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Abstract—Future smart cities will need to monitor polluters
that periodically or burst emit illegal gases that is harmful
to the environment. Tracking these sources in cities that have
building obstacles and variation wind vector fields is challenging.
Traditional methods using gradient kernels and partial-swarm-
optimisation may not be suitable when the emissions are intermit-
tent and pollution concentrations maybe trapped in local pockets.
As such, step size tuning becomes difficult to generalise in these
variational dynamic pollution environments. Here, in this paper,
we have developed a simulated urban pollution propagation
environment, whereby a drone is scanning the environment
for gradients to search and localise the source. We consider
both proximal policy optimisation (PPO)-based reinforcement
learning and its recurrent PPO (R-PPQO) alternative to achieve
stable and reliable improvement of policy without the need to
fine tune step sizes. We show localisation results across a range
of wind, obstacle, and emission scenarios with success rate of
76-79% and high path efficiency of 95-96% in ideal conditions.
When we examine alternative city structures and burst emissions,
we can achieve success rate of 34% and path efficiency of 52%,
showing that there is some generalisation in capability.

Index Terms—Source localization; Proximal Policy Optimiza-
tion; Navigation; Gas Emission; Static and Dynamic Environ-
ments

I. INTRODUCTION

Smart cities will increasingly integrate sensors and drones
for surveillance [1], [2]. In the field of urban environmental
monitoring and response, the rapid and accurate localization of
hazardous gas emissions, such as Chlorofluorocarbons (CFC),
is crucial for minimizing detrimental impacts on human health
and ecological systems [3], [4].

A. Review of Classical Localisation

Classical localisation has largely focused on smooth dis-
perse problems (e.g., diffusion dominated at small scales) [5],
[6] or obstacle free problems [7] using particle swarm opti-
misation (PSO). Other methods have used modified gradient
search algorithms, such as the Rosenbrock gradient ascent
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algorithm adapted for underwater molecular signal tracking
[8], where a robot uses an averaging space-time gradient
kernel to reduce sensitivity to noise. Another approach is to
attempt to inverse solve the problem using physics-informed
neural networks (PINN) [9].

These algorithms have largely worked in relatively slow
or uni-directional propagation environments (e.g., rivers and
sewage pipes) and have offered some success but struggle
against the unpredictable dynamics of atmospheric dispersion
in urban areas, influenced significantly by interaction with
obstacles, underscoring the pressing need for more sophis-
ticated, reliable solutions. More recent approaches have used
an information-based Bayesian search algorithm to work in
turbulent environments [10], but this is largely for small-scale
turbulence effects and do not consider large scale currents and
obstacles in cities [11], [12].

The emergence of reinforcement learning (RL) has pre-
sented a new frontier in addressing these challenges by
combining sensing and navigation together into a common
learning agent’s goal [13], [14]. RL enables a single or mul-
tiple learning agents to derive optimal behaviors from envi-
ronmental interactions, optimizing for cumulative rewards—a
fit for the sequential decision-making demands of odor source
localization (OSL).

B. Deep Reinforcement Learning in Localisation

Unlike Bayesian or PSO methods, deep reinforcement
learning (DRL) excels in handling complex, high-dimensional
state spaces and offers real-time decision-making capabilities
after substantial training through a single or multiple cooper-
ative agents [15]. The challenge lies in configuring a robust
DRL for the diverse turbulent/windy pollution propagation
dynamics in tracing problems.

1) Proximal Policy Optimization (PPO): The PPO algo-
rithm [16] represents a significant advancement in the field of
DRL, particularly in policy gradient methods. PPO aims to
address the key challenges associated with training policies,
specifically ensuring stable and reliable improvement of the
policy with each iteration, without the need for finely tuning
the step sizes. This is crucial in applications such as 2D
source localization in environments with discrete observation
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Fig. 1. System Diagram of Drone to Detect Illegal Pollution in Cities: including the gas release simulation (Stage 1) and the RL algorithm (Stage 2) onboard

the drone.

and action spaces, where the agent must learn to navigate
and make decisions based on limited and discretized sensory
inputs to locate a target or source. PPO operates by optimizing
a surrogate objective function that limits the amount of change
imposed on the policy at each update, thereby preventing
drastic policy updates that could lead to performance collapse.
This is achieved through a clipped objective function, which
restricts the ratio of the new policy to the old policy (a ratio
termed the probability ratio) to stay within a neighbourhood
defined by hyper-parameters. This mechanism ensures that the
updates take small, safe steps, promoting gradual and stable
learning progress.

2) Recurrent Proximal Policy Optimization (R-PPO): The
innovative integration of Long Short-Term Memory (LSTM)
networks into the R-PPO algorithm marks a significant ad-
vancement in training agents for complex tasks [17], such
as locating a gas source in a 2D discrete environment. The
inclusion of LSTM networks enables R-PPO to effectively
handle environments where observations possess temporal
dependencies, a critical feature for navigating through space
where the dynamics can change over time or where the full
effects of actions are only observable in a delayed manner. In
environments characterized by partial observability, where an
agent cannot fully see the entire environment at once, the role

of LSTMs becomes even more pivotal. For instance, in the
task of locating a gas source, the agent may only detect hints
of the gas’s presence in its immediate vicinity without a clear
indication of the source’s exact location. LSTMs empower R-
PPO to leverage its memory component, allowing the agent
to remember and integrate past observations with the current
state. This capability is crucial for making informed decisions
that guide the agent towards the goal, despite having only a
fragmented view of the environment.

C. Novelty

In summary, traditional methods using gradient kernels
and partial-swarm-optimisation may not be suitable when
the emissions are intermittent and pollution concentrations
maybe trapped in local pockets. Even for RL, step size tuning
becomes difficult to generalise in these variational dynamic
pollution environments. As such, we are motivated to consider
both proximal policy optimisation (PPO)-based reinforcement
learning and its recurrent PPO (R-PPO) alternative to achieve
stable and reliable improvement of policy without the need to
fine tune step sizes.

The overall system architecture shown in Fig.1 and is com-
prises two main stages and a physical component, representing
the drone where the deployed algorithm is intended for use.



1) The first stage involves gas release simulation, aimed at
generating data to train a custom model. The primary
objectives of this stage are to produce reliable and semi-
realistic physics-informed gas plumes and to export the
data in a format suitable for the second stage.

2) The second stage centres around the Reinforcement
Learning (RL) algorithm of the drone. The RL is de-
signed to receive wind data from the Sensor subsystem,
position data from the Navigation subsystem, and gas
concentration data from the Gas Sensor onboard the
drone. The trained RL algorithm then determines the
next action for the drone. Within the source localization
framework, the drone can operate in three different
modes: plume finding and traversal, and source decla-
ration.

We will show localisation results across a range of wind,
obstacle, and emission scenarios for the KPIs of localisation
success rate and journey path efficiency. We will examine
alternative city structures and burst emissions, to challenge
the out-of-sample generalisation capability of the algorithms.

II. CiTY GAS EMISSION SIMULATION ENVIRONMENT

A discretized partial differential equation (PDE) Navier-
Stokes model is utilized:

Ju + (u)Vu= —le + vV, ()
ot p

Where % denotes the rate of change of velocity vector u with
respect to time ¢. The term (u-)Vu represents the convective
acceleration, capturing how the velocity field advects itself.
On the right-hand side, — %Vp represents the pressure gradient
term, where p is the pressure and p is the fluid density.
Lastly, #V2u denotes the viscosity term, with v being the
kinematic viscosity and V2u representing the Laplacian of
the velocity vector, accounting for the diffusion of momentum
due to viscosity. The simulation is conducted in a two-
dimensional environment with a uniform wind velocity and
a fixed substance-emitting source. The simulation employs
a finite difference method (FDM) to effectively solve the
advection-diffusion equation -flowchart shown in Fig 2. This
equation is discretized and then numerically solved over a
discrete grid that accurately represents the spatial domain.
The time evolution of the substance concentration is simulated
through the utilization of the Runge-Kutta method. To ensure
that the substance concentration is preserved at the boundaries,
the team applied zero Dirichlet boundary conditions. Zero
Dirichlet boundary conditions are imposed on all domain
boundaries, assuming a substance concentration of zero at
these boundaries, akin to impermeable barriers. This prevents
substance escape and maintains computational stability. Post
simulation, the solution is extended to the domain edges,
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Fig. 2. Generation Algorithm for Pollution Variational Flow in City Obstacle
Environment

ensuring a smooth transition and mitigating abrupt gradients
that could induce numerical instability.

To investigate the combined effects of varying wind speeds
and obstacles on the dispersion of a substance, we extend the
modified PDE model used in the variant wind speed simu-
lation. This extension incorporates obstacles within the two-
dimensional environment, altering the substance’s dispersion
characteristics in the presence of barriers. Three pollution
emission models are considered: (1) continuous emission (e.g.,
industrial chimney), (2) periodic emission (e.g., exhaust from
traffic), and (3) one burst (e.g., event/disaster based). An
example of continuous emission with obstacles and variational
wind is shown in Fig.1.

III. POLLUTION SOURCE LOCALISATION AND
NAVIGATION

The drone’s objective is to approach the source location
iteration by iteration within minimum steps while solely
relying on its sensors’ measurements and by making the next
move decision based on this information. In the first instance,
we can model this process as a Markov Decision Process in
which the agent’s action only relies on the current observation
and does not consider history. Inside the RL environment, the
model contains an action space and a state (or observation)
space. It also contains a reward function and the problem
can be solved using a variety of algorithms with different
hyper-parameters that we fine-tuned in order to have the best
performing model.

A. DRL Design Choices

Proximal Policy Optimization (PPO) and its variant, Recur-
rent PPO (RPPO), are compared based on their performance
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Fig. 3. Training Process for the PPO and Recurrent PPO Algorithms (top)
without Wind Sensors, and (bottom) with Wind Sensors.

across various environments, focusing on the mean episodic
rewards achieved during both training and evaluation phases.
One critical distinction between these two algorithms lies in
their handling of temporal dependencies. While PPO operates
without the use of frame-stacking, suggesting a straightfor-
ward, moment-to-moment decision making process, RPPO
incorporates a recurrent neural network layer (typically an
LSTM or GRU), enabling it to effectively manage and lever-
age temporal sequences for decision-making. This difference
fundamentally alters their approach to processing environ-
mental states, with RPPO being potentially better suited for
environments where understanding the sequence of events is
crucial.
The key configurations of the RL are as follows:
o Action Space: We the simple four cardinal directions (up,
down, left, and right).
o Observation States: Four concentration measurements in
a cross configuration (four cardinal directions) around the
drone. This enables to measure the concentration in the
drone’s vicinity.

B. Reward Function Design

We are first motivated by the concentration change: R; =
Cy — Cy_1. Two versions of this base reward were studied:
giving absolute or relative reward values. The advantage of
using an absolute reward value is that we can easily regularize

TABLE I
HYPERPARAMETERS FOR THE PPO AND RECURRENT PPO MODELS.

Hyperparameter Value Description
Number of training steps 50,000 Number of training steps, making the
number of episodes to 1,000
Minibatch size 52 The number of samples in each batch
during training
N-epochs 11 The number of times the entire
dataset is passed forward and backward
through the neural network
Discount factor 0.98  Discount factor for future rewards in re-
inforcement learning
Policy entropy coefficient ~ 0.04  Coefficient for entropy regularization in
reinforcement learning
Learning rate 0.0059 Rate at which the model’s parameters
are updated during training
GAE parameter 0.92  Generalized advantage estimation coef-
ficient A
PPO clip range 0.11  Range for clipping the gradient updates

in reinforcement learning

the total reward to facilitate the training process. However, a
relative reward value that depends on the norm of the gradient
was chosen to encourage the agent to take the steepest paths.
This base reward is upgraded by adding a bonus reward of
10% if the gradient is positive, meaning that the drone is
moving toward the source.

Additionally, a fixed reward value Ry = C} if C; > Chran
is given for every time the agent finds a new maximum
concentration because it incentivizes the agent to actively seek
out and discover areas with higher concentrations, thereby
promoting efficient exploration and exploitation of the envi-
ronment. The maximum found concentration is updated every
time this reward is obtained. This fixed reward serves as
positive reinforcement for the behavior of finding the source
of the pollutant, encouraging the agent to continually strive for
better results instead of abusing the bonus of the base reward.

The final reward value is inspired by anemotaxis, a term that
refers to the ability of certain organisms, particularly insects,
to navigate or orient themselves by detecting and moving
towards odor cues carried by the wind. In our scenario, the
agent should only go up the wind vector if it is inside the
plume, thus the reward Rj 0.1C} is given only if the
measured concentration is higher than a fixed threshold.

The total reward is: R = >, Ry(t)+ Rao(t)+ Ra(t), where
T is the maximum tolerated step sizes for localisation which
is set to 50.

C. DRL Training
IV. RESULTS
A. Static Environment

Fig.4(top) compares the success rates and model efficiencies
of our four models. Recurrent PPO models do not yield good
results as the training was not successful. Failures include
agents stuck on local maxima created by the obstacles and
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Fig. 4. The search process in different environment setups: (top) statistical
results of the static environment, and (bottom) illustration of dynamic
environment search processes at different time steps.

scenarios in which the agent loses the plume and thus moves
randomly in the area with no concentration. However, the
results of the PPO models are encouraging as the agent is
able to consistently move to the area with the maximum
concentration and find the source location most of the time.
Additionally, PPO models take very efficient paths as shown
in the path efficiency values. Finally, adding the wind vector
to the reward function and observation space seems profitable
for the agent to wind up toward the source location. It is worth
noting that stochastic behavior improves the success rate, at
the expense of a lower path efficiency.

B. Dynamic Environment

The best PPO model with wind direction sensor is evaluated
in a customized environment where the plume is in a steady
state that dynamically changes due to variations in the wind
field. Fig.4(bottom) shows the search process at simulation
time steps 10, 50, 90, and 130. The agent is heading in the
right direction from the beginning, then the varying concen-
tration value makes the gradient reward less representative,
while the reward based on the wind direction helps the drone
to wind up the plume. The agent successfully finds the zone
with the source location at time step 93, then hovers in this
area. The PPO with wind sensor had 49% success chance and
0.463 path efficiency.
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Fig. 5. Out of Sample Validation in Different City.
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Fig. 6. Out of Sample Validation in Different City with Burst Emissions.

C. Out of Sample Alternative City Structures

The PPO model is evaluated in an environment with a
different obstacle structure thus creating a different wind
field as shown in Fig.5. The model was not trained in this
environment. The agent position is initialised near a local
concentration maxima. The drone is stuck until it leaves this
area at time step 60 thanks to the policy that encourages the
drone to move against the wind. The agent successfully finds
the source of pollution at £ = 75 then hovers into the final
area. Across out of sample urban areas, we had a lower success
rate of 39% and average path efficiency of 0.570.

D. Out of Sample Alternative City Structures with Periodic
Burst Emission

The PPO model is evaluated with a periodic emission
(defined by a burst emission every 18 time steps). The model



was not trained in this kind of environment but we expect the
agent to use the hover action to gather information averaged
over time. Fig.6 shows the search process at time steps 15,
20, 45, and 130 in the new dynamic environment. The agent
position is initialised near a local concentration maxima. The
drone takes advantage of the information obtained during the
burst before ¢ = 18 to head for the area with the highest
concentration, then finds the source at ¢ = 45 and hovers
around the source. Due to the variations in out of sample
cases, we had a lower success rate of 34% and average path
efficiency of 0.520.

V. CONCLUSIONS

Smart cities will increasingly integrate drones for surveil-
lance. In the field of urban environmental monitoring and
response, the rapid and accurate localization of hazardous
gas emissions is crucial. Our research into the application
of novel deep reinforcement learning (DRL) for the task of
pollution gas source localization within a custom-made 2D
urban environment. We show localisation results across a
range of wind, obstacle, and emission scenarios with success
rate of 76-79% and high path efficiency of 95-96% in ideal
conditions. When we examine alternative city structures and
burst emissions, we can achieve success rate of 34% and path
efficiency of 52%, showing that there is some generalisation
in capability.

Moving forward, designing a drone equipped with the
capability to detect a gas plume source location using a
RL algorithm presents an innovative approach to environ-
mental monitoring, industrial safety, and emergency response.
However, integrating sophisticated algorithms with real-world
hardware like sensors and microprocessors on a drone plat-
form introduces several practical implementation challenges
including sensor sensitivity and drone disturbance [18].
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