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ABSTRACT

Finding a balance between collaboration and competition is crucial for artificial
agents in many real-world applications. We investigate this using a Multi-Agent
Reinforcement Learning (MARL) setup on the back of a high-impact problem.
The accumulation and yearly growth of plastic in the ocean cause irreparable
damage to many aspects of oceanic health and the marina system. To prevent
further damage, we need to find ways to reduce macroplastics from known plastic
patches in the ocean. Here we propose a Graph Neural Network (GNN) based
communication mechanism that increases the agents’ observation space. In our
custom environment, agents control a plastic collecting vessel. The communication
mechanism enables agents to develop a communication protocol using a binary
signal. While the goal of the agent collective is to clean up as much as possible,
agents are rewarded for the individual amount of macroplastics collected. Hence
agents have to learn to communicate effectively while maintaining high individual
performance. We compare our proposed communication mechanism with a multi-
agent baseline without the ability to communicate. Results show communication
enables collaboration and increases collective performance significantly. This
means agents have learned the importance of communication and found a balance
between collaboration and competition. Keywords: Multi-Agent Reinforcement
Learning; Graph Neural Network; Collaboration; Communication; Competition;
Proximal Policy Optimization; Ocean Macroplastics;

Figure 1: Dashboard of multi-agent ocean plastic collector environment. A web application can be
found at: https://philippds-pages.github.io/RL-OPC_WebApp/.
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1 INTRODUCTION

1.1 MOTIVATION

Between 1950 and 2019, plastic production increased to 460 million tonnes yearly (Ritchie &
Roser, 2018). About 12 million tonnes end up in the ocean (Stafford & Jones, 2019; Cressey, 2016;
Eunomia, 2016). If the plastic production rate continues to rise, plastic will outweigh fish by 2050
(WEF, 2016). More than half of the plastic floating in the ocean, i.e. macroplastics, is less dense than
water and will not sink to the ground (Lebreton et al., 2017). This means that the buoyant plastic
mass is within the top meters of the ocean surface (Reisser et al., 2015; Kooi et al., 2016). There are
several reasons why this is harmful to marine life, but also to humans and the marine ecosystem.
Around 800 coastal but also marine species are affected by plastics in the ocean directly (Harding,
2016). 17% of the species affected are on the International Union for Conservation of Nature (IUCN)
list of endangered species (Gall & Thompson, 2015). Animals are specifically affected by a series of
causes. Entanglement can restrict movement and the ability to feed, causing infections and may
ultimately lead to death (Fisheries, 2021). Furthermore, animals ingest plastics as they mistake the
colour and shape of debris for food. When microplastics get entangled in algae and seaweed, the
combination produces an odour that attracts animals (Pfaller et al., 2020). Specifically, microplastics
may look like plankton which is food for many species. Even small organisms like polyps living in
corals consume microplastics (Rotjan et al., 2019). Annually 100,000 marine mammals and a million
seabirds die because of plastic waste (Martin, 2023). Importantly, when humans consume seafood,
they also consume plastic toxins (Smith et al., 2018), which can be linked to hormonal abnormalities
and development problems (Rochester, 2013). Furthermore, there is a concern that plastics in the
ocean will degrade to nano-plastics which could enter human cells (Mattsson et al., 2015). One of
the largest accumulations of garbage in the ocean is the Great Pacific Garbage Patch (GPGP), first
found and named by Charles J. Moore, a competitive sailor, while returning from a race in 1997. The
GPGP measures an area three times the size of France (Gruger, 2015), more precisely, the cover
surface is estimated at 1.6 million square kilometres (Lebreton et al., 2018).

1.2 CONTRIBUTION

To scale the GPGP, a company named The Ocean Cleanup had to utilize a fleet of 30 boats, 652
surface nets and two flights. The size and dynamic properties make this a great use case for a highly
distributed system, including multiple agents that have learned to take independent actions. We
believe efforts in cleaning up oceans and rivers can benefit from MARL systems. However, for
higher planning precision and efficiency, we believe a communication mechanism can contribute
significantly. We have been inspired by the world of animals, e.g. the way a dog communicates by
wagging its tail or the red colour code of an octopus in an alert state. We propose a highly distributed
MARL system with a dynamic GNN communication layer, allowing pairs of agents to observe the
garbage density of simulated satellite data and actively communicate signals as part of their action
space.

2 RELATED WORK

The Ocean Cleanup with their ocean cleaning fleet, but also work on Finite Markov Decision
Processes (MDP), e.g. the Recycling Robot by Sutton & Barto (2018), have inspired this work.
Furthermore, social aspects like collaboration and communication have been studied in the field of
MARL. Communication in Multi-Agent settings is of particular interest as our society and many
other distributed systems succeed by collaboration. Work on games, such as Capture The Flag
(Jaderberg et al., 2019) and Diplomacy (Meta Fundamental AI Research Diplomacy Team (FAIR)
et al., 2022; Kramár et al., 2022), and social dilemmas (Foerster et al., 2016; Ndousse et al., 2021;
Leibo et al., 2021; Agapiou et al., 2022) have investigated social behaviour, e.g. collaboration and
competition in multi-agent setups. We continue work of ours investigating communication, e.g.
active sending of information (Siedler, 2021), active sending and requesting of information in static
communication networks (Siedler, 2022a), but also active sending of information from memory in
a dynamic communication network (Siedler, 2022b). Here we investigate active communication
in a dynamic but size constraint network and enable the agent collective to develop their own
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communication protocol. Additional related work can be found in the Appendix B. Our learning
mechanism design is based on Proximal Policy Optimisation (PPO) (Schulman et al., 2017), a state-
of-the-art, on-policy RL algorithm, that has proven efficient in cooperative MARL settings (Yu et al.,
2022). PPO is defined by two main concepts: 1. Trust region estimation and 2. Advantage estimates.
Furthermore, our communication layer is based on a Graph Neural Network (GNN), which operates
on graph-structured data, and a message-passing process (Gilmer et al., 2017; Battaglia et al., 2018).
Additional information on the background of this work can be found in the Appendix C.

3 METHOD

3.1 OCEAN PLASTIC COLLECTOR ENVIRONMENT

(a) Garbage Heatmap (b) Distributed Garbage (c) Com. Network (d) Vessel

Figure 2: Ocean Plastic Collector Environment Main Features. Zoomed-in version in the Appendix:7

We now describe the features of our custom Ocean Plastic Collector environment built with the Unity
game engine. Each environment has multiple training areas which are of size 200m by 200m. A
2D Perlin Noise field (Perlin, 1985) is generated for each scenario and is used to distribute plastic
garbage pebbles in the training areas 2b. Red colour indicates a high and blue low likelihood of
pebbles being spawned 2a. Each training area includes three agents. A dynamic network connects the
three agents if they are equal to or below 100 meters distant from each other 2c. Each agent can raise
a signal in binary format. The network allows agents to observe the raised signal of neighbouring
agents. Lastly, each agent controls an individual vessel and has to navigate to maximize the number
of collected floating plastic garbage pebbles 2d. An episode ends if any vessel crosses the area
boundary, crashes into another vessel, or after 5000 steps. At the end of each episode, the noise field
and garbage pebbles are reset and a new scenario is generated. The location and rotation of all vessels
are randomized.

3.2 AGENT SETUP
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Figure 3: MARL Process Diagram. Zoomed-in version in the Appendix 10

Goal: Each agent must learn to navigate a vessel, collect as many plastic garbage pebbles as possible
while staying in the defined area, and avoid crashing into other vessels.

Reward Function: The agent reward function consists of multiple parts. A local positive reward
of +1 is given for each plastic garbage pebble collected. Additionally, when a pebble is collected, a
global reward is given. The global reward is calculated as follows: lowest collection count of least
performing agent * 0.01. Therefore agents have the incentive to help each other as this collective
reward is defined by the least performing agent, i.e. the team is only as strong as its weakest link.

Observations: The observation space consists of vector and visual observations.
Vector Observations: The vessel location, simplified as a 2-D vector (x, y) and orientation as a 2-D
vector (x, y), the nearest neighbouring agents simplified location as a 2-D vector (x, y) and the nearest
neighbours signal [false / true] if within 100 meters, else [false]. The vector observation space size is
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14, consisting of 2 stacks of the 7 vector observations.
Visual Observations: The visual observation is a grey scale grid of 25 x 25, mimicking a local
observation of satellite data mapping of the Greate Pacific Garbage Patch. The observation grid cell
size is 2m with a total grid size of 50m x 50m. Each cell holds 0 or 1, existing garbage pebble or no
garbage pebble. The visual observation space size is 1250, consisting of 2 stacks of 625 observations.
For the visual observation processing, we use a simple encoder that consists of two convolutional
layers. Vector and visual observations combined result in a total observation space size of 1264.

Actions: The action space consists of a combination of continuous and discrete actions.
Continuous Actions: Each agent has two continuous actions with values in the range of -1 to 1.
Continuous actions control the movement of the vessel: Action 0 controls the thrust, and action 1
the rotation, left and right. The movement speed of the vessel is 2, and the rotation speed is 300.
The movement speed is translated into force as the vessel is a physics-based object. Torque and
directional forces are multiplied by their respective speed factors.
Discrete Actions: The discrete action space size is 2 [false / true], allowing the agent to send a signal
to the agent it is the nearest neighbour of. There is no qualitative description or pre-defined action
plan when receiving a false or true signal, hence the agents as a collective have to develop their own
communication protocol.

4 EXPERIMENTS

Table 1: Experiment Setup: Multi-Agent without (MA) and with (MAC) the ability to communicate

Experiment Agent(s) Neighbour(s) Training Seed Test Seed

1 Multi-Agent (MA) 3 0 0-99 (y-shift: 0) 0-9 (y-shift: 200)
2 MA Communication (MAC) 3 1 0-99 (y-shift: 0) 0-9 (y-shift: 200)
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Figure 4: Training graph for 2e7 steps. Zoomed-in data plots in the Appendix: 11 and 12

We performed two experiments. Firstly, a multi-agent setup (MA), without the ability to communicate,
serving as the baseline. Secondly, a multi-agent setup with the ability to communicate (MAC) (Table
1). In both setups, the observation- and action-space sizes are the same, but the signal for the
no-communication setup defaults to false for the two signal-raising actions. The MA and MAC
experiments have been trained with three agents on a total 2e7 steps on scenarios with seed 0-99
(Appendix 6), and tested on scenarios with seed 0-9 with a noise-map y-shift of 200, ensuring that
scenarios in testing did not appear while training. Training data plots can be found in Figure 4, and
training hyperparameters in the Appendix E.2.

5 RESULTS

The results of our experiments (Table 2, Figure 4a) show how communication helps agents increase
the cumulative reward by a significant 34% (Figure 5a). We can further observe that agents have
developed a communication protocol where signal 1 (true) is used to communicate to other agents
to move away from the signalling agent and signal 0 (false) to communicate to other agents to
follow the signalling agent. We can validate this by further investigating the actions taken when a
signal is observed. Table 3 and Figure 5d show when signal 1 is raised, on average more actions
are taken to move away from the agent that raised the signal. Subsequently, when signal 0 is raised,
more neighbouring agents take actions to follow the agent that raised the signal (Table 3, Figure
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5c). Investigating the nearby garbage count when signals are raised, we can find a lower garbage
count when the move away signal (1) is raised and a higher garbage count when the follow signal (0)
is raised. This validates that the agent collective developed a useful communication protocol. The
results on the local and global rewards show how agents are incentivised to help each other and make
sure that the least performing agent is improving. Communication increases the local reward by 24%
and the global reward by 41%. The local reward reflects how many plastic garbage pebbles have
been collected. The global reward is the factored performance of the lowest-performing agent in an
agent collective. The strong increase in the global reward indicates that agents learned to adapt their
behaviour to prioritize the improvement of collective over individual performance.

Table 2: Experiment results. 10 test runs for 1e6 Steps. (↑ better)

Experiment Cml. Reward Episode Length Local Reward Global Reward

1 MA 400.67 (±108.27) 114.43 (±23.63) 137.98 (±30.48) 147.53 (±56.44)
2 MAC 606.27 (±205.37.14) 208.80 (±56.33) 181.96 (±48.75) 250.28 (±117.85)

Table 3: Communication Metrics of MAC setup

Signal Count Followed when Moved Away when Nearby Garbage
Count when

Nearby Garbage
Count when

per Episode Signal: 1 Signal: 1 Signal: 1 Signal: 0

254.77 (±82.57) 70.60 (±23.21) 108.48 (±35.07) 77.52 (±10.13) 81.75 (±10.29)

(a) Cml. Reward (b) Episode Length (c) Action on Signal: 1 (d) Garbage cnt. Signaling

Figure 5: Testing graphs for 1e6 steps. Zoomed-in version in the Appendix: 13 and 14

6 CONCLUSION

We have investigated social behaviour in a Multi-Agent setup, on a high-impact problem:
communication-enabled collaboration for macroplastic collection in the ocean. Our reward function
incentivises agents to develop a useful communication protocol and help the least performing agent
in the agent collective. This is leading to a higher number of collected plastic by a large margin.
Our environment size is constrained to 200m x 200m, but the GPGP is 1.6 mil. sqm. To bring our
approach to the real world, we could increase our training area to fixed subdivisions of the GPGP.
The development and implementation of autonomous ships are still in their early stages. However,
existing ships already have communication systems which could be utilized by the communication
mechanism we propose to bring this approach closer to a real-world implementation. The simulated
training environment to distribute garbage and generate an open-ended variety of scenarios was
inspired by satellite data. Incorporating real-world data could help improve our simulation’s realism
and accuracy. However, the use of synthetic data can still be valuable for training, as it allows for a
wider range of scenarios to be generated and tested, leading to robustness and generalizability. We
have demonstrated that agents can develop and learn how to use a communication protocol effectively,
leading to a high increase in cumulative rewards. Furthermore, we have found that rewarding to help
the weakest link in an agent collective can lead to agents that care more about the collective than
themselves but still achieve high individual performance.
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A APPENDIX

B RELATED WORK

Autonomous Garbage Collection: Some of the most groundbreaking ideas and milestones in
Reinforcement Learning (RL) are the basis for MARL (Wang & Raj, 2017). Therefore, inspiration
but also a common example of Finite Markov Decision Processes (MDP) is the Recycling Robot,
as part of the Introduction to Reinforcement Learning book by Sutton & Barto (2018). Closer to
our use case, however, is the Unity ML-Agents Food Collector environment (Juliani et al., 2020).
Examples of autonomous vehicles collecting garbage can also be found in industry and academia,
such as the Clearbot Neo (Clearbot, 2022). The Ocean Cleanup company has multiple systems in
place to tackle the ocean macroplastics problem. They use satellites to map ocean plastic distribution
(Biermann et al., 2019), a global circulation model (Torres et al., 2018), data by HYCOM to track
currents (HYCOM, 2023), Global Forecast System (GFS) for wind tracking (NCEI, 2023) to guide
ship fleets with nets to capture macroplastics.
MARL and Communication Systems: Communication in Multi-Agent settings is of particular
interest as our society and many other distributed systems succeed by collaboration, and therefore
this is particularly relevant as most real-world applications include multiple entities with various
agencies. Foerster et al. (2016) have been working on sequential prisoner’s dilemma (Wang et al.,
2019) to investigate collaboration and communication. Social learning has been studied by Jaques et
al. with work on emergent social learning (Ndousse et al., 2021). Further influential work has been an
abstraction of Quake 3 Capture the Flag by Jaderberg et al. (2019), where agents show collaborative
behaviour and develop strategies like following or flag camping. Hide and Seek has been investigated
by OpenAi, and results show the emergence of collaborative strategies where agents help each other
to build hiding spaces (Baker et al., 2020). Crucial development on social dilemmas have been made
by DeepMind and their work on Melting Pot, a multi-agent environment suite to investigate social
dilemmas such as common property resource management (Leibo et al., 2021; Agapiou et al., 2022).
Most recent advancements in social behaviour and collaboration has been made on the back of the
board game Diplomacy. Both DeepMind (Kramár et al., 2022) and Meta AI (Meta Fundamental AI
Research Diplomacy Team (FAIR) et al., 2022) have shown great results on agents that were able to
negotiate, a crucial aspect for a winning strategy.

C BACKGROUND

Proximal Policy Optimisation (PPO): Two main concepts define the Proximity Policy Optimisation
(PPO) (Schulman et al., 2017), a state-of-the-art, on-policy RL algorithm: 1. PPO performs the
largest possible but safe gradient ascent learning step by estimating a trust region and 2. Advantage
estimates how good an action in a specific state is, compared to the average action. A trust region
can be calculated as the quotient of the current policy to be refined πθ(at|st) and the previous policy
as follows rt(θ) =

πθ(at|st)
πθk

(at|st) = current policy
old policy . Advantage is the difference of the Q and the Value

Function: A(s, a) = Q(s, a)− V (s), where s is the state and a the action (Zychlinski, 2019). The
Q function is measures the overall expected reward given state s, performing action a, and denoted
as: Q(s, a) = E

[∑N
n=0 γ

nrn

]
. The Value Function, similar to the Q Function, measures overall

expected reward, with the difference that the State Value is calculated after the action has been taken
and is denoted as: V(s) = E

[∑N
n=0 γ

nrn

]
.

Graph Neural Network (GNN): A Graph Neural Network (GNN) is a neural network that operates
on graph-structured data, represented by a graph G = (V,E) where V is the set of nodes and E is
the set of edges. Each node v in V is associated with a feature vector xv, and the goal of the GNN
is to learn a function that maps the graph G and the feature vectors of the nodes to some output y.
The message passing process in a GNN is typically formalized as a set of iterative updates for the
feature vectors of the nodes (Gilmer et al., 2017; Battaglia et al., 2018). At each iteration t, each
node v updates its feature vector x(

vt) by aggregating information from its neighboring nodes. This
process can be mathematically represented as follows: xt+1

v = f(xt
v,
∑

u∈Nv
mt

v,u), where Nv is
the set of neighbors of node v, f is a non-linear function (such as a neural network layer), and mt

v,u is
a message passed from node u to node v at iteration t.

10



Published as a workshop paper at "Tackling Climate Change with Machine Learning", ICLR 2023

D PSEUDOCODE

PPO-CLIP pseudocode (OpenAI, 2021; Schulman et al., 2017):

Algorithm 1 PPO-Clip

1: Input: initial policy parameters θ0, initial value function parameters ϕ0

2: for k = 0, 1, 2, . . . do
3: Collect set of trajectories Dk = {τi} by running policy πk = π(θk) in the environment.
4: Compute rewards-to-go R̂t.
5: Compute advantage estimates, Ât (using any method of advantage estimation) based on the
6: current value function Vϕk

7: Update the policy by maximizing the PPO-Clip objective:
8: θk+1 = argmax

θ

1
|Dk|T

∑
τ∈Dk

∑T
t=0 min

(
πθ(at|st)
πθk

(at|st)A
πθk (st, at), g(ϵ, A

πθk (st, at))
)

,

9: typically via stochastic gradient ascent with Adam.
10: Fit value function by regression on mean-squared error:
11: ϕk+1 = argmin

ϕ

1
|Dk|T

∑
τ∈Dk

∑T
t=0

(
(Vϕ(st)− R̂t

)
12: typically via some gradient descent algorithm.
13: end for

Simple Multi-Agent PPO pseudocode:

Algorithm 2 Multi-Agent PPO

1: for iteration = 1, 2, . . . do
2: for actor = 1, 2, . . . , N do
3: Run policy πθold in environment for T time steps
4: Compute advantage estimates Â1, . . . , ÂT

5: end for
6: Optimize surrogate L wrt. θ, with K epochs and minibatch size M ≤ NT
7: θold ← θ
8: end for
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E HYPERPARAMETERS

E.1 MULTI AGENT TRAINING HYPERPARAMETERS

environment_parameters:
# Training: 0, Inference: 1
scenario_noise_z_shift_factor: 0
# MA: 0, MAC: 1
communiation: 0

behaviors:
PlasticCollector:

trainer_type: ppo
hyperparameters:

batch_size: 512
buffer_size: 10240
learning_rate: 0.00001
beta: 0.01
epsilon: 0.1
lambd: 0.95
num_epoch: 3
learning_rate_schedule: linear

network_settings:
normalize: false
hidden_units: 512
num_layers: 2
vis_encode_type: simple

reward_signals:
extrinsic:

gamma: 0.99
strength: 1.0

keep_checkpoints: 5
max_steps: 20000000
time_horizon: 128
summary_freq: 10000
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E.2 HYPERPARAMETER DESCRIPTION

Hyperparameter Typical Range Description

Gamma 0.8− 0.995 discount factor for future re-
wards

Lambda 0.9− 0.95 used when calculating the
Generalized Advantage Esti-
mate (GAE)

Buffer Size 2048− 409600 how many experiences should
be collected before updating
the model

Batch Size 512−5120 (continuous), 32−
512 (discrete)

number of experiences used
for one iteration of a gradient
descent update.

Number of Epochs 3− 10 number of passes through the
experience buffer during gra-
dient descent

Learning Rate 1e− 5− 1e− 3 strength of each gradient de-
scent update step

Time Horizon 32− 2048 number of steps of experi-
ence to collect per-agent be-
fore adding it to the experi-
ence buffer

Max Steps 5e5− 1e7 number of steps of the sim-
ulation (multiplied by frame-
skip) during the training pro-
cess

Beta 1e− 4− 1e− 2 strength of the entropy regular-
ization, which makes the pol-
icy "more random"

Epsilon 0.1− 0.3 acceptable threshold of diver-
gence between the old and
new policies during gradient
descent updating

Normalize true/false weather normalization is ap-
plied to the vector observation
inputs

Number of Layers 1− 3 number of hidden layers
present after the observation
input

Hidden Units 32− 512 number of units in each fully
connected layer of the neural
network

Intrinsic Curiosity Module

Curiosity Encoding Size 64− 256 size of hidden layer used to en-
code the observations within
the intrinsic curiosity module

Curiosity Strength 0.1− 0.001 magnitude of the intrinsic re-
ward generated by the intrinsic
curiosity module

Table 4: Hyperparameters Description: https://github.com/Unity-Technologies/
ml-agents/blob/main/docs/Training-Configuration-File.md
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F OCEAN PLASTIC COLLECTOR ENVIRONMENT SCENARIO SAMPLES 0-19

Figure 6: Scenario Samples 0-19; Heatmap, Garbage Distribution, Random Spawn Position
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G OCEAN PLASTIC COLLECTOR ENVIRONMENT: MAIN FEATURES

(a) Garbage Distribution Heatmap (b) Distributed Garbage (c) Agent Com. Network

Figure 7: Plastic Collector Environment: Main Features

Figure 8: Plastic Collector Environment: Garbage and Vessel Communication Network

Figure 9: Plastic Collector Environment: Training School
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H MULTI-AGENT PROCESS DIAGRAM
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Figure 10: Multi-Agent Process Diagram

I TRAINING GRAPHS

0

200

400

600

800

0 4M 8M 12M 16M 20M

Cu
m

ul
at

iv
e 

Re
w

ar
d

MA
MAC

(a) Cumulative Reward

0

1e+3

2e+3

3e+3

4e+3

0 4M 8M 12M 16M 20M

Va
lu

e 
Lo

ss

MA
MAC

(b) Value Loss

0

200

400

600

800

0 4M 8M 12M 16M 20M

Ep
is

od
e 

Le
ng

th

MA
MAC

(c) Episode Length

0

400

800

1.2e+3

1.6e+3

0 4M 8M 12M 16M 20M

Si
gn

al
 R

ai
se

 C
ou

nt

MA
MAC

(d) Signal Raise Count

Figure 11: Train graphs: Cumulative Reward, Value Loss, Episode Length, Signal Raise Count

16



Published as a workshop paper at "Tackling Climate Change with Machine Learning", ICLR 2023

En
tr
op

y

2.07

2.09

2.11

2.13

0 4M 8M 12M 16M 20M

MA
MAC

(a) Entropy

Ex
tr

in
si

c 
Va

lu
e 

Es
tim

at
e

40

80

120

160

200

0 4M 8M 12M 16M 20M

MA
MAC

(b) Extrinsic Value Estimate

Figure 12: Train Data Plot: Entropy, Extrinsic Value Estimate

J TESTING GRAPHS

(a) Cumulative Reward (b) Episode Length

(c) Local Reward: Per Garbage Pebble Collected (d) Global Reward

Figure 13: Testing graphs: Cumulative Reward, Episode Length, Local and Global Reward
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(a) Signal Count per Episode (b) Followed Count when Signal: 1

(c) Moved Away Count when Signal: 1 (d) Action on Signal: 1: Follow, Move Away

(e) Neraby Garbage Count when Signal: 1 and 0

Figure 14: Testing graphs: Signal
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K VESSEL PATH SCENARIO 1-3: GARBAGE NEARBY COUNT & SIGNAL
COMMUNICATION

(a) Garbage Count within 25m radius (b) Signal 0, 1 and Communication

Figure 15: Scenario 1: Vessel Path

(a) Garbage Count within 25m radius (b) Signal 0, 1 and Communication

Figure 16: Scenario 2: Vessel Path

(a) Garbage Count within 25m radius (b) Signal 0, 1 and Communication

Figure 17: Scenario 3: Vessel Path
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