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1.4 Past experience

Our team is a group of diverse members constituting from 3 different universities. All of them working on different
professional areas in robotics that includes computer vision, multi-autonomous vehicle systems, swarm robotics, robotic
manipulator arms, robotic control, localization and navigation, and artificial intelligence like ML, deep learning and
reinforcement learning. All of them have experience with at least one project or competition in their respective fields.

Dr Sujit P.B. himself is an expert in the field of Robotics (Multi-robotic system planning, controls and guidance). For
the cooperative target search and collective payload transport, this team consists of four students Swadhin, Raghav and
Manav. Swadhin and Manav are PhD students whose research area mainly focuses on swarm intelligence and multi-robot
systems. Raghav brings in his experience on multi-robot task planning. This challenge requires expertise on computer
vision since it will take place in a GNSS denied environment. Therefore, we have Gokul and Kasi bringing in their
experience on SLAM, visual navigation and object detection. The final component is the robotic manipulator, for which
Anushree brings in her expertise in mechatronics. She has also worked on multiple mobile manipulator systems. Adding
up to her expertise, Rajat and Prakrit are experts in the same field. All the systems are required to perform the tasks
in noisy sea environment for which we have a TCS research scholar Yogesh. He brings in his expertise in controls and
guidance that includes visual servoing for moving targets, quad rotor dynamics and control, target tracking using MPC.

Our team members have experiences with different projects and competitions. Raghav and Gokul are members of the
Project-MANAS, a team developing India’s first autonomous car. Gokul was an RA at Robotics Research Center, IIIT-
Hyderabad wherein he developed a novel navigation and planning algorithm specifically for multi-UAV system aimed at
target search. He was also awarded the MITACS Fellowship and was a researcher at Queen’s University, Kingston where
he developed the navigation and multi-agent interaction controllers for self-driving vehicles in an urban environment. The
study and the software is to be used for the SAE-Autodrive Challenge. He has represented the team and the country at
Intelligent Ground Vehicle Challenge 2019, where the team won the Grandprize, the LESCOE Cup. Raghav is also an
expert in creating animations and videos helping the team to realize the ideas in visual format. Ninad, Dhairya, Karthik
and Saad have bagged the second prize in the 7th Delta International Smart and Green Manufacturing Contest; which
is a globally conducted industrial manufacturing automation contest organized by The Ministry for Chinese Association
of Automation and Delta Electronics. Anushree has made contributions to the Navigation 2 stack as an intern in the
Open Robotics. Swadhin and Prithvi have previously contributed on IISc’s team in the previous edition of MBZIRC in
2020 wherein the team reached the final demonstration phase. They have experience on depth estimation from monocular
images. Apart from that, Swadhin, Prithvi, and Kasi have also participated in the VORC challenge in 2020 where they
worked on path planning for an autonomous vessel for it to travel through the obstacles while detecting dangerous objects
and the boundary line. Swadhin and Prithvi bring in their expertise and experience in the field of slam as they have also
participated in tartan air slam competition. Swadhin’s research work mainly focuses on collective decision making. Prithvi
is experienced in working with reinforcement learning and computer vision. Anushree and Manav have prior experience
working with quadruped locomotion of robots (Stoch2 and Stoch3 project) in Robert Bosch Centre for Cyber Physical
Systems, IISc Bangalore. Apart from this, Manav has ample experience on working with multi-agent reinforcement learning
systems. His expertise earned him the prestigious Prime Ministers Research Fellowship (PMRF) in Indian academics. His
thesis work involves working on the problem of persistent monitoring of a bounded region using multiple learning based
approaches. Kasi has been actively involved in projects related to computer vision - he had earlier worked on a social
distancing API project during the COVID 2020 which made up to the national news. We also have other members in the
group listed above who are well versed with handling of hardware’s and piloting UAVs and possessing the desired skills
set required during for the challenge.

1.4.1 Explanation and link to the video

The video contains the brief doodle animation of our idea presented in this white-paper along with some simulation results
obtained as the proof of concept to achieve the goals of this challenge.

Link to the explanation video.

2 Introduction

Day-by-day illegal actions are growing off the coast. Fighting issues like smuggling occurring through the coast and
other water bodies is important for the internal harmony, security and well-being of a region. To tackle such problems,
responsible and farsighted leaders have come up with ways to trigger the brains of the young minds. Some of them are
conducting this grand challenge called MBZIRC 2023 to utilize latest swarm technologies and the autonomous robots to
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(a) (b) (c) (d)

Figure 1: Schematics of the robots, (a) Delta wings, (b) Drones, (c) Robotic arm, (d) USV

automate coastal inspection and intervention in a secure and safe way. The task in this competition is broken into two
phases:

• Inspection, and • Intervention

In the inspection phase, a swarm of UAVs needs to monitor a large area of a water body like a coastal region near
sea ports to identify moving suspected vessels from the other vessels. Once a vessel is detected, it has to be inspected
to match it with the specifications of a target suspicious vessel. Information related to the vessel will be transmitted to
the swarm through the USV along with a boolean question for the collective decision making in order to confirm if the
identified vessel is the target vessel or not.

Once the target is confirmed through an operator, the USV+UAV swarm has to intervene for further scanning of the
vessel with a live video stream showing recognized payloads on the vessel and boolean questions being transmitted asking
the operator to confirm the recognized suspected payloads that needs to be picked from the target vessel. If the recognition
of the target vessel goes wrong with no target payload on it, the entire swarm acquires a time penalty with increasing
the mission completion time. Otherwise, the swarm of drones either lift the payloads individually if the payload is small
or they lift the payload collectively and bring it closer to the manipulator arm on the USV. Then the arm on picks up
the payload and stack it up on the USV. Once all the payloads are grabbed, the swarm proceeds towards the next target
vessel and the process continues until either the mission timeouts, or if the system fails, or if the system falls back to the
fail-safe mode or if all the target vessels are determined in time.

Based on the information provided during the series of live webinars we make the following assumptions for the white
paper phase of the competition.

• There will be at maximum two target vessels among all the vessels.

• On each target vessels, there will be two payloads at maximum, with one being a smaller (≤ 1 Kg) payload and
another larger (≤ 10 Kg).

• The target vessels will be randomly moving around in the search area with a velocity (≤ 4 Knots/sec).

• Among the information that will be given to us for recognition and localization, we expect that the following
information will be available to the robots at the start of the mission:

1. The boundary of the search area will be provided before the start of the mission. Since it will be GNSS-denied
environment, active Geo-fencing won’t be useful rather a passive Geo-fencing using high frequency RFID or
coloured totems should be provided along with their location coordinates.

2. The coordinates of the starting Gate and end Gate will be available.

3. The images and other form of information related to the target vessels and the corresponding payloads will be
given.

• The maximum size of the area that needs to be monitored is 10 sqKm.

• In general scenario, we assume that the communication link between the GCS and the USV remains intact at all
times with no kind of hindrance on line-of-sight with the GCS.

3 Technical approach

In order to achieve the goals of this challenge, we plan to deploy the set of robotic systems shown in Fig.1. The detailed
configuration of each kind of UAVs are listed in 3.1.1 and the components of USV and the robotic arm is listed in 3.1.4.
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3.1 Technical approach to solving the inspection and intervention tasks in GNSS-denied
environment

3.1.1 Description of UAV capabilities and sensors

We propose to use two different class of UAVs as listed below, one for the search task and one for the payload unloading
task from the target vessels. We do this because both the task have different physical requirements which cannot be
achieved in a single physical form of the device due to the complementing characteristics of the two task.

1. Delta wing UAVs (FW-UAV) 2. Drones

We plan to use the fixed-wings for the search task and drones for lifting the payloads and bring it closer to the manip-
ulator arm. We list here the basic physical requirements for each task.

Requirements for Delta fixed wings:

1. 4 FW-UAVs, 2 for area coverage
and 2 for examination since we
assumed less than or equal to two
vessels at maximum.

2. Flight time >1 hour

3. Cruise speed: 20m/s

4. Pix cube (75g, 15W)

5. Jetson Nano ( 100g, 10W)

6. Provided Access point on an ex-
tra FW for no-LOS communica-
tion with GCS ( 1Kg, 25W)

7. Cameras and Lidar (≤ 1Kg, 60W,
DJI Zenmuse L1)

8. TP-link Wifi adapters

9. Payload capacity 1.2 Kg

Requirements for Drones:

1. 16 Drones

2. Robotic arms (≤ 500g)

3. Flight time >25 minutes

4. Pix cube (75g, 15W)

5. Jetson Nano ( 100g, 10W)

6. Cameras (e-CAM130A CUXVR)
and Lidar (Velodyne VLP-16) (≤
1Kg, 60W)

7. TP-link Wifi adapters.

8. NRF 24L01 communication mod-
ules.

9. Payload capacity 2.7 Kg

3.1.2 Description of autonomous multi-UAV interaction and coordination methods for search, identifica-
tion and localization

We propose to implement the lawn mower strategy in order to cover the entire search area using the delta-wings. The
set of four delta-wings is divided into two sub classes called as the leader wings and the follower wings. The two leader
delta-wings mainly trace the pre-generated way-points using the boundary coordinates at an altitude of about 400m to
500m. The other two follower delta-wings mainly trace the mid points of the lawn mower iterations at lower altitude of
around 10m to 15m.

With the following arguments, we can guarantee that the target vessel cannot sneak into the searched area without
passing through the searching FW-UAVs with target vessels moving at a velocity of ≤ 4 Knots/sec.

First of all, given the boundary of the competition area, we compute the convex hull and approximate the area to the
smallest rectangle containing the entire region as shown in Fig.2(a). On this rectangle, we generate the way-points such
that the entire region is covered using maximum of two FW-UAVs. The two worst case area that needs to be searched
through such a method are:

1. A square area of side 3.33Km. 2. A Rectangle area of size 1Km× 10Km.

In these two scenarios, the lawn-mower is reconfigured by modifying the lengths of the iterations as shown in Fig.2(b)
& (c). In order to guarantee the no sneak condition for the target vessels to the previously searched area, we compute
the time that each FW-UAV takes to finish one complete iteration of the lawn-mower at any time t as shown in Fig.3(b).
Without loss of generality, we can consider the case that is shown in Fig.3(b). The squares depict the area under the
vision at an instant. In worst case I, the FW-UAVs will travel 1065m to and 1065m fro to complete one iteration and while
changing the row, the FW-UAV covers 300m extra. Therefore, a total of 2430m. As the cruise speed of the FW-UAVs
are 20m/s, this distance can be covered in approx 125sec. Given the maximum speed of target vessels, the target vessel
can cover not more than 250m in this time period. Since, the iterations of lawn-mower has an overlap area of 300m, the
target vessel will be caught before it crosses the vision range of the searching FW-UAVs.
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(a) (b) (c)

Figure 2: Search area, (a) Convex hull approximation, (b) Worst case I, (c) Worst case II
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Figure 3: Area coverage and no intrusion condition, (a) FOV and camera angle control, (b) Guaranteeing no intrusion

In this method, in worst case I, the entire region will be searched once completely in approximately 12 minutes.
Whereas in worst case II, it will be covered in approximately 8.5 minutes. So, we can guarantee that in 12 minutes, we
should be able to search all the vessels and confirm the target vessels with the help of inspecting follower FW-UAVs.

The camera angle while moving along the straight line is calculated using the Eq.1[1] along with countering the roll
angle of the delta-wing on the camera.

ψ = 90o − arcsin ((2h tanα/2)/600) + β/2 (1)

However, while turning during changing the row of the lawn mower, we rotate the camera using Eq.2 along the z-axis
of the delta-wing body frame.

180o − vt/r (2)

During turning the angle ψ is controlled using the Eq.3 along with countering the pitch angle of the delta-wing on the
camera.

ψ = 90o − arcsin ((2h tanα/2)/600) + β/2 + arctan (r sin(vt/r)/h) (3)

After the searching FW-UAVs spot any vessel using the recognition method described in 3.1.6, it is added to a queue
maintaining the relative pose, spotting FW-UAVs Id, time stamp of the spotted vessels. This queue is then communicated
to the follower wing. The followers then start inspecting each vessel by searching in a circular area whose radius is
calculated as described in Eq.4.

(tspotted − tqueue element selected +
|Posefollower − Posevessel|

20m/s
) ∗ 2m/s (4)

After the vessel is inspected, based on whether the vessel matches with target vessel or not, it is streamed back to the
operator to confirm if the target vessel is recognized correctly. If it has recognized the target vessel, then the inspecting
follower switches to the object tracking mode described in 3.1.6. The other follower keeps inspecting the vessels in queue
until the other target vessel is found.
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Figure 4: Communication network [2]

3.1.3 Description of communication and video streaming methodology between UAV+USV system

For communication, we assume that we will be provided with an access point for the USV-UAV swarm to communicate
with the GCS. We propose to mount the access point on USV with the condition that the line of sight never breaks off. For
the USV-UAV swarm communication, we propose to use the TP link WBS210 on the USV with tp-link wifi adapters on
all the UAVs and along with that, we will be using NRFL01 modules on all the drones for the inter drones communication
for highly accurate localization due to low-latency communication.

3.1.4 Approach to mounting and controlling the Robotic arm on USV for the marine environment

The USV will host the following set of devices for computation, communication, sensing and controlling the ARM:

• Pix cube

• AGX Xavier

• Lidar

• e-CAM130A CUXVR Cameras

• TP-Link WBS210 Base station

Given a payload of 10kg, the manipulator selected for this task is the UR10e manipulator with a payload lifting
capacity of 12.5 kg and a reach of 1.3 m (51.2 in). Owing to the high-payload to be grasped, there is a need of grasping
large objects and achieving high strength grasps. Furthermore, there is uncertainty regarding the shape and material of
the object to be grasped.

We propose the use of a combination of fluidic elastomer actuators and gecko-inspired adhesives to both enhance
existing soft gripper properties and generate new capabilities. The actuator is made proprioceptive with the use of a bend
sensor for proprioception. Elastomer actuators provide an active mechanism for controlling the surface area in contact.
Positive pressure bends the actuators towards an object. Applying a vacuum bends the actuator away and disengages the
gripper. Increasing actuator pressure also stiffens the actuator, useful for applying torques.

The gripper can operate at higher pressure to maximize the contribution of both adhesion-controlled friction and
bending stiffness from the elastomer actuators. The elastomer actuators create force closure and the gecko-inspired
adhesives prevent shear sliding, significantly enhancing pull out strength.

Properties of Actuator Material
Silicone
name

Demold
Time

Elongation
at Break

Tear
Strength

Mass den-
sity (gcc−1)

DragonSkin
20

4 hours 620% 120 pli 1.31
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(a) (b) (c)

Figure 5: Gripper Design, (a) A single actuator, (b) Channels for fluid, (c) Gripper

The proposed gripper design will be a multi-actuator soft robotic system consisting of three adhesive actuators, and
will be able to lift 11.3kg payload at around 40 kPa of pressure [3]

Mounting of Manipulator on U.S.V.
The arm is mounted on the usv using a mounting plate fitted with an IMU, at a height greater than 500mm. An IMU

sensor is fitted on the mounting plate to detect turbulence. A custom-designed variable height stand is mounted rigidly
onto the USV.

Weight of Manipulator System for Intervention Task
Component Weight (kg)
UR10e arm 33
Soft robotic Gripper 1.2
Mounting System 5.6

(a) (b)

Figure 6: Mount, (a) Right view of the mounting system, (b) Top view of the mounting system

3.1.5 Description of physical interaction and motion coordination between UAVs, USV and the Robot
arm

Impedance Control
The pick-and-place task is a contact task, as it produces an interaction force with the external environment. In the

contact-type tasks of the robot, it is necessary to introduce force control in order to adjust the output force of the end-
effector in real time and ensure the safety of the target itself. Impedance control allows the manipulator to obtain better
compliance with the outside world by adjusting the impedance parameters of the target environment.

We propose a hybrid d position/force control with a virtual impedance model of robot manipulators. It distinguishes
the position control and force control of the manipulator according to the axis based on the existing impedance control,
and converts the change of the desired force at the top of the manipulator into a position compensation in the impedance
control system based on the kinematics and dynamics of the robot, and superimpose it on the target position.

In order to achieve the impedance control of the manipulator, we use a virtual dynamic model composed of mass,
spring and damper between the manipulator and the target. This impedance model based on virtual dynamics embodies
the balance between the change in the position of the end effector and the change in the external environmental force it
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Figure 8: (a) Centre-of-Mass Tracking (b) Overview of Manipulator Control System

receives. Taking the change in position of the end-effector in the X-axis, the mathematical expression of the impedance
model based on virtual dynamics is as follows:

∆F =Mi ∆ẍ +Di ẋ +Ki x (5)

∆F = F − Fd (6)

∆x = x− xd (7)

∆F is the change between the external force and the target force. X, ẋ, ẍ respectively are the difference between the
position of the top of manipulator and the target position, and its velocity and acceleration.

External force is obtained using a force sensor. The target values for position are obtained from a camera mounted on
the base of the gripper, and the target values of force are obtained from manipulator dynamics, given the payload weight.

Using Eq. 5 ∆F can be converted to ∆x by equations 8 and 9

∆ẍ = (∆F −Di ẋ −Ki x)/Mi (8)

∆x =

∫
(

∫
∆ẍdt)dt (9)

The ∆x obtained according to equation 9 is superimposed on the target position xd of the end-effector as a compensation
to the target position, thereby achieving the target force Fd. In a similar manner, the impedance model-based dynamic
control can be obtained in the Y-axis and Z-axis.

Compensation for Turbulence

B
Gϵ =

B
GT

∑6
i=1mi

B
Ri
TRiϵi∑6

i=1mi

(10)

where B
Gϵ is the arm’s centre of mass in the global frame, B

GT is the homogeneous transformation from the body frame
(B) to the global frame (G), B

Ri
T is the homogeneous transformation from the i-th manipulator link frame (Ri) to the

body frame, Riϵi is the centre of mass of the i-th manipulator link expressed in the i-th manipulator link frame (Ri), and
mi is the mass of the i-th manipulator link.

The movement of this center of mass of the arm is calibrated upon mounting on the U.S.V. using the I.M.U. to obtain
a stable base position. In high turbulence, the I.M.U. data gives us the moment of the base of the arm. That movement
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is transformed to the center of mass frame of the arm. The displacement of the center of mass frame due to turbulence is
compensated by a displacing the target position in a similar manner. An overview of the centre-of-mass tracking algorithm
is shown in 8(a)

For collective formation, we propose to use the multiple dog single sheep model from the non-cooperative shepherding
swarm model [4].

The path planning and the transport while avoiding obstacles will be done utilizing the method explained in [5].

(a) Overview (b) Gripper

Figure 9: Collective Lifting

3.1.6 Description of Vision based algorithm for target search and tracking

(a) Architecture (b) Output

Figure 10: Few Shot Semantic Segmentation Architecture

In a GNSS denied environment, active perception is of utmost importance to better understand the surroundings. The
vision pipeline allows the UAVs to detect the target, track and monitor them and also detect the payloads that needs
to be picked from the target. As mentioned in the information session, the intelligence report that will be provided is
assumed to contain badly augmented images of the vessel (blurred out images or images taken from a good distance or
images containing part of the vessel).

Different approaches can be developed for the inspection task (i.e. the target and payload inspection). Deep Learning
based approaches[6], inspection based on the shape of the vessel [7] or inspection based on the colour of the vessel are
some of the easier but more effective ways to solve the statement. But, the biggest problem with the above mentioned
approaches so far is that, since we have only a handful of images, the use of any deep learning techniques to train on
these images would be very hard. Similarly, since the images are expected to be badly augmented, it becomes difficult to
generalize based on the shape or the colour. Because the data being dealt with is intrinsically rare, it becomes very hard
to use a classical method to inspect and track the vessels.

Thus, to solve this, our proposed approach develops on a few-shot semantic segmentation. It involves splitting the
dataset into two, support set and test set. The model makes predictions on the query set based on the training done on
the support set. Unlike supervised semantic segmentation approaches [8], few-shot semantic segmentation can generalize
better for unseen images (water bodies) with the help of few manually annotated images. Leveraging an extended version
of the prototypical network[9], in the few-shot learning architecture, we have exploited the use of prototype alignment
regularization between the support and query.
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Dataset preperation and pre-processing
In order to test our network, images of similar looking vessels were scraped off the internet. The dataset contained

images from different different regions which made sure that we were looking at different kinds of ocean environment. The
train dataset contained over 565 images. These images were then augmented to match the description mentioned in the
intelligence report. This was achieved by randomly augmenting images by blurring part of the image, removing a part of
it and even using images where the vessels are quite far(but visible) from the camera location. This was then converted
to 2,448 x 2,448 resolution and then tiled to create sub images of 612 x 612 pixels. This tiling results in sub-images that
form the training set, Dtrain.

On the other hand, the test dataset was also scraped and augmented to match the real life simulation situation. The
datasets contains four classes: Vessels, Land Cover, Water Bodies and Random Objects in the ocean. The vessels are
further classified into Target Vessels and Non-Target Vessels. The input images in train and test set were resized to 256
x 256 pixels and augmented randomly. The model was trained with SGD optimizer with a learning rate of 1e−1 and
momentum of 0.856 for 5,000 iterations. According to the standard practice for few-shot semantic segmentation, the
number of query images was fixed as one.

Overview of the few-shot segmentation architecture In a semantic segmentation task, the support set contains
K images from C classes thereby forming C-way K-shot segmentation architecture. Added to this is a collection of support
pictures(which are annotated) and query pictures in each iteration. The annotated images form the Cseen class and the
frames from the live video forms the Cunseen class. The performance of the model is evaluated on the query image from
the same class C. For instance, a support set of five images containing pixels belonging to two classes will be referred to
as 2-way 5-shot semantic segmentation.

Both the training and testing consists of multiple episodes. Each episode is composed of a set of support images S
and a set of query images Q. Each episode forms a C-way K-shot segmentation task. The semantic segmentation of the
query image is performed using the feature retrieved from the limited given images during the competition. The model
is trained on the scraped images and tested on the live video output stream as mentioned in the data pre-processing
subsection Initially, every image is processed to weed out the unknown classes (e.g. obstructing objects). The unknown
classes are labelled under the Random Objects class. After that, the pictures are selected at random and averaged across
three runs of 200 epochs each. The input to the network, like in a few-shot semantic segmentation technique, is a series of
support pictures with the labels to conduct segmentation on the same class’s query image. For each episode, the support
and query images are embedded into deep features with the help of the dense backbone. And then using pooling, the
prototypes are obtained and segmentation over the live video frames is performed by labelling every pixel in the frame to
a certain class by connecting it to the nearest prototype. To improve the consistency of embedding prototypes, a PAR
(Prototype Alignment Regularization) which was described in [10] is used.

A backbone architecture (VGG-16) extracts features from the support set as well as the query pictures. The first six
layers extracts the features and to learn the prototypes of foreground and background classes, a masked average pooling
is performed to the features of support set images: To generate and label a class, the distance between the query image
prototypes and support image prototypes is calculated using the cosine distance

The label of the closest prototype is assigned via non-parametric metric learning. To compute the segmentation loss,
we utilise the probability map.

This is then fed into the texture extraction model where the attention maps are created. The attention module utilizes
the inter-spatial relationship of the features and generates a spatial attention map. Subsequently, prototype alignment
regularization is applied:

In order to use attention based labelling, there needs to be something that is recognizable in both tactile and optical
ways which represents variations at a much lower level and it assesses factors such as the bristliness, smoothness and
evenness of the image. One way of doing it would be using shape based attention models, which is attention based on
the shape of the vessel, but since we do not have any prior information regarding this, it would be better to opt for a
much more robust way to solve this. Consistency and character based attention module is being applied in many places
including biomedical, automation, remote sensing and also for image analysis . Consistency extraction, on a higher level,
is based on the concept of establishing borders and areas where consistency properties differ. For e.g. the color consistency
of an ocean is completely different from that of the land similarly it will be different from that of the obstacles in the
ocean and so on. The most efficient analysis may be classified into three categories on a wide scale: statistical analysis,
graph based method, and model-based approach. The geographical distribution is used as the descriptors in a model based
method . Despite the fact that certain approaches are less computationally difficult, statistical methods do not provide a
reliable measure of coarseness and homogeneity. The Graph Based techniques depends on graphs derived from the input
picture to extract the textural features. Model based approach aims at extracting textures based on mathematical models.
Our work focuses on using autoregressive model for extraction. At a lower level, it works on expanding in all areas in a
picture at the same time, starting with internal regions that are already defined and progressing until smooth borders are
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established between all neighbouring parts.
Foreground-Background subtraction After the images are being segmented, there is a good chance of it being

filled with unnecessary noise. This can be computationally redundant. Therefore, in order to filter this out, we subtract
the foreground of the image from the current background. The foreground chosen is the segmented target vessel and
the bakground is the live frame. Automatic extraction was proposed by [11] in 2010 extracts foreground captured from
multiple viewpoints.

3.1.7 Object Tracking

Figure 11: A high level overview of the tracking algorithm

The pointcloud output from the lidar has to be pre-processed to extract the objects of interest. The vision node which
makes use of the DETR algorithm detects all the objects and passes it as a message via the ROS Bridge to the lidar node.
Every frame has to be segmented into ground plane and object essentially drawing out the foreground and the background.
The ego vehicle is segmented out, since the dimensions of the vehicle is well known and the point clouds that lie within
those regions are nullified. The point clouds are filtered [b13] before clustering[b14], this involves removal of a set points
or noise. Segmentation [b12] based approach was employed to separate the background from the foreground and remove
the noise. We employ instance segmentation to categorize every point in the point cloud data. The point clouds belonging
to the obstacles are clustered to identify sub goups in the point clouds using the k-means clustering algorithm. The main
idea being iteratively partition the dataset into k defined clusters. It assigns datapoints to the clusters such that the
squared distance between the centroid and the datapoints is minimum. It follows the expectation-minimization problem
where the objective function is:

J =

m∑
i=1

K∑
k=1

wik||xi − µk||2 (11)

where µk is the centroid of xi’s cluster.
wik = 1 if xi belongs to cluster k; else wik = 0
To minimize J , differentiating wrt w:

∂J

∂wik
=

m∑
i=1

K∑
k=1

wik||xi − µk||2 (12)

where wik = 1 if k = argminj ||xi − µj ||2 and 0 otherwise.
For M-step:

∂J

∂wik
= 2

m∑
i=1

wik(x
i − µk) = 0 (13)

µk =

∑m
i=1 wikx

i∑m
i=1 wik

(14)

Figure 12: This figure depicts the object tracking output from a scene in a highly congested environment
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3.1.8 Description and overview of localisation and sensor fusion

In order to localise in a GNSS denied environment, our proposed architecture makes use of both visual odometry and
sensor fusion to better estimate the relative position of the UAV wrt the starting point and the boundary of the search
area.

In order to localise the XAVs, we developed a novel object aware SLAM with the main aim of localising instead of
mapping. In an environment such as an ocean, the number of position descriptors are very limited. So in such situations,
it becomes increasingly difficult to localise using pre-existing visual odometry techniques. To mitigate this, we developed
a transformers based object aware SLAM with the main intention of working in a loosely cluttered environment.

The backbone of the object aware SLAM is a DETR [12] based transformer network. In an image which has multiple
objects, object detection gets harder especially in scenarios where there are multiple classes and instances of the same
class in the same frame.

Figure 13: High Level Architecture of the DETR[12] model

The unlabelled image is first run through a Convolutional Neural Network encoder which gives a set of image features.
The set of image features is then put through a transformer encoder decoder (DETR) which gives a set of predictions

which is a tuple consisting of the class and the position of the bounding box. This also includes classes that are a null set.

Figure 14: DETR[12] implementation architecture

The backbone is a CNN with positional encoding after which they are unrolled and flattened before inputting it into
the transformer encoder. This sequence is transformed into an equally long sequence which is side inputted into the
transformer decoder which conditions information. The input sequence is the object queries which are N random vectors
and the output is fed into a classifier which gives the prediction.

A loss function L (bipartite matching loss [13]), is used which reads the predicted output of the model and the ground
truth and computes how well both of them agree with each other. This also covers cases where the classes agree to
each other while the position of the bounding boxes do not and vice versa. The bipartite matching finds an one to
one assignment between the predictions and the ground truth such that the total loss is minimized using the Hungarian
matching. The loss function for the class labels is a cross-entropy loss and the loss function for the bounding boxes is a L1
loss which compares two bounding boxes and the iou loss which computes what fraction of bounding box overlaps with
the ground truth. This L is considered as the training loss.

Once the position descriptors are detected, we use either lidar based data or camera based coordinate conversion to
calculate the distance. This value is then matched with the sensor fusion based localisation to reduce the errors.

Sensor Fusion
Sensors used

• Dead Reckoning- to estimate the current position of
the UAV.

• Camera

• IMU(Inertial Measurement Unit)

• Lidar

Using dead reckoning and the fused values from various sensors, we can have a better estimate of the relative position
of the UAV. We used the above mentioned suite of sensors as the errors are uncorrelated. If one sensor fails, it will not
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(a) Fused values from the perception node for localisation

(b) Localisation architecture

Figure 15: High level localisation architecture

affect the others. Since all of the sensors use different measurements they are unlikely to fail for the same reason. IMU
acts as a high rate smoother.The dead reckoning setup acts as a supplementary smoother for the IMU. Lidar can be used
for accurate local state estimation. In a pre-calculated map (from the SLAM pipeline), we can use current position to
compare the values we are getting from a lidar and correct the estimate accordingly. Thereby complimenting each other.

Implementation pipeline The prediction model generally comprises of the dead reckoning and/or the inertial naviga-
tion to predict the new state whereas the observation model takes the values from the vision pipeline and other sensors like
lidar to correct the position value. We use the IMU and dead reckoned measurements as our input to our motion model.
This will give us our predicted state, which will update every time we have an IMU reading. This happens at a very
high frequency since the update values are very high. The IMU output will be combined into a single input vector. The
accelerometer and the gyroscope biases will be put into the state vector, estimated, and subtracted off the IMU readings
to make it as unbiased as possible.

The update frequency of the vision pipeline is much lower in comparison to the IMU or the encoder. Hence it is
important to calibrate the sensors accordingly. At a much lower frequency, we use the vision measurements whenever they
become available. This estimate is used to correct our predicted state.

The values from the dead reckoning will be converted into forward velocity. But the IMU and the vision pipeline will
have 2 separate coordinate systems, to have the two coordinate systems working as one, several transformations must be
made: First, we will apply a projection on the geographic coordinates to obtain plane coordinates, like a paper map. Then
we determine the complete transformation, composed of a translation and a rotation between the reference plane given
by the IMU. Essentially, to get the data into the robot’s world frame, we convert the vision data into UTM coordinates
and use the initial UTM coordinate, EKF output and the IMU to generate a static transform (T) from the UTM grid to
the robot’s world frame. And then transform all the future pose estimates measurements using T. The output is fed back
to the EKF. The output from the EKF is fed to the actuators.

Equations 8, 9, 10, and 11 are the final set of equations that will be used to compare and fuse the values of the IMU
and the dead reckoning. This will be fed into the motion model and will be used for predicting the state. Equations 25,
26, 27, 28, 29, 30 and 31 are the final set of equations that will be used for sensor fusion of the Lidar point cloud and the
position estimates to calculate the corrected states by feeding it into the prediction model.
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In order to improve the accuracy, we triangulate this with respect to 3 positions on the ocean environment: the starting
point(where the UAVs take off), the position descriptors in the environment and finally the closest UAV to the current
UAV/position of the USV wrt the UAV.

3.1.9 Description of simulation methodologies used for proof of concept

We used the Gazebo simulator with Ros melodic in an effort to try and create the simulation world for the competition.
We combined few different existing packages to build the required environment. The existing packages includes:

1. RotorS [14] (For drone)

2. RosPlane [15] (For Delta-wing UAV)

3. osrf/VRX Gazebo [16] (For USV)

4. osrf/VORC Gazebo [16] (For target vessels)

5. ros-industrial/universal robot Gazebo [17] (For manipulator)

Figure 16: Simulation environment showing UAV, FW-UAV and USV in an ocean world

We have also done some simulations in MATLAB for the collective transport. The results of the simulations are shown
in the video.

3.2 Uniqueness of approach and its contribution to the advancement in the state-of-the-
art in autonomous robotics

Our solution to the challenge is unique in terms of handling the overall mission. Existing maritime robotic automation
research focuses more towards network coverage [18], object segmentation in marine environments [19, 20, 21], tracking
moving vessels [22], search and rescue missions [23, 24]. Also, we have utilized some of the past works and showed their
potential usage in real world applications. However, those are very specific research that targets to solve a very specific
problem. For instance, there are few papers that solves only the area coverage problem, there are few that solves only the
object tracking problem, some solve the object recognition problem, etc. Instead, in this work, we integrate the existing
techniques by modifying them to automate the coastal inspection and intervention task that concerns the security of a
geographic region. Therefore, the contribution of this work is unique in terms of it’s contribution to the society.

Looking at the modifications done in each of the past works, brings our attention along the direction towards which
those studies need to move to solve real world problems.

3.3 Safety considerations to ensure UAV returns to the base on command

In this white paper, we provide our ideas part of which are tested and argued to work without any fail. However, during
the simulation phase, after receiving the simulation environment, we will verify whether the proposed algorithms work
without any GNSS data. We will verify the algorithms through SITL based evaluations with various fail-safe situations
and the risks described in 3.5.
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3.4 Expected commercial and societal impact and application of the technical solution

The planned system has a direct impact on the society in various ways. This system is scalable, therefore, it can be
used to inspect very large areas. Use of delta wings makes it even more scalable in terms of the size of area that can be
monitored. Hence, this system can be useful for defence and security at water bodies and by replacing the USV with a
Rover, it can also be used on large open ground like border areas. There are variety of objects that are being smuggled
across the border, ranging from drugs to human trafficking. Many other illegal activities take place at large water bodies
near the coast that remains unmonitored and unsafe to be fought against. This system, helps stopping such activities and
also makes this process of intervention safe for the service persons.

This system can also be used for automated search and rescue missions on sea. However, this requires some pre built
hubs where humans cannot be available all the time with such systems in place to cover huge areas and make the rescue
process quicker. Looking at the level of maintenance required for this system, and the kind of applications it can be used
for, it is mainly be bought and utilized by government agencies across the world. Therefore it has huge potential market.

3.5 Risks and mitigation approach

Risks Risk level Mitigation
Power loss high We have power monitoring program that changes

systems state from operational mode to fail-safe
mode

Robots leaving the compe-
tition area

very high We will do a thorough verification of our ideas in
simulation environment

Loosing line of sight while
communication with GCS

very low We can deploy an extra delta-wing always staying
above the USV with an extra access point to the
GCS

Weather turbulence high Switch to fail-safe mode above a threshold wind dis-
turbance

Fixed wing catapult not
provided

high We can use VTOL Delta wing UAVs

In fail-safe mode, the robot searches for the nearest hard surface and lands there and waits until it gets rescued.
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