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potentially causing premature death (3-6). Cleaning pollution 
in real-time is essential not only for safeguarding human 
health, but also for mitigating environmental degradation 
and ensuring long-term sustainability. Due to the ubiquity of 
PM and their detrimental effects, effective pollution control 
measures are imperative. 

Current solutions to mitigate outdoor air pollution, 
such as electrostatic precipitators (ESP) and baghouses, 
have limitations that hinder their widespread adoption 
and effectiveness. ESP-based systems, while capable of 
collecting pollution particles through electrical currents, 
generate ground-level ozone which may pose safety concerns 
and may aggravate certain health conditions (7). Additionally, 
the stationary nature of such systems limits their coverage 
area, requiring multiple units in order to achieve a safe 
outdoor environment. Moreover, baghouses, which utilize 
fans to pass polluted air through several fabric filters, also 
have several limitations. They need constant maintenance, 
are a safety hazard due to their highly combustible nature, 
and are stationary, facing the same problems as ESP-based 
systems (8). Industrial air cleaning devices, including the 
baghouses and the ESPs, tend to be expensive and might not 
be available for consumers to purchase (9).

Therefore, there remains a critical need for an effective 
and mobile outdoor air purification system that can address 
pollution at its source. In response to this need, we developed 
an autonomous drone system equipped with onboard pollutant 
sensors, guided by a machine learning (ML) navigation model. 
By leveraging artificial intelligence (AI)-driven navigation and 
real-time pollutant detection, the system will seek to locate 
sources of pollution in three-dimensions and clean the air, 
thereby reducing the concentration of PM in the air and 
enabling subsequent mitigation actions.

Our primary goal was to design, build, and test an 
autonomous drone system that uses an accurate navigation 
algorithm to actively locate and filter the source of outdoor 
air pollution in real time rather than passively filtering the air 
in the vicinity of the user. Within this project, we developed a 
novel gradient ascent ML particle filter (GA/MLPF) algorithm, 
using an ML particle filter. We hypothesized that this newly 
developed algorithm would outperform the conventional 
gradient ascent (GA) algorithm by creating a time-efficient 
path and reducing the number of points visited. By integrating 
the on-board pollutant sensor with AI-driven navigation 
models, the system aimed to provide an accessible and 
mobile solution for reducing pollution at its source.

When comparing the conventional GA algorithm to our 
newly developed GA/MLPF algorithm, our results showed 
that the GA/MLPF algorithm outperformed the conventional 
GA algorithm, taking an average of 70% less time and 
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SUMMARY
Outdoor air pollution is the fourth-leading cause of 
global mortality, claiming 4.2 million lives annually 
and impacting 99% of the world. Accessible and 
efficient solutions for pollution mitigation are 
lacking, despite the widespread impacts of outdoor 
air pollution. We present an autonomous drone air 
filtration system prototype, designed to detect and 
mitigate outdoor air pollution through utilizing a novel 
autonomous navigation algorithm and a custom-built 
data processing and transmission system (DPTS). 
The DPTS detects and transmits real-time particulate 
matter data to the navigation algorithm and has a 
Fibonacci Spiral-based filtration attachment that 
allows for air purification. Currently, one method for 
path finding is called gradient ascent (GA); however, 
this algorithm, when simulated, was time-consuming, 
visiting extraneous waypoints. In this paper, we 
propose an alternative to the GA algorithm called the 
gradient ascent ML particle filter (GA/MLPF) algorithm, 
which assists the drone in its autonomous traversal of 
the pollution field to find the source of the pollution. 
Based on the Bayesian state estimation particle 
filter, we hypothesized that the GA/MLPF algorithm 
would outperform the conventional GA algorithm 
by creating a time-efficient path and reducing the 
number of waypoints. Our results showed that the 
GA/MLPF algorithm did outperform the conventional 
GA algorithm: it took an average of 70% less time and 
reduced the number of waypoints by at least 28%. The 
GA/MLPF algorithm developed in this project is an 
innovative approach to tackling outdoor air pollution, 
and the algorithm’s mobility and effectiveness allow it 
to be used in many diverse environments.

INTRODUCTION
Particulate matter (PM) consisting of harmful, microscopic 

particles emitted from vehicle exhaust, industrial emissions, 
wildfires, and other sources poses significant health risks to 
human populations worldwide (1). PM particles come in a wide 
variety of sizes, with those less than 2.5 microns classified as 
PM2.5 and those between 2.5-10 microns classified as PM10. 
Inhaling toxic PM can lead to illnesses including cancer, 
respiratory and cardiovascular diseases, and neurological 
problems (2). Since these particles (PM2.5 and PM10) are 
nearly invisible to the naked eye, it is difficult to avoid them, 
and in high concentrations or with long-term exposure, the 
harmful effects of these particles can become heightened, 
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reducing the number of waypoints by at least 28%. Through 
testing and validation, we sought to demonstrate the feasibility 
and efficacy of the proposed drone-based approach in 
improving air quality, protecting human health, and advancing 
environmental sustainability. Ultimately, our work contributes 
to the development of scalable and accessible pollution 
control measures that can address the pressing challenges 
posed by outdoor air pollution on a global scale.

RESULTS
Data Transmission and Accuracy Test

We evaluated the data processing and transmission 
system (DPTS) for its ability to transmit PM2.5 concentration 
readings, and assed the accuracy of the Plantower PM2.5 
sensor used to collect those concentration values (Figure 1). 
In order to test the DPTS’s transmission ability, the distance 
between the Arduinos used the ground station and in the 
DPTS was slowly increased. Despite the growing increases 
in distance, the DPTS was found to be able to accurately 
transmit the real-time pollution throughout the whole system 
(from the air to the ground).

Next, we looked at the accuracy of the Plantower PM2.5 
Sensor compared to a market-quality air quality meter using 
statistical analysis. We conducted three independent runs. 
During each run, both the Plantower PM2.5 sensor and the 

air quality meter were placed side by side and a match was 
lit and blown out to simulate air pollution. The measurements 
were videorecorded and later ten data points were extracted 
per run to form the data used for the statistical analysis. 

Based on the results of histograms and quartile-quartile 
plots, the data collected was found to be non-normal 
(Figure 2). Given small, non-normal dataset, we performed 
the Wilcoxon signed-rank test to test for a significant statistical 
difference between the readings from the Plantower PM2.5 
Sensor and market-quality air quality meter. We found in 
Runs 1 and 3, the p-values (Run 1 p_value: 0.0645, Run 3 p_
value: 0.0840) were greater than 0.05, suggesting there could 
be no statistical difference in the distribution of readings from 
the PM2.5 sensor and the air quality sensor. However, in Run 
2, the p-value (p_value: 0.0039) was less than 0.05 which 
means that the two sensors’ distributions are significantly 
different. Overall, the results of the Wilcoxon signed-rank test 
suggest variability in conclusions across different runs. 

Comparing the GA and GA/MLPF Algorithms
The GA algorithm starts at the drone’s current point 

and traverses in all three directions (+X, +Y, +Z). At each of 
these new points, the GA algorithm will take a concentration 
reading and determine how much moving in each direction 
increased the pollution concentration readings. The drone will 
then move in the direction that caused the largest increase. 
The drone will continue following this algorithm until there are 
no more increases in concentration readings. The GA/MLPF 
algorithm leverages the machine learning particle filter to 
create a probability density function that is used to determine 
which points in a random set of 500 points are most likely to 
be source points. As the drone traverses the pollution field, 
more data is collected and used with the probability density 
function to reduce the number of points that are likely to be a 
source point for 500 to 200. Once at around 200, the drone 
will go to the mean of the points and this final point is the 
predicted source location.

We checked the accuracies of the conventional GA and the 
GA/MLPF algorithms through running four separate subtests 
simulations in MATLAB for each algorithm. Run #1 and Run 
#2 show the effect of changes in the drone’s starting location, 
whereas Run #3 and Run #4 show the effect of changes in 
the pollution source location. In this test, both algorithms’ 
generated paths and the discrepancies between their 
estimates of the location of the simulated pollution source and 
the true location were compared and expressed as relative 
improvement (in %) of the GA/MLPF algorithm with respect 
to the GA algorithm. Even though none of the algorithms 
had reached the source point exactly, they were within a 
maximum of approximately 1.6 units of simulation distance 
(Table 1). This offset is not small and implies that further work 
needs to be done to improve accuracy, but it does display 
how the algorithms were able to navigate the drone in the 
right directions. Each algorithm was able to generate paths 
from the drone’s starting position to the simulated pollution 
source with the offsets (Table 1). Overall, neither algorithm 
performed better, with the GA/MLPF algorithm working the 
best in the first two subtests and the GA algorithm working the 
best in the last two subtests.

Figure 1: Data processing and transmission system layout. Setup 
of the data processing and transmission system (DPTS). A) The filter 
unit (yellow box) and the Arduino and sensor unit (green box). Please 
note the motor depicted within the green box is the same as the one 
used within the yellow box to power the filter unit. B) A more in-depth 
view of the circuit used within the DPTS. Specifically, it shows the 
interconnections between the following components of the Aerial 
Unit: Arduino2 board, PM2.5 sensor (black icon at bottom right), filter 
motor, 9V battery, and N-type metal–oxide–semiconductor (NMOS).
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Comparison of GA and GA/MLPF Algorithms in Real-
Time Field Test

The third test consisted of four real-time field drone flight 
tests utilizing a simulated pollution plume in MATLAB. Run 
#1 and Run #3 show the effect of changes in the drone’s 
starting location, whereas Run #2 and Run #4 show the effect 
of changes in the pollution source location.  From this test, 
we found the GA/MLPF algorithm showed reductions in run-
time of up to 70% and visited up to 92% fewer points than the 
GA algorithm alone, underscoring a dramatic improvement in 
efficiency and supporting our research hypothesis (Tables 2 
and 3, Figure 4).

DISCUSSION
Outdoor air pollution is a huge issue affecting 99% of the 

world’s population and is the fourth-leading cause of death 
worldwide, claiming 4.2 million lives annually. Current outdoor 
air purifiers are stationary, only cleaning air within a certain 
radius, and are ground-mounted, therefore ignoring the main 
source of pollution and causing the problem to be constant. 
In this paper, we developed a drone-mounted sensor network 
that uses the GA/MLPF algorithm and the DPTS to provide 
an effective and affordable alternative to outdoor air pollution 
cleaning. By using the GA/MLPF algorithm to target the source 
of pollution, this product can reduce pollution by stopping 

Figure 2: Results for data processing and transmission test. The data processing and transmission test verifies the accuracy of the 
primary PM2.5 sensor readings against the secondary air quality meter readings and transmission over WiFi. There was a total of three 
runs for this test. Each was for 1 minute, the concentration readings were collected continuously while the two sensors’ displays were 
videorecorded, and the selected timepoints’ data within each of the three runs were obtained from the video. A) The data points collected 
form each run with a dotted line, representing the ideal scenario when the sensor and the meter have the same reading. B) Each of the runs’ 
distribution represented by the histograms are not normal. Moreover, the quantile-quantile (Q-Q) plots support this conclusion. In each of 
the Q-Q plots, because the plotted blue points deviate drastically from the red line, it indicates the distributions can be skewed and there are 
potential outliers, making the distribution not normal. Due to the un-normal nature of the data, the Wilcoxon Signed-Rank Test was conducted 
to determine a significant statistical difference.
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the spread from the source. Additionally, when compared 
to the conventional GA algorithm, our results supported our 
research hypothesis that the GA/MLPF algorithm was able to 
reduce the time and number of points visited by the drone as 
it finds the source of pollution. 

While the GA algorithm performed better than the GA/
MLPF algorithm in terms of final distance from the actual 
pollution source in certain cases, additional factors should be 
taken into consideration such as computation speed (smaller 
run time, smaller number of computations, and smaller 
number of points visited), where the GA/MLPF algorithm has 
an advantage over the GA algorithm. The accuracy of GA/
MLPF in terms of final distance from pollution source can 
be achieved by allowing more run time and by fine tuning its 
modeling parameters in additional simulation trials. 

In Run 3 of both tests testing the navigation algorithm 
(comparing the GA and GA/MLPF algorithms, comparing 
the GA and GA/MLPF algorithms in real-time field test), 
there were large discrepancies in the distance traveled and 
the ending point of the algorithms in comparison to the true 

source point (Tables 1–3). However, each of the algorithms 
move the drone system in the right directions, seeing that the 
drone’s path heads towards the relative direction of the source 
point, though there is still a big distance gap (Tables 1–3). 
There is more work to be done to improve the algorithms’ 
accuracy and ensure the algorithms can reach within the 
vicinity of the source point. The discrepancy for the GA/MLPF 
algorithm can be explained due to the randomness of the 
selection. Within the first round of GA/MLPF, the algorithm 
randomly chooses 500 points that it believes could be the 
source point. In this test case, the points picked could have 
affected the outcome of the algorithm, causing it to be far 
off from the true point. Supporting the research hypothesis, 
through the inclusion of the machine learning particle filter 
within the GA/MLPF algorithm allowed for a time-efficient 
algorithm that visits many less waypoints at the cost of more 
computations. At every time step, using the newly collected 
information of the gradient field, the GA/MLPF algorithm 
re-evaluates the potential source points by adjusting its 
probability density function. This re-evaluation uses more 

Table 1: Comparison of gradient ascent (GA) and gradient ascent machine learning particle filter (GA/MLPF) algorithms. Comparison 
of how close the GA and GA/MLPF algorithms’ predictions of the pollution source location are relative to the actual location. The maximum 
distance between the algorithm’s prediction and the actual location of the source is 1.6 units. Neither algorithm outperformed the other in 
terms of accuracy, since the GA/MLPF was better than the GA algorithm for the first two subtests but the GA algorithm was better than the 
GA/MLPF algorithm for the last two subsets. In all of these subtests, none of the algorithms were able to exactly pinpoint the source point.

Table 2: Gradient ascent (GA) and gradient ascent machine learning particle filter (GA/MLPF) real-time test percent comparison. 
During the third test, two variables were tested: a different pollution source point (shown in the table as source) and a different drone starting 
position (shown in the table as start). Each row describes the situation with a start and source point.
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computations than the number of computations used in each 
step of the GA algorithm. However, these extra computations 
allow for the GA/MLPF to visit a lot less points than the GA 
algorithm, allowing the GA/MLPF, in many cases, to reach the 
source pollution faster than the conventional GA algorithm, 
allowing it to prevent the spread of the pollution and clean 
the air faster. The faster cleaning and reduced spread of 
pollution achieved through the GA/MLPF algorithm makes 
the sacrifice of computation reasonable. Despite improving 
in almost every aspect, different starting points cause GA/
MLPF to take more time to find the source and to have a less 
accurate prediction of the actual location of the source, but 
with further tuning and more training this problem could be 
mitigated. Moreover, when looking at the paths produced, the 
GA and the GA/MLPF have very different paths: GA takes 
a longer, less obvious path and GA/MLPF takes a shorter, 
more obvious path. Paths produced could be smoother with 
additional optimizations.

One of the problems encountered was that the filter unit 
system was too heavy for the drone to carry. Given that the 
drone is about the size of one’s hand and the battery only 
allows it to fly for 13 minutes, adding a filter unit that carries 
a microprocessor, motor, sensor, and 3-D printed part was 
too much for such a small drone to carry. One solution to this 
problem is to create a printed circuit board (PCB) for the filter 
unit to make it lightweight. On the DPTS, we currently use an 

ArduinoR4 microcontroller to power and control the system. 
When using the ArduinoR4, more than half of the features 
were left unused. Therefore, it would make the most sense to 
develop a PCB that only contains the features needed for this 
project. Moreover, due to the battery dropping rapidly, when 
testing only a few minutes of good flight time was allocated. 
To solve this issue, MATLAB’s simulation feature was used to 
get a good idea of what the drone’s path may look like and to 
fix any errors found in the program before deploying it onto 
the drone.

In the comparison of the GA and GA/MLPF algorithms in 
real-time test, due to the drone’s weight and battery limits, 
the filtration unit was not able to be used and was instead 
replaced by a simulated polluted environment in which the 
navigation algorithm could extract concentration readings 
through calling a function. Although the filtration unit was 
not used in the real-time test due to the drone’s weight and 
battery limits, it is a necessary part of the system. The PM2.5 
concentration data collected through the filtration unit is 
crucial in determining the next location of the drone. A better 
drone having a higher payload capacity and longer battery 
life would be able to carry the filtration unit during field tests.

Moreover, the inconsistency with the Plantower PM2.5 
sensor used in DPTS was another problem. With inconsistent 
readings, the pollution field could be misinterpreted by 
the navigation algorithm, causing the system to be less 

Table 3: Gradient ascent (GA) and gradient ascent machine learning particle filter (GA/MLPF) real-time test final position 
comparison. During the third test, two variables were tested: a different pollution source point (shown in the table as source) and a different 
drone starting position (shown in the table as start). Neither of the algorithms had reached the exact source location.

Figure 3: Materials and assembly of the filter unit. To make the filter unit inexpensive, these materials were found around the house and 
used for initial testing. The spiral, motor, and cup are assembled to create the cleaning function of the data processing and transmission 
system. This part of the system will be triggered by a signal sent between the Arduinos and has been proven effective in cleaning polluted air 
(17).
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effective. A potential cause of this outcome is that the air in 
the testing region and the sensor were not properly cleaned 
prior to collecting readings, which would mean that there 
were already existing PM2.5 particles that could cause the 
readings from the Plantower sensor to be consistently higher 
than that from the air quality meter. Another cause could 
stem from the internal design of the sensor itself. The current 
systems reported in this paper for PM2.5 detection, including 
the air quality meter and the Plantower PM2.5 Sensor, are 
low-cost systems that utilize laser-based detection systems 
and detect particles utilizing aspects of light scattering. 
Light scattering, especially in low-cost sensors, prevents 
these sensors from accurately separating particles by size. 
This makes the concentration readings from these low-cost 
sensors, especially for PM2.5 and PM10, to have a lot of 
variation with little correlation between data points. More 
research regarding other methods of particle detection, such 
as infrared detection, as well as how to accurately recalibrate 
these low-cost sensors to produce more accurate readings 
(11). 

In terms of future research, adding more drones to the 
system would allow more space to be covered and reduce 
the time needed to clean an area. Moreover, in addition to 
additional drones, adding more advanced sensors to enable 
communication between drones would ensure that the space 
is cleaned and covered efficiently and that there are no safety 
concerns when adding more drones. For future improvements, 
more random points or more constraints regarding where the 
random points are picked from can be added to ensure that 
there is a wide spread of points, allowing the algorithm to 
have the best chance of accurately locating the source point. 

Overall, the GA/MLPF algorithm developed in this project is 
an innovative approach to tackling outdoor air pollution, and 
the algorithm’s mobility and effectiveness allow it to be used 
in many diverse environments. 

MATERIALS AND METHODS
Data Processing and Transmission System (Setup and 
Attachment)

The Data Processing and Transmission System (DPTS) 
consisted of two main parts, the aerial unit and the ground 
unit (Figure 1). The Aerial unit utilized a pre-made and pre-
approved DJI Tello Educational Drone with built-in Wi-Fi, an 
Arduino R4 UNO with Wi-Fi, a PM2.5 Plantower PMS5003, 
and a filter unit (Figure 3). The filter unit was made up of a 
Mini Micro Coreless Motor, a 3-D printed Fibonacci Spiral, 
a paper/plastic cup, and a PM2.5 filter (16). The filter unit is 
a motor connected to a Fibonacci spiral that sucks air into a 
PM2.5 filter paper attached to the back of a cup (Figure 3). 
To customize the filter’s size, shape, and material and ensure 
a lightweight and efficient filter, a 3-D printed spiral was used.

A complete circuit was built using these parts and 
attached to the drone according to the following guidelines 
(Figure 1). The PM2.5 sensor was connected to Arduino2 
to get power and was allowed 30 seconds for stabilization 
after waking from sleep mode. The sensor has continuous, 
and polling modes based on the RCX pin voltage. The filter 
motor was connected to a 9V battery using a N-type metal–
oxide–semiconductor (NMOS) to ground it. The NMOS gate 
was connected to pin 7 on the Arduino to complete the circuit 
and allow for the activation of the motor using the 9V battery. 

The ground unit consisted of an Arduino R4 UNO with 

Figure 4: Drone trajectory comparison for GA and GA/MLPF algorithm real-time test. The paths depicted in this figure were developed 
in a MATLAB simulation of the GA and GA/MLPF algorithms. Two variables were altered: the pollution source location and the drone's starting 
location. Run #1 and Run #2 show the effect of changes in the drone’s starting location, whereas Run #3 and Run #4 show the effect of 
changes in the pollution source location. Each case plots the drone’s path in black and shows the drone's starting coordinates, the pollution 
source’s coordinates, the number of points visited, the time taken to traverse the path, and which algorithm generated the path.
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Wi-Fi connected to a laptop. The navigation algorithm was 
run on the laptop. The ground Arduino Uno was connected 
to the Arduino in the aerial unit through WiFi-Arduino and 
the computer is connected to the drone through WiFi-Drone. 
Within the DPTS, the two Arduino R4 UNOs with Wi-Fi sent 
commands and data through the WiFi-Arduino channel. This 
is how the algorithm, described further in the navigation 
algorithm section, gained real-time pollution concentration 
data. Additionally, through the WiFi-Arduino channel, signals 
were sent to trigger the filter unit to begin running and cleaning 
the polluted air if the air pollution concentration passed a 
certain threshold. The DPTS’ Ariel Unit was mounted on the 
Tello Drone utilizing a four-wall cardboard structure, attached 
to the landing gear (Figure 3).

Navigation Algorithm
Within the creation of the navigation algorithm, clear 

conditions were assumed (no wind or other weather 
conditions), the pollution source was assumed to be a 
point, multiple pollution sources were not within the scope 
of this project, and the effects of gravity on the plume field 
distribution were ignored. For simulation and consistency 
purposes, the following Gaussian plume model was used for 
the spatial distribution of the pollution (12, 13):

(1)

where the source of pollution is taken to be (x0, y0, z0) with

(2)

(3)

(4)

(5)

which, when substituted into equation (Equation 1), shows 
the dependence on x as:

(6)

in which C = pollutant concentration, Q = source emission 
rate [g/s], u = wind speed [m/s] = 1 (factor was not changed), 
y = crosswind distance from stack of point of interest [m], 
z = vertical height of point of interest [m], H = effective stack 
height [m] = 0, and x = x coordinate of point of interest [m].

The creation of the navigation algorithm used two 
algorithms: the well-known gradient ascent (GA) algorithm 
was used as a control and for comparison, and a newly 
developed gradient ascent with a machine learning particle 
filter (GA/MLPF) algorithm. The GA algorithm commanded the 
drone to traverse in the three dimensions (in the x-direction, 
the y-direction, and the z-direction) at each step to decide on 
the direction to move (14). The traversal started from (0,0,0) 
and moved 0.1 meters in each direction. At each of these 

locations, Arduino2 took the PM readings and sent them to 
Arduino1, which in turn sent them to the algorithm. Using the 
readings from each of these directions, the algorithm took a 
weighted average of all the values to determine the next point 
to go to. This information was sent on the WiFi-Drone channel 
from the computer. Following this method, the drone followed 
the trend of the pollution gradient.

The drone continued to follow this algorithm until it found 
the pollution source. The drone knew it had found the pollution 
source since when it moved in the x, y, and z directions the 
change was negative, indicating that it had found the highest 
pollution concentration. The maximum concentration was 
a setting parameter for these algorithms and was used to 
control how close the drone goes to the source of pollution. 
The GA/MLPF algorithm uses a mix of the machine learning 
particle filter with the gradient ascent algorithm, to help the 
drone autonomously navigate the air pollution source (15).

The novel idea is to use state estimation algorithms like 
Bayesian particle filters to estimate the source of pollution 
from the data that was gathered by the GA algorithm and 
based on PM2.5 sensor readings. The main idea of the 
Bayesian particle filter is to determine the location of an 
object within a certain location using a specific input source. 
The particle filter starts off with random points scattered 
around the area, and over time with more data collected, the 
filter begins narrowing down and clustering at certain points it 
believes the object is at, until it ultimately locates the object.

This project employed a novel use of the machine learning 
particle filter. In a normal setting, when the particle filter is 
utilized, it is within a known region, however in this case, 
the gradient environment was unknown and only pollution 
concentration readings were used to navigate through the 
plume field in order to try to find the pollution source. Using 
the particle filter method, the algorithm started by randomly 
labeling 500 points the source of pollution and saved the state 
of the pollution source as (x, y, z) coordinates, indicating that 
the pollution source could have been at any of these points, 
but as the program continued, the number of possible pollution 
source points got smaller. These pollution source candidate 
points were located in the plume field which spanned a 5 m x 
5 m x 5 m cubic region.

Following the algorithm, the drone first 5 rounds of the GA 
algorithm to get an understanding of the unknown field. In 
these rounds, during each new point, actual air quality data 
was collected, and the list of candidate source points was re-
evaluated. At this current point, the algorithm cycled through 
estimated “source points”, sending the coordinates of each 
estimated source point and the current point to a pollution 
concentration modeling function.

Because many pollution plumes can be modeled as 
Gaussian plumes, the Gaussian field equation was used 
to estimate pollution concentration at a point when given a 
source point (16). From the current point and the candidate 
source point, the PM concentration at the current point 
was calculated assuming that the source point was the real 
source point used within the experiment. The large set of 
approximately 500 possible source points was reduced by 
applying a threshold-based posterior likelihood elimination 
strategy, and if a candidate source point got eliminated, then 
it was considered as an ordinary sample point within the 
pollution field.  If the absolute value of the difference between 
the Gaussian plume model concentration and the PM sensor 
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reading at the current point was greater than 2 parts per 
million (ppm), then the candidate source point was eliminated. 
The threshold value of 2 ppm quickly reduced the number 
of candidate source points in the simulation studies through 
ensuring only the candidate source points that were included 
within the set that could be a source point are the ones with 
the closest approximated concentration readings.

As the drone moved in the pollution field, it acquired more 
and more PM concentration readings. Using this information, 
the MLPF identified candidate source points by assigning 
each particle a sampling weight based on a sequential 
Monte Carlo posterior probability density function. Rather 
than removing candidate source points whose probabilities 
are below a certain threshold value, the Monte Carlo 
iterative resampling process causes candidates having lower 
sampling weights to get removed from consideration. When 
the number of candidate source points was less than 200, the 
drone was sent to the median of the 3-D coordinates of the 
remaining candidate source points. From this location, the GA 
was used to find the actual location of the pollution source. 
Using MATLAB, paths from both algorithms (GA alone and 
GA/MLPF) were graphed, and all the possible source points 
are colored either red if they are excluded from, or light blue 
if they are included in, the final iteration’s median coordinate 
calculation (Figure 5).

Data Transmission and Accuracy Test
The data transmission and accuracy test were conducted 

to verify reliable communication between the ground and 
aerial units and to assess the accuracy of PM2.5 concentration 
measurements collected by the Plantower Sensor on the 
aerial unit.

The ground and aerial units communicate via Arduinos 
connected through a WiFi-based Arduino channel. To ensure 
the reliability of this communication link, sample PM2.5 data 

was transmitted and then verified for accuracy upon receipt. 
This test was conducted outdoors in the operational field, 
with varying distances between the ground and aerial units, 
to ensure that Arduino-based communication remains robust 
under real-world conditions. To ensure the PM2.5 sensor was 
transmitting accurate data, air quality was also changed by 
adding smoke that changed the PM2.5 concentration. The 
proposed smoke source was a burnt matchstick placed in 
front of the sensor. 

Values from the PM2.5 sensor were analyzed and 
compared against an air quality sensor to ensure correctness. 
Per run analyses were conducted to account for the rapid 
fluctuations of pollution within the short 3-minute span of the 
test. We used histograms and quartile-quartile plots to display 
the normality of the data. Additionally, we used a Wilcoxon 
signed-rank test with a significance level of 0.05 to test for 
a significant statistical difference between the readings 
from the Plantower PM2.5 Sensor and the market-quality air 
quality meter.

Comparing the GA and GA/MLPF Algorithms
When running the pollution search algorithms during 

testing, clear operating conditions (such as no wind, no rain, 
etc) and having the drone placed within the pollution field were 
assumed. We compared the GA and GA/MLPF algorithms 
to determine the functionality of the algorithms before they 
were deployed for testing on the drone. Due to safety and 
battery constraints, the four paths developed by the GA and 
GA/MLPF algorithms were simulated within MATLAB  and 
checked for accuracy in finding the source (Table 3). Source 
code can be accessed here: https://github.com/varinik/
AeroPurifySimulationMATLABCode/tree/main.

Each of the four tests had an outlined started place for the 
drone and the source point of the pollution plume. In MATLAB, 
the simulated environment consisted of a model Gaussian 

Figure 5: Drone Trajectories for the GA/MLPF and GA algorithms. The two graphs created in this figure were made in MATLAB. This 
figure depicts two example paths, traced in black, that conform to the conditions of Test 2 with the drone’s starting position at (0, 0, 0) and the 
pollution source’s location at (0, 3, 3).



1 SEPTEMBER 2025  |  VOL 8  |  9Journal of Emerging Investigators  •  www.emerginginvestigators.org

https://doi.org/10.59720/24-246

Plume centered at the pre-set source point (Equation 6). In the 
simulated environment, did not model the drone as a physical 
object but did keep track of the drone’s current location based 
on the outputs of the algorithms. The simulated environment 
focused on capturing the logic of the two algorithms. At the 
start of the simulation, the current location of the drone was 
set to the pre-determined starting location. For the algorithms 
to get concentration readings from the field, a function that 
utilizes the Gaussian Plume equation (Equation 6) was 
used to convert values represented by the pre-determined 
source point (x0, y0, z0) and the current location (x, y, z) to 
a pollution concentration value. The simulation was run and 
the amount of time it took the algorithm being tested to reach 
the source point, the number of points the algorithm visited, 
and the number of computations performed by the algorithm 
were measured. An accepted radius of two units of simulation 
distance (modeled using a spherical source rather than a point 
source) was used as since in a real-world scenario pollution 
is likely to be the same concentration within a radius from 
the pollution source, assuming clear conditions. Therefore, 
within this test, having the drone be within that radius would 
be accepted as reaching the target.

Comparison of GA and GA/MLPF Algorithms in Real-
Time Field Test

The comparison of GA and GA/MLPF algorithms in real-
time field test is a real-world test involving the physical drone 
system. This test used a simulated environment to mimic a 
real-life pollution environment (as outlined in the comparing 
the GA and GA/MLPF algorithms test), and the calculated 
steps were deployed and run on a drone. In the simulated 
environment, data such how many points the path consisted 
of, how long it took for the drone to reach the pollution 
source using the path, and how many computational steps 
were needed, were collected and compared between the 
two algorithms. As in real-life scenarios, the drone may not 
always originate in the vicinity of the pollution source, and 
the pollution gradient may not always originate from a fixed 
starting point, hence two variables were changed: the drone’s 
starting location and the pollution source’s location. With 
these changes, the data elements cited above were collected 
and compared between the two algorithms, yielding the 
experimental results and scientific interpretations previously 
discussed. For this test, six paths were produced (Figure 4).
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