardware. The best model architecture and model optimization
for each hardware are: Up: ResNetS-Float32, CoralDev: ResNetS-Int8-EdgeTPU,
CoralUSB: ResNetS-Int8-EdgeTPU, NanoPi: ResNetS-Int8, BananaPiM2-Zero:
ResNetS-Int8, TX2: SqueezeNetS-Float32, Laptop-i7: SqueezeNetS-Float32,
Laptop-1070: SqueezeNetS-Float32, PC-i9: SqueezeNetS-Float32, PC-TitanXp:
SqueezeNetS-Float32. All networks use T×2, S×2 configuration and S and L sub-
scripts indicate small and large networks respectively. The best network for each hard-
ware was chosen with the avg. error ≤ 2.5 px. and the configuration which gives the
higest FPS.
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Figure F.11: Num. of Params vs. FPS (a) when only increasing the depth of the network
while keeping width constant, (b) when only increasing the width of the network while
keeping depth constant, (c) when increasing a combination of depth and width of the
network for different computers.
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Figure F.12: Total Power vs. Quadrotor Size at hover. Each sample is a pie chart which
shows the percentage of power consumed by the motors in red and compute and sensing
power in blue. The radius of the pie chart is proportional to the power efficiency (in g/W
and is given as the ratio of hover thrust to hover power). Refer to the legend on the bottom
(gray circles) with the numbers on top indicating power efficiency in g/W.

1
1.2

Z
 (

m
)

2.5

1.4

-2.5

2-2

1.5

X (m)

-1.5

Y (m)

1-1

0.5-0.5

00

1

Z
 (

m
) 1.2

-2
1.5

-1.5
1

-1
0.5

X (m)

-0.5

Y (m)

0
0

-0.5
0.5

-1
1

-1.5

GT
Pred

1
1.2

Z
 (

m
) 1.4

-2

-1.5

-1

-0.5 2.5

X (m)

0 2
0.5

Y (m)

1.5
1 1

1.5 0.5

0.5

1

0.5

1

1.5

X (m)

1.5

2

2

Z
 (

m
)

2.5

2.5

Y (m)

0

3

0
0.2

Z
 (

m
)

-2

0.4

3.5-1.5
3-1

2.5-0.5

X (m) Y (m)

20
1.50.5

11
0.51.5

0

a                                                                       b                                                                        c

d                                                      e

Figure F.13: Comparison of trajectory obtained by dead-reckoning (red) our estimates
with respect to the ground truth (blue) for quadrotor flight in various trajectory shapes.
(a) Circle, (b) Moon, (c) Line, (d) Figure8 and (e) Square.
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F.5.2 Hardware Aware Design

We answer the following questions in this section:

1. How fast do different network architectures run on a variety of computing platforms

subject to weight and volume constraints?

2. What is the most efficient network architecture for a given hardware abiding the

SWAP constraints?

3. How does varying network width and depth affect the speed of different network

architectures on different computing platforms?

4. Which hardware setup is more power efficient?

5. How significant is power used for computing compared to power used by other

quadrotor components?

Table F.9: Different-sized Quadrotor Configuration with respective computers.
Quadrotor Propeller

Motor
Computing Computer ↓ Total ↓ Auto. Thrust ↑ Auto. Hover ↓ Hover ↓ ρ ↓

Size (mm) Size (mm) Board Weight (g) Weight (g) to Weight Power (W) Power (W)
75 40 Happymodel SE0706 15000KV Nano Pi 7 62 1.43 33 17 1.92
120 63 T-Motor F15 Pro KV6000 Nano Pi + Coral USB 29 209 4.67 98 72 1.36
160 76 T-Motor F20II KV3750 Nano Pi + Coral USB 29 279 4.93 75 49 1.53
210 152 EMAX RS2306 KV2750 Coral Dev Board 136 536 9.91 106 64 1.67
360 178 T-Motor F80 Pro KV1900 NVIDIA® NVIDIA® JetsonTM TX2 200 1100 7.69 318 222 1.43
500 254 iFlight XING 2814 1100KV NVIDIA® NVIDIA® JetsonTM Xavier AGX 600 2000 4.98 657 551 1.19
650 381 Tarot 4414 KV320 Intel® NUC + NVIDIA® JetsonTM Xavier AGX 1300 3900 2.72 603 405 1.49

In the wise words of Alan Kay, a pioneer in computer engineering “People who are

really serious about software should make their own hardware” one would ideally want

to design a hardware chip for a specific SWAP constraint dictated by the size and amount

of features desired in the aerial robot. This can generally only be achieved by the elite

drone manufacturing companies owing to the exorbitant non-recurring engineering cost,
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Table F.10: Trajectory evaluation for flight experiemtnts of PRGFlow.

Trajectory
Error (m) ↓ Traj.

X Y Z RMSE Length (m)
Circle 0.04 0.06 0.14 0.12 12.21
Moon 0.06 0.08 0.08 0.09 11.67
Line 0.06 0.06 0.10 0.09 3.84
Figure8 0.03 0.03 0.05 0.05 10.91
Square 0.04 0.05 0.10 0.08 10.77

thereby, putting research labs at a handicap. However, due to the rising Internet of Things

(IoT) technologies and computers required to fit tight SWAP constraints researchers can

repurpose these computers for efficient utilization on quadrotors (or aerial robots in gen-

eral). In this spirit, we limit our analysis to commonly used computers designed for IoT

purposes which are repurposed for use on aerial robots. The computers used in our ex-

periments are summarized in Table F.1 and discussed in more detail in Subsec. F.3.5.

Refer to Figs. F.5, F.6, F.7, F.8 and F.9 for a plot of Weight vs. FPS (Frames Per

Second) vs. volume of the computer for VanillaNet, ResNet, SqueezeNet, MobileNet

and SqueezeNet respectively. All the networks include both small (≤0.83 MB) and large

(≤8.3 MB) configurations training using supervised l2 loss function and optimized using

different post-quantization optimizations such as Int8-TFLite and Int8-EdgeTPU.

We exclude results from Float32-TFLite due to inferior performance without any

significant speedups as compared to the original Float32 model. On can clearly ob-

serve that for all the networks the desktop and laptop give the best speed (highest FPS)

but also have the largest weights. It would be advisable to gut out a gaming laptop and use

it on a larger quadrotor (≥650 mm) due to the availability of integrated NVIDIA® mobile

GPUs with a large amount of CUDA® cores which can be used to accelerate both deep
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learning and traditional computer vision tasks. An important factor to realize is that using

Int8-EdgeTPU optimization to run on either the Coral Dev board or the Coral USB

accelerator can provide significant speed-ups of up to 52× compared to Int8-TFLite

without significant loss in accuracy. However, not all operations are supported in Ten-

sorFlow Lite and even less operations are supported for EdgeTPU optimization. Also, a

drop in speed when going from a smaller model to a larger model is less significant in

coral boards due to efficient TPU architecture. Hence, it is advisable to use the Coral Dev

board or the Coral USB accelerator whenever possible. We also exclude Intel®’s Movidus

Neural Compute sticks in our analysis since they provide inferior performance than Coral

boards, are harder to use, weigh more and are larger.

A non-obvious observation is that the Int8-TFLite execution speed is much

lower than the Float32 model on laptops and desktops (both CPU and GPU). This is

because of lack of optimized 8-bit integer instruction sets which are generally present

in lower-end ARM computers such as the NanoPi and BananaPi. We can also observe

a similar drop in performance of up to 2.6× when AVX and SSE optimized instruction

sets are not used on the desktop (Fig. F.5, datapoint indicated as PC-i9 NoAVX). The

lack of good performance of the Up board can also be pinned to the lack of AVX and

SSE instruction sets and should be avoided for neural network tasks if not coupled to a

neural network acclerator such as the Intel® Movidius compute stick or the Coral USB

accelerator. We also observe speedups of upto 1.7× on the NanoPi and BananaPi by con-

verting a Float32 model to Int8-TFLite due to accelerated NEON instruction sets.

Also, note that ShuffleNet models do not support Int8-TFLite and Int8-EdgeTPU

optimizations due to unsupported layers. Another interesting observation is that, ResNet
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(both smaller and larger) and smaller SqueezeNet models achieve almost the same speed

on both CPUs and GPUs on the desktop computer.

We choose as the best network architecture and configuration (small versus large)

for each hardware, the one which has an average error ≤2.5 px. and gives the maximum

speed. These results are illustrated in Fig. F.10. For smaller boards like NanoPi and

BananaPi it is recommended to use the smaller ResNet with Int8-TFLite optimiza-

tion and for coral boards Int8-TFLite optimization should be used. For the medium

sized board TX2 it is advisable to use the smaller SqueezeNet without any optimization

(however, we did not explore TensorRT optimization which can result in a 5-20× speedup

since we limit our analysis to the TensorFlow on PythonTM only environment for ease of

use). Again, for larger computers such as a laptop (expect similar performance with a

NUC + Jetson Xavier AGX) and a desktop, the smaller SqueezeNet model gives the best

performance.

To gather insight into which network dimension (width versus depth) affects the

speed the most and to observe the trend on different computers, we measured the speed

by varying depth only (Fig. F.11a), width only (Fig. F.11b) and width + depth together

(Fig. F.11c). All the networks used in this experiment were VanillaNet1 (PS×1) for

consistency. One would expect that increasing depth and width should result in a drop in

speed, but this is not always the case. The speeds peak for specific depth/width values

(different for different computers) when the perfect balance of memory accesses, size of

convolution filters and OPs is achieved. This is more prominent in smaller computers as

compared to larger ones (laptop and desktop). This has to be carefully considered when

designing networks for use on aerial robots. Also, note that the rate of drop in FPS is more
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significant with increase in width. A similar trend is observed in Fig. F.11c. When the

depth is increased and the width is decreased there is a sudden increase in FPS towards

the end. Finally, performance using Coral with NanoPi can give higher FPS compared

to the desktop or laptop when the models are smaller. Hence, using multiple NanoPi

+ Coral configurations can be more efficient (in-terms of weight and volume) on larger

aerial robots as well.

We categorized quadrotors into six standard configurations based on their size –

from 75 mm to 650 mm (pico to large sized), abiding the SWAP constraints. Refer to

Table F.9 and Fig. F.12. Each quadrotor is configured with a suitable motor, propeller

size and most powerful computer that fits the respective quadrotor frame. We define ρ as

the ratio of hover power with and without computer. Most literature only talks about the

amount of power the on-board computer uses, but this only highlights half of the story.

Adding a computer to a quadrotor (to make it autonomous) not only consumes power from

the battery but also adds weight which in-turn makes the motor power consumption higher

at hover (one would need more thrust to keep the quadrotor flying). Generally, the power

efficiency (thrust to power ratio in g/W) decreases with an increase in thrust aggravating

the situation further. The essence of this is quantified by ρ which indicates how much

more power the autonomous quadrotor uses compared to a manual one with the same

configuration (excluding computer and sensors). A value of ρ = 1.0 is the theoretical

best, and the larger the value (above 1.0), the more inefficient the setup. One could clearly

observe that the amount of thrust directly increases with quadrotor size as it should but

the thrust-to-weight ratio follows a parabolic curve (opening at the top) which achieves a

maximum value at 210 mm size. This is due to efficient motor design perfected for racing
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quadrotors. We also observe that for smaller quadrotors (≤75 mm) the power overhead

due to adding the computer is significant (as high as 92%). The power overhead decreases

and then increases again as size increases due to the addition of multiple computers at 650

mm size. Also, note that for aggressively flying quadrotors the value of ρ will decrease

significantly since we choose the most efficient hovering motors available on the market

to maximize battery life. Fig. F.1 shows four different sized quadrotors, computers and

other commonly used quadrotor electronics for a size comparison. We also show how

small a hardware designed from the ground-up (Snapdragon flight) can be. We exclude

this from our discussions since the smaller model of Snapdragon flight is currently phased

out by Qualcomm. Finally, we also experimented with the Sipeed Maix Bit which is a low

power neural network accelerator (< 1 W of power) weighing only 20 g with a camera

and which can be used on smaller sized quadrotors. However, due to lack of ease of use

we exclude it from our discussion.

F.5.3 Trajectory Evaluation

The predictions h̃ (VanillaNet4 T×2, S×2 large model trained using supervised l2

loss) are obtained every four frames and are integrated using dead-reckoning to obtain

the final trajectory. The trajectory is aligned with the ground truth and evaluated using

the approach given in [244]. The errors in inidividual axes (l1 distance) and all axes

(RMSE) are given for various trajectories in Table F.10 and are illustrated in Fig. F.13.

We notice that even with simple dead-reakoning we obtain an RMSE of less than 3% of

the trajectory length highlighting the robustness of the proposed PRGFlow.
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F.6 Summary And Directions For Future Work

A summary of our observations are given below:

• The effect of the choice of network architecture is fairly significant on the accuracy,

number of parameters and OPs and needs to be carefully considered when designing

a network for deployment on an aerial robot.

• Although number of parameters is inversely correlated to speed, sometimes increas-

ing the number of parameters (depth or width) can achieve a speedup due to a better

balance in memory accesses, size of convolution filters and OPs which is more sig-

nificant in smaller computers than larger ones.

• It is advisable to use supervised methods for odometry estimation since they are

much easier to train and are generally more accurate than their unsupervised coun-

terparts. The loss in accuracy from simulation training to real world is insignificant

if enough variation in samples is used which have real world images.

• For odometry related regression problems, the simplest method of dropping weights

works as well as more complex distillation methods.

• Accelerated instruction sets can provide huge speedups and should not be neglected

for neural network based methods.

• Lastly, deep learning based odometry have two main advantages: they are gener-

ally faster due to hardware parallelization and fail more gracefully (work better in

adverse scenarios) when compared to their classical counterparts.
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• A combination of both classical and deep learning methods to solve a problem

generally would yield better explainability and preformance gains.

Based on the observations and empirical analyses we hope the following directions

for future work can further enhance ego-motion/odometry capabilities using deep learn-

ing.

• Crafting better supervised loss functions (probably on manifolds) should yield more

accurate and robust results and probably will surpass advantages of un-supervised/self-

supervised methods given enough domain variation.

• Formulating problems as nested loops can further simplify problems and provide

better explainability than end-to-end deep learning. Also, this enables solving cer-

tain problems directly with simple mathematical formulations which can further

decrease the number of neurons/OPs required, thereby reducing latency in most

cases.

• Utilizing multi-frame constraints can significantly boost performance of deep odom-

etry systems.

• Better architectures need to be designed to fully utilize the capabilities of un-

supervised/self-supervised methods of deep odometry estimation.

F.7 Conclusions

We presented a simple way to estimate ego-motion/odometry on an aerial robot us-

ing deep learning combining commonly found sensors on-board: a up/down-facing cam-
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era, an altimeter source and and IMU. By utilizing simple filtering methods to estimate

attitude one can obtain “cheap” odometry using attitude compensated frames as the input

to a network. We further provided a comprehensive analysis of warping combinations,

network architectures and loss functions. All our approaches were benchmarked on dif-

ferent commonly used hardware with different SWAP constraints for speed and accuracy

which we hope will serve as a reference manual for researchers and practitioners alike.

We also show extensive real-flight odometry results highlighting the robustness of the ap-

proach without any fine-tuning or re-training. Finally, as a parting thought, utilizing deep

learning when failure is often expected would most likely lead to more robust system.
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Oussama Khatib, editors, Proceedings of the 2018 International Symposium on
Experimental Robotics, pages 201–210, Cham, 2020. Springer International Pub-
lishing.

[7] Qianhao Wang, Yuman Gao, Jialin Ji, Chao Xu, and Fei Gao. Visibility-
aware trajectory optimization with application to aerial tracking. arXiv preprint
arXiv:2103.06742, 2021.

[8] Zhichao Han, Ruibin Zhang, Neng Pan, Chao Xu, and Fei Gao. Fast-tracker: A
robust aerial system for tracking agile target in cluttered environments, 2020.

[9] Guillermo Gallego, Tobi Delbruck, Garrick Orchard, Chiara Bartolozzi, Brian
Taba, Andrea Censi, Stefan Leutenegger, Andrew Davison, Jörg Conradt, Kostas

262



Daniilidis, et al. Event-based vision: A survey. arXiv preprint arXiv:1904.08405,
2019.

[10] A. Mitrokhin et al. Event-based moving object detection and tracking. In 2018
IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS),
pages 1–9, Oct 2018.

[11] G. Gallego et al. A unifying contrast maximization framework for event cameras,
with applications to motion, depth, and optical flow estimation. In The IEEE Con-
ference on Computer Vision and Pattern Recognition (CVPR), June 2018.

[12] A. Mitrokhin et al. Ev-imo: Motion segmentation dataset and learning pipeline for
event cameras. arXiv preprint arXiv:1903.07520, 2019.

[13] Anton Mitrokhin, Zhiyuan Hua, Cornelia Fermuller, and Yiannis Aloimonos.
Learning visual motion segmentation using event surfaces. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
14414–14423, 2020.

[14] Andrea Censi and Davide Scaramuzza. Low-latency event-based visual odometry.
In 2014 IEEE International Conference on Robotics and Automation (ICRA), pages
703–710. IEEE, 2014.

[15] A. Zhu et al. Event-based visual inertial odometry. In 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), pages 5816–5824. IEEE, 2017.

[16] Yi Zhou, Guillermo Gallego, and Shaojie Shen. Event-based stereo visual odome-
try. IEEE Transactions on Robotics, 2021.
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global vectors in desert ant navigation. Nature, 394(6690):269, 1998.

[39] Randolf Menzel, Konstantin Lehmann, Gisela Manz, Jacqueline Fuchs, Miriam
Koblofsky, and Uwe Greggers. Vector integration and novel shortcutting in honey-
bee navigation. Apidologie, 43(3):229–243, 2012.

[40] Mario Pahl, Hong Zhu, Jürgen Tautz, and Shaowu Zhang. Large scale homing in
honeybees. PLoS One, 6(5):e19669, 2011.

[41] Karan P Jain and Mark W Mueller. Flying batteries: In-flight battery switching to
increase multirotor flight time. arXiv preprint arXiv:1909.10091, 2019.

[42] Davide Falanga, Alessio Zanchettin, Alessandro Simovic, Jeffrey Delmerico, and
Davide Scaramuzza. Vision-based autonomous quadrotor landing on a moving
platform. In 2017 IEEE International Symposium on Safety, Security and Rescue
Robotics (SSRR), pages 200–207. IEEE, 2017.

[43] John A Dougherty and Taeyoung Lee. Monocular estimation of ground orienta-
tion for autonomous landing of a quadrotor. Journal of Guidance, Control, and
Dynamics, (null):1407–1416, 2016.

[44] Bas J Pijnacker Hordijk, Kirk YW Scheper, and Guido CHE De Croon. Vertical
landing for micro air vehicles using event-based optical flow. Journal of Field
Robotics, 35(1):69–90, 2018.

265



[45] C. E. Doyle, J. J. Bird, T. A. Isom, J. C. Kallman, D. F. Bareiss, D. J. Dunlop, R. J.
King, J. J. Abbott, and M. A. Minor. An avian-inspired passive mechanism for
quadrotor perching. IEEE/ASME Transactions on Mechatronics, 18(2):506–517,
April 2013.

[46] Daigo Shishika and Derek A Paley. Mosquito-inspired distributed swarming
and pursuit for cooperative defense against fast intruders. Autonomous Robots,
43(7):1781–1799, 2019.

[47] Dingjiang Zhou, Zijian Wang, and Mac Schwager. Agile coordination and assistive
collision avoidance for quadrotor swarms using virtual structures. IEEE Transac-
tions on Robotics, 34(4):916–923, 2018.

[48] Senthil Hariharan Arul and Dinesh Manocha. Dcad: Decentralized collision
avoidance with dynamics constraints for agile quadrotor swarms. arXiv preprint
arXiv:1909.03961, 2019.

[49] Michael Gassner, Titus Cieslewski, and Davide Scaramuzza. Dynamic collabo-
ration without communication: Vision-based cable-suspended load transport with
two quadrotors. In 2017 IEEE International Conference on Robotics and Automa-
tion (ICRA), pages 5196–5202. IEEE, 2017.

[50] Farhad A Goodarzi, Daewon Lee, and Taeyoung Lee. Geometric control of a
quadrotor uav transporting a payload connected via flexible cable. International
Journal of Control, Automation and Systems, 13(6):1486–1498, 2015.

[51] Guofan Wu and Koushil Sreenath. Geometric control of multiple quadrotors trans-
porting a rigid-body load. In 53rd IEEE Conference on Decision and Control,
pages 6141–6148. IEEE, 2014.

[52] John Aloimonos et al. Active vision. International journal of computer vision,
1(4):333–356, 1988.

[53] Jeannette Bohg et al. Interactive perception: Leveraging action in perception and
perception in action. IEEE Transactions on Robotics, 33(6):1273–1291, 2017.

[54] Ruzena Bajcsy et al. Revisiting active perception. Autonomous Robots, pages
1–20, 2017.

[55] Cornelia Fermüller, David Doermann, Daniel Dementhon, Liuqing Huang, Radu
Jasinschi, Ehud Rivlin, Rajeev Sharma, David Shulman, Bradley Stewart, and Che-
olwoo Yoo. Basic visual capabilities. 1993.

[56] Cornelia Fermüller and Yiannis Aloimonos. Vision and action. Image and vision
computing, 13(10):725–744, 1995.

266



[57] Nitin J Sanket, Chethan M Parameshwara, Chahat Deep Singh, Ashwin V Kurut-
tukulam, Cornelia Fermüller, Davide Scaramuzza, and Yiannis Aloimonos. Ev-
dodgenet: Deep dynamic obstacle dodging with event cameras. In 2020 IEEE In-
ternational Conference on Robotics and Automation (ICRA), pages 10651–10657.
IEEE, 2020.

[58] Davide Falanga, Kevin Kleber, and Davide Scaramuzza. Dynamic obstacle avoid-
ance for quadrotors with event cameras. Science Robotics, 5(40), 2020.

[59] Teodor Tomic et al. Toward a fully autonomous uav: Research platform for indoor
and outdoor urban search and rescue. IEEE robotics & automation magazine,
19(3):46–56, 2012.
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