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Abstract: This study innovatively employs drones equipped with air quality sensors to collect three-
dimensional air quality data in a campus microenvironment. Data are accurately corrected using a BP
neural network, and a cubic model is constructed using three-dimensional interpolation. Combining
photogrammetry technology, this study analyzes air quality patterns, finding significant differences
from macro trends. Construction activities and large electronic experimental equipment significantly
increase PM2.5 levels in the air. In rainy weather, the respiration of vegetation is enhanced, leading
to higher CO2 concentrations, while water bodies exhibit higher temperatures in rainy weather
due to their high specific heat capacity. This research not only provides a new perspective for
microenvironment air quality monitoring but also offers a scientific basis for future air quality
monitoring and management.
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1. Introduction

The concept of a geographical microenvironment pertains to local environmental
conditions and characteristics within a relatively small spatial scale, encompassing descrip-
tions and analyses of factors such as terrain, vegetation, soil, water bodies, and buildings.
It emphasizes the localized and detailed nature of spatial scales. The complex layout
and structure of microenvironments are closely linked to the distribution of air quality in
residential areas. Different layouts and structures of geographical microenvironments sig-
nificantly influence air flow patterns, determining the methods and extent of air pollution
dispersion. In densely built-up areas, human activities and traffic emissions often lead
to higher pollutant concentrations and a pronounced urban heat island effect [1]. Areas
with abundant vegetation can notably reduce concentrations of PM2.5 and ozone [2], while
vegetation also affects air temperature and humidity, providing a cooling effect that makes
densely vegetated areas relatively cooler [3]. Moreover, open impervious surfaces like
parking lots and asphalt roads absorb more solar radiation, altering the radiative heat
balance and impacting air quality [4,5].

In terms of microenvironment air quality monitoring, traditional ground monitoring
stations and on-site manual inspections are limited in number and coverage, making it
challenging to reflect the dynamic changes in air quality comprehensively and in real-time.
Additionally, they cannot precisely locate pollutant sources, hindering targeted mitigation
efforts [6]. Air pollutants are distributed across three-dimensional space, influenced not
only by horizontal wind fields but also by vertical atmospheric boundary layer fluctua-
tions [7]. Traditional atmospheric detection methods, such as radiosondes, wind towers,
and radar systems, though established, present significant challenges [8]. They suffer from
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high construction costs, low reuse rates, and complex maintenance requirements. Addi-
tionally, these methods provide limited spatial coverage and lack the resolution needed
to track air pollutants in three-dimensional space effectively. In dynamic urban environ-
ments, where air pollutants are influenced by both horizontal wind patterns and vertical
atmospheric boundary fluctuations, these methods often fall short of meeting the needs of
environmental protection agencies [9]. As such, innovative solutions, such as UAV-based
air quality monitoring systems, offer promising alternatives by providing high-resolution
data and enhanced spatial coverage [10].

UAVs can flexibly change flight paths, enabling continuous detection at different
vertical heights and horizontal distances. They can accurately measure pollutant concen-
trations at specific altitudes. Although UAV applications in air quality monitoring started
relatively late in China, many studies have successfully applied them in practice. For
instance, researchers such as Peng Yan, Ye Jinwei, and Zhang Liyong used UAVs equipped
with air quality detection devices to monitor atmospheric pollutants in parts of Lin’an
City and Shanghai Fengxian District, revealing the vertical distribution and diffusion pat-
terns of PM2.5 and other pollutants [11]. The team of Lu Sijia, Wang Dongsheng, and Li
Xiaobing conducted an in-depth study using UAVs during a severe pollution event in
Lin’an City, analyzing the three-dimensional spatial distribution data of PM2.5 concen-
trations and concurrent meteorological conditions [12]. Internationally, researchers like
D.T. Connor used UAV technology for detailed aerial photogrammetry of the Fukushima
nuclear waste storage site, successfully creating a 3D radiation map by integrating it with
ground-based radiation mapping data [13]. Jaroń et al. monitored various air pollutants
in a small highway area using UAVs, displaying and analyzing the data in the form of
three-dimensional scatter plots overlaid with orthophotos [14]. However, the study of the
impact of geographical microenvironments on the distribution of air pollutants, especially
using UAVs, remains to be further explored.

To investigate the impact of geographical microenvironments on air quality, this study
presents several significant contributions:

• Development of a UAV Air Quality Data Collection System: This study innovatively
designed and implemented a UAV-based system capable of collecting air quality data
(including PM2.5, CO2, temperature, and humidity) across multiple vertical levels in
various microenvironments. Unlike previous research that primarily relied on fixed
meteorological stations for two-dimensional studies, our work fills the gap in data
collection platforms on a three-dimensional scale, providing a new perspective for
microenvironmental research [15,16]. In addition, unlike most existing studies that
utilize off-the-shelf consumer drones, such as the DJI Matrice 300 or DJI Phantom
RTK, where sensors are simply mounted, these commercial non-open-source drones
often lack the capability to export accurate coordinate data with precise timestamps,
as well as real-time motion status and attitude information. These data are crucial for
subsequent data correction and three-dimensional analysis. In contrast, our custom-
designed UAV system leverages an open-source drone platform that allows us direct
access to spatial position, temporal information, motion status, and flight attitude data.
This operational flexibility enhances the practicality and scientific applicability of our
research compared to typical consumer-grade drones.

• Air Quality Data Correction Model: We employed a BP neural network to correct
airflow disturbances caused by UAV motion, ensuring that the collected air quality
data are more accurate and reliable. This approach is particularly advantageous over
traditional statistical methods, such as multiple linear regression, as it better captures
complex non-linear relationships. It effectively models the intricate interactions be-
tween UAV motion states and their impact on air quality data, resulting in improved
precision in our data analysis compared to conventional statistical methods [17].

• Construction of a Three-Dimensional Air Quality Spatial Interpolation Model: We ap-
plied the Kriging interpolation method to three-dimensional scatter data, generating a
voxel-based 3D air quality model. While some existing studies in the three-dimensional
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realm perform two-dimensional interpolation of air quality data at various heights
and visualize the results as three-dimensional isosurfaces or with colored scatter plots
overlaid on two-dimensional orthophotos, these approaches often fail to accurately
capture the vertical variations of air quality indicators. In contrast, our use of three-
dimensional Kriging interpolation effectively addresses these limitations, allowing
for a more precise representation of vertical changes in air quality metrics [18,19].
Moreover, Kriging excels in three-dimensional applications because it can effectively
model the spatial relationships between data points across multiple dimensions. This
is particularly beneficial for air quality studies, where pollutant concentrations may
vary not only horizontally but also vertically. By generating a voxel-based 3D model,
Kriging captures vertical gradients in air quality that are often missed by traditional
methods, which typically flatten data into two-dimensional surfaces.

High-precision oblique photogrammetry was utilized to create a detailed 3D model of
the study area, which was then overlaid with the 3D air quality interpolation model. This
combined approach not only enhances our understanding of the dynamic changes in air
quality but also facilitates the exploration of potential relationships between geographical
layouts and air quality in microenvironments, providing critical scientific support for urban
planning and environmental management.

2. Materials and Methods
2.1. UAV Air Quality Data Collection System

This study establishes a comprehensive UAV data collection system utilizing the PX4
open-source flight controller Pixhawk 6C (Holybro, Shenzhen, China), referred to as the
flight controller as the core controller to assemble the UAV platform (Figure 1). The UAV is
equipped with the CJ701 sensor (CJSL, Guangzhou, China), capable of collecting various
data including CO2, PM2.5, temperature, and humidity. An onboard computer reads the
numerical values of these data at 1 Hz via serial communication and concurrently connects
to the flight controller through the Mavlink interface to retrieve and record the UAV’s
current speed, position, attitude, and other data. The specific parameters of the sensors are
shown in Table 1.
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Table 1. The specific parameters of sensors carried by the unmanned aerial vehicle (UAV).

Category Measurement
Resolution Measurement Range Measurement Accuracy

CO2 1 ppm 400~5000 ppm ±3% + 50 ppm or ±10%
PM2.5 1 µg/m3 0~999 µg/m3 ±10% or ±10

Temperature 0.01 ◦C −40~100 ◦C ±1 ◦C
Humidity 0.04% 0~100% ±3%RH

PM2.5 1 µg/m3 0~999 µg/m3 ±10% or ±10

The sensors output collected data through I2C, UART, and other interfaces. The
microcontroller reads and parses these data, then plots them. Subsequently, at a rate of 1 Hz,
all sensor data are sent via serial communication to the onboard computer for processing.

2.2. Air Quality Data Correction Model

The movement of UAVs can induce airflow disturbances, affecting the accuracy of
sensor data. To mitigate these errors, this study employs a motion compensation algorithm
based on an Inertial Navigation System (INS), complemented by a Backpropagation (BP)
neural network for sensor data correction. The INS integrates gyroscopes, accelerometers,
and high-precision GPS to provide real-time motion state information of the UAV, including
velocity, acceleration, and rotation angles.

Specifically, the BP neural network was employed to correct the disturbances in air
quality measurements caused by the UAV’s airflow during flight. These disturbances arise
from the complex and hard-to-quantify air currents generated by the UAV’s movement.
Given that airflow is closely tied to the UAV’s dynamic behavior, we utilized internal
flight data, capturing nine motion indicators: velocity and acceleration in the x, y, and z
directions, as well as roll, yaw, and pitch angles.

The relationship between these motion parameters and the resulting sensor errors
is highly non-linear, making it difficult to model using traditional physical approaches.
Therefore, we selected the BP neural network for its robustness in handling non-linear
relationships and its proven effectiveness in correcting measurement errors caused by
external disturbances like airflow [20,21]. The BP neural network is particularly suited for
this task because of its ability to model and learn the intricate dependencies between UAV
motion and data distortions, thus enhancing the accuracy of the air quality measurements.

The network operates in two phases—forward propagation and backpropagation—
continually optimizing its performance. During forward propagation, information flows
smoothly from the input layer through the hidden layers to the output layer. In backpropa-
gation, information flows in reverse to adjust network parameters, including weights (w)
and biases (b), to achieve optimal prediction results. This operational process is distinctly
divided into two phases, as depicted in Figure 2.
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tion functions (indicated by curved lines) to process the input data. The “+” symbol denotes the
summation operation in each layer.

The core structure of this system consists of input, hidden, and output layers (as
illustrated in Figure 3). In this study, the correction model specifically considers nine input
factors: roll angle, yaw angle, and pitch angle, as well as velocities and accelerations in the x,
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y, and z directions. The output layer is responsible for providing corrected values of various
air quality indices, which will be used for the dynamic correction of measured values.
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input layer. The gray dots represent neurons in the hidden layer, while the blue dot represents the
neuron in the output layer providing the correction value. Black dots indicate omitted components
for simplicity.

For the UAV motion parameters used here, there are two main sources.

• Regarding acceleration and tilt angle, they come from the IMU sensor inside the
flight control, specifically the following model: ICM-42688-P (TDK InvenSense, Tokyo,
Japan). The main characteristics are listed in Table 2.

Table 2. Specifications of the ICM-42688-P imu sensor for acceleration and tilt angle measurements.

Parameter Specification

GYRO Noise (mdps/rt-Hz) 2.8
GYRO Offset Temp Stability(mdps/◦C) ±5

GVRO Range and Resolution ±2000 dps; 16/19-bits
ACCEL Noise (µg/rt-Hz) AXY: 65; AZ: 70

ACCEL Range and Resolution +16 g; 16/18-bits

• The velocities in the x, y, and z directions come from the GPS carried by the aircraft,
specifically signaled as with the Holybro M9N GPS (Holybro, Shenzhen, China), and
the main characteristics are listed in Table 3.
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Table 3. Specifications of the Holybro M9N GPS for velocity measurements in the x, y, and z directions.

Parameter Specification

Receiver type

channel u-blox M9 engine
GPS L1 C/A, QZSS L1 C/A/S, GLONASS L10F

BeiDou B1l, Galileo E1B/C
SBAS L1 C/A:WAAS, EGNOS, MSAS, GAGAN

Nav. update rate Up to 25 Hz (4 concurrent GNSS)

Horizontal position accuracy 1.5 m CEP (with SBAS)
2.0 m CEP (without SBAS)

2.3. Statistical Analysis

To investigate the impact of geographical spatial layout and structure on air quality,
we employed two statistical methods: the two-sample F-test and two-way ANOVA, fo-
cusing on PM2.5 concentration data. Initially, the two-sample F-test was applied to PM2.5
measurements collected vertically at seven distinct locations, comparing the variance be-
tween each pair of locations. For the two-way ANOVA, altitude and location were defined
as independent variables, while PM2.5 concentration served as the dependent variable.
Altitude was divided into five-meter intervals, and we calculated the mean and standard
deviation of PM2.5 concentration within each altitude interval across the seven locations.
This approach allowed us to analyze the individual and interaction effects of altitude and
location on PM2.5 concentration, providing insights into the influence of spatial layout and
structural factors on air quality.

2.4. Three-Dimensional Air Quality Data Spatial Interpolation Model

This method aims to transform discrete three-dimensional air quality scattered data
into continuous voxel grid data using spatial interpolation techniques, facilitating visual-
ization, analysis, and further scientific research on spatial distribution characteristics. This
study utilizes point interpolation to voxel grid technology from SuperMap iDesktop 11i
(2022) (V11.0.2) software, which combines advantages of spatial statistics and geographic
information systems to effectively address interpolation challenges in three-dimensional
spatial data. Each interpolation algorithm in ArcGIS (10.8) software has its own set of
strengths and limitations [22]. However, given that the data collected in this experiment
consist of non-uniformly distributed three-dimensional scattered points, which are signifi-
cantly influenced by the geographical characteristics of the microenvironment, the Kriging
interpolation method stands out as one of the most robust algorithms for handling such
spatially heterogeneous data [23,24].

Kriging calculates the weights of known points around unknown points using covari-
ance functions, semivariogram analysis, and theoretical variogram function models, and
estimates the attribute values of unknown points through weighted averaging. This method
fully considers the three-dimensional distribution characteristics and spatial correlations of
data in three-dimensional space, suitable for the interpolation analysis of complex terrain
and environmental factors [25].

Specifically, three-dimensional Kriging interpolation can be described as follows:
Semivariogram computation: The semivariogram function γ(h) describes the spatial

correlation between two points. For three-dimensional data points (xi, yi, zi) and
(

xj, yj, zj
)
,

their distance h can be expressed as follows [22]:

h =
√(

xi − xj
)2

+
(
yi − yj

)2
+

(
zi − zj

)2 (1)

The semivariogram function γ(h) typically employs empirical formulas or theoretical
models such as exponential, Gaussian, or spherical models.
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Covariance function and variogram model: Based on the semivariogram function,
the covariance function C(h) and variogram model are constructed to define the spatial
relationship between known and unknown points.

Kriging coefficients are computed by solving the Kriging coefficient matrix equation,
which determines the weight λi for each known point. For a target point (x0, y0, z0), the
estimated attribute value t0 can be expressed as follows:

t0 =
n
∑

i=1
λiti (2)

where ti represents the attribute value of the known point (xi, yi, zi), and λi denotes the
corresponding weight coefficient, determined by the following system of linear equations:

n
∑

i=1
λiγ

(
(xi, yi, zi),

(
xj, yj, zj

))
+ µ = γ

(
(x0, y0, z0),

(
xj, yj, zj

))
, j = 1, 2, . . . , n

n
∑

i=1
λi = 1

(3)

where µ is the Lagrange multiplier used to ensure that the sum of the weight coefficients
equals 1.

This study interpolates three-dimensional air quality scattered data with 60 interpola-
tion layers, each layer accurate to 1 m.

3. Results
3.1. Study Area Overview

The Science and Technology Teaching Area of Guangzhou University (23.11667◦ N,
113.25000◦ E) was chosen as the measurement site for this study. As shown in Figure 4, the
layout of the teaching area is as follows:
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To the west, from north to south, there are an unnamed building under construction,
Teaching Building A, and Laboratory Building A. In the center is Laboratory Building B,
which is the main hub for science and engineering laboratories, equipped with extensive
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experimental facilities. Additionally, the floor inside the atrium of Laboratory Building
B is undergoing large-scale construction, which may also significantly impact air quality.
East of the laboratory buildings is the canteen, with lawns to the east, the library to the
northeast, and the central square surrounding the central lake on the west side.

Overall, the southwest and west sides of the teaching area feature dense trees and
patches of lawn between the buildings, while the eastern area is characterized by flat and
open squares and lawns with sparse vegetation. This unique microenvironment structure
and distribution provide an ideal background for this study.

Recently, the study area has experienced continuous rainy weather, with significant
precipitation and winds blowing from the ocean towards the inland. These weather
phenomena have had a notable impact on the air quality in the study area.

3.2. Data Collection and Correction Results
3.2.1. Data Collection

To minimize the influence of wind on pollutant dispersion and focus on the rela-
tionship between microenvironment characteristics and air quality, data collection was
conducted during periods of relatively calm, low-wind conditions. This ensured that the
variations in air quality indices observed in the study primarily reflected the effects of local
geographical features and structures, rather than external meteorological factors.

• Training Data Collection

To construct the neural network correction model, data necessary for training were
first collected. The UAV dynamically measured a series of data points in various flight
attitudes, while simultaneously statistically measuring using sensors at the same location
to obtain reference values. The difference (i.e., correction values) between these data sets
served as the dependent variable for model training, while UAV flight attitudes, speed,
and other parameters served as independent variables. By training the BP neural network,
the aim was to reveal the relationships between these parameters and the correction values.

• Testing Data Collection

Testing data collection involved two methods: vertical collection and fill-in collection.
Vertical collection consisted of the UAV ascending uniformly from ground level to 60 m,
continuously measuring air quality. Fill-in collection involved the UAV randomly flying in
three-dimensional space to ensure the even distribution of sampling points.

All data were collected in the afternoon (16:00–18:00) from May to June 2024, primarily
under stable weather conditions with a higher humidity, often cloudy or rainy.

3.2.2. Correction Results

Table 4 summarizes the loss function of the BP neural network model, and Figure 5
illustrates the relationship between dynamic measurement values of the UAV and the
model-corrected values with static measurement values. According to Table 4, the mean
squared errors of the BP neural network models for the four air quality indices are all
less than 0.1, and the coefficient of determination R2 exceeds 90%. From Figures 5–8, it is
evident that there is a significant deviation between the model-corrected values and the
dynamic measurement values, whereas they align closely with the static measurement
values overall. These results indicate that the BP neural network model performs well in
terms of fitting, accurately capturing patterns within the data. In these figures (Figures 5–8),
the green line represents the static measurement values, which are the control group data
measured by the sensors in an ideal stationary state. The blue line represents the dynamic
measurement values, which are the data measured by the sensors mounted on the UAV
during flight in the same series of positions. The red dashed line represents the model
correction results, which is the sum of the dynamic measurement values and the corrected
values predicted by the neural network model.
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Table 4. Performance of the BP neural network correction model.

Loss Function CO2 Temperature PM2.5 Humidity

MSE 0.039112 0.014064 0.031388 0.049695
R2 0.9595 0.98471 0.9618 0.95406

3.3. Analysis of Vertical Distribution of Air Quality

In this study, vertical profiles of air quality data were corrected and plotted as line
graphs, and variations with altitude were analyzed in relation to the specific geographical
microenvironment characteristics of each collection point.

• Collection Point 1 was located at the center of a lake, surrounded by a large expanse of wa-
ter and sparse tree vegetation, providing a unique water-influenced microenvironment.

• Collection Point 2 was situated in the central area of a square, with sparse tree
vegetation distributed on both its east and west sides, creating an open, less veg-
etated environment.

• Collection Point 3, to the east of Laboratory Building A, was surrounded by dense vegeta-
tion and nearby buildings, offering a more enclosed, densely vegetated microenvironment.

• Collection Point 4 lay between Laboratory Building B and the Administrative Building.
To its south, there was an asphalt road lined with dense vegetation and a small water
body along the roadside, combining man-made surfaces with natural elements.

• Collection Point 5 was in the southwest of the educational zone, surrounded mainly
by sparse trees, water bodies, and some bare ground, with an asphalt road lying to
the southwest.

• Collection Point 6 was located in the central part of the educational zone, surrounded
by dense tree vegetation, with the ground covered in lawn soil, reflecting a primarily
vegetated area.

• Collection Point 7 was on the east side of the educational zone, featuring a spacious
lawn area with fewer trees. The perimeter of the lawn was covered with impermeable
surfaces, representing a more open microenvironment with significant impervious
ground cover.

As shown in Figure 9, the CO2 concentration is lowest at Point 3 and highest at Point
5. With increasing altitude, significant reductions in CO2 concentration are observed at
Point 2 in the square area and Point 7 in the lawn area. The decrease in CO2 concentration
at Point 2 is particularly steep, surpassing the previously lowest concentration at Point 3 at
an altitude of approximately 50 m, becoming the new low point. This reflects the promoting
effect of open areas on the vertical dispersion of CO2.

As shown in Figure 10, with increasing altitude, the temperature at various points
exhibits a decreasing trend, which aligns with the common atmospheric phenomenon
known as the lapse rate [26]. It can be observed that the temperature at Point 3 consistently
remains lower than at other locations, while Point 4 consistently shows the highest temper-
ature levels. This is in direct contrast to the humidity trends shown in Figure 11, where the
humidity at Point 3 is significantly higher than at other points, and Point 4 has the lowest
humidity. Except for Points 4 and 5, the humidity at the other locations increases with
altitude. This is because lower temperatures at higher altitudes reduce the air’s capacity to
hold water vapor, thereby increasing relative humidity [27,28].
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As shown in Figure 12, PM2.5 concentrations are generally higher at Point 3 near Labo-
ratory Building B, which is under construction, and Point 4 near Laboratory Building A. This
indicates that dust from construction activities and the operation of large electronic experi-
mental equipment increase particulate matter levels in the surrounding air. At Point 6 where
vegetation is dense, PM2.5 levels are significantly lower than at other monitoring points,
demonstrating the effective filtering and adsorption of airborne particles by vegetation.
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The F-test results, with p-values below 0.05 for all pairwise comparisons among the
seven sampling points, indicate statistically significant differences in PM2.5 concentration
variance between each location pair. This suggests that the geographical layout and
structural differences among the sampling points substantially influence PM2.5 levels,
underscoring the impact of spatial configuration on air quality variations. Based on the
results of the two-way ANOVA (Table 5), both “location” and “altitude” exhibit significant
effects on PM2.5 concentrations. The location effect, with a significance level below 0.01,
indicates substantial differences in PM2.5 values across sampling points, suggesting a
pronounced spatial variation in PM2.5 concentrations among different geographic locations,
consistent with the F-test findings. Additionally, altitude shows a significance level below
0.01, demonstrating that PM2.5 concentrations vary significantly with height. The significant
interaction effect between location and altitude (p < 0.01) suggests that the influence of
altitude on PM2.5 concentrations varies across different locations. This interaction provides
key insights for further investigation into the spatial distribution and vertical variation
patterns of PM2.5 concentrations.

Table 5. Two-way ANOVA location and altitude and their interaction on PM2.5 concentrations.

Source Type III Sum
of Squares df Mean

Square F Sig

Altitude 37.416 10 3.742 2.593 <0.01
Location 31,870.211 6 5311.702 3681.345 <0.01

Altitude × Location 346.246 60 5.771 4 <0.01

Based on the results from Duncan’s post hoc test (Table 6), significant differences in
PM2.5 concentrations were observed among most location points at the same altitude, as
indicated by the distinct uppercase letter labels across the seven points. This suggests
that PM2.5 levels vary significantly across the seven locations, likely due to differences in
geographic layout. However, between Points 1 and 2 at the 10 to 40 m range, no significant
differences were detected in PM2.5 concentrations, which may result from the similar, open
spatial layout of these points, leading to comparable impacts on PM2.5 dispersion.

For the same location points at varying altitudes, PM2.5 concentrations generally
showed no significant differences across heights, with a few notable exceptions. Points
3 and 4 displayed significant differences in PM2.5 concentrations above and below the
35 m mark, while Point 5 exhibited similar variation around the 40 m mark. This pattern
may be due to the presence of tall buildings and dense vegetation near these points,
where similar geographic layouts likely influence air circulation and particulate matter
distribution differently above and below certain heights.

Table 6. Mean and standard deviation of PM2.5 concentrations across different geographic locations
and altitudes, along with Duncan’s post hoc test results for significant differences. For each column,
different lowercase letters indicate significantly different at p ≤ 0.01. For each row, different capital
letters indicate significant differences at p ≤ 0.01.

Altitude
[m]

Location

Point 1 Point 2 Point 3 Point 4 Point 5 Point 6 Point 7

0~5 32.72 ± 1.23
bcF

34.55 ± 2.1
abcE

46.37 ± 0.32
abB

47.91 ± 0.52
abcA

42.45 ± 0.48
aC

28.46 ± 0.88
dG

36.81 ± 1.64
dD

5~10 33.92 ± 1.07
aE

33.85 ± 1.08
bcE

46.12 ± 0.31
abcB

47.48 ± 0.3
bcA

41.75 ± 0
cC

28.23 ± 0.27
dF

37.18 ± 1.09
cdD

10~15 33.35 ± 0.87
abE

33.15 ± 2.04
bcE

45.84 ± 0.64
abcdB

47.31 ± 0
cA

42 ± 0.29
bcC

28.56 ± 0
cdF

36.76 ± 1.19
dD

15~20 32.95 ± 0.93
bcE

32.85 ± 3.13
bcE

44.93 ± 1.12
deB

47.31 ± 0.47
cA

42.25 ± 0.33
abC

28.89 ± 0.27
cF

37.51 ± 0.82
bcdD
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Table 6. Cont.

Altitude
[m]

Location

Point 1 Point 2 Point 3 Point 4 Point 5 Point 6 Point 7

20~25 32.52 ± 0.67
bcE

33.92 ± 3.59
bcE

44.55 ± 1.75
eB

47.64 ± 0.54
bcA

42.25 ± 0.33
abC

29.56 ± 0.47
bF

37.85 ± 0.54
abcD

25~30 32.69 ± 0.73
bcE

33.1 ± 4.18
bcE

45.43 ± 1.85
bcdeB

47.31 ± 0.82
cA

42.25 ± 0.24
abC

29.89 ± 0.54
bF

37.18 ± 0.54
cdD

30~35 32.95 ± 0.8
bcE

33.35 ± 3.43
bcE

45.12 ± 1.73
cdeB

47.31 ± 0.82
cA

42.25 ± 0.33
abC

29.89 ± 0.54
bF

37.85 ± 0.54
abcD

35~40 32.95 ± 0.64
bcE

32.02 ± 3.2
cE

46.67 ± 0.6
aB

48.31 ± 0.82
aA

42 ± 0.29
bcC

30.56 ± 0
aF

37.85 ± 0.54
abcD

40~45 33.15 ± 0.81
abcF

34.1 ± 0.87
bcE

46.52 ± 0.41
abB

48.31 ± 0.82
aA

41.35 ± 0.37
dC

29.56 ± 0.47
bG

38.01 ± 0.33
abD

45~50 32.97 ± 0.68
bcF

34.95 ± 0.37
abE

46.39 ± 1.45
abB

47.98 ± 0.72
abA

40.75 ± 0
eC

28.89 ± 0.27
cG

38.18 ± 0.27
abD

50~55 32.41 ± 0.74
cF

36.85 ± 0.41
aE

46.97 ± 1.34
aB

47.71 ± 0.37
abcA

40.75 ± 0
eC

28.56 ± 0
cdG

38.51 ± 0
aD

3.4. Spatial Interpolation Results and 3D Visualization

The results of the visualization and analysis by overlaying the 3D air quality distribu-
tion model with the oblique photography model are shown in Figures 9–12.

Figure 13 illustrates that CO2 concentrations near the ground are higher in densely
vegetated areas. This is likely due to rainwater promoting soil microbial activity and plant
respiration. Conversely, CO2 concentrations are lower in plaza and water areas, possibly
due to their relatively open nature and good ventilation conditions, which facilitate CO2
diffusion. Concentrations gradually decrease with increasing height.
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Figure 14 depicts the temperature distribution. Temperatures are relatively higher
above water bodies and vegetation, while they are lower above the plaza area. This pattern
may be attributed to the higher thermal capacity of water bodies and vegetation, allowing
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them to store and slowly release heat. Additionally, although water evaporation typically
lowers ambient temperatures, high humidity slows down the evaporation rate, thereby
weakening this cooling effect.
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Figure 16 displays the distribution of PM2.5 concentrations. PM2.5 concentrations are
lower above the plaza area, while they are higher above water bodies and vegetation areas,
increasing with height. This may result from a combination of high humidity and restricted
air movement, leading to particle accumulation in these areas. In contrast, particles are less
likely to accumulate in the more open and well-ventilated plaza areas.
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4. Discussion

This study successfully demonstrates the capabilities of a novel UAV air quality
monitoring platform, effectively correcting sensor data through controlled experiments and
a BP neural network algorithm. By eliminating the influence of drone motion on sensor
readings, we have established a reliable methodology for air quality data collection. Our
results indicate that drone flight significantly impacts sensor data; however, this effect can
be accurately predicted and corrected, showcasing the robustness of our correction model
across various scenarios.

Unlike existing UAV platforms, which often utilize commercially available drones with
limited data accessibility, our custom-designed system enables direct access to critical inter-
nal flight data, including precise spatial coordinates and real-time motion parameters. This
capability allows for more accurate corrections of sensor data, thereby enhancing the overall
reliability of air quality measurements. By addressing the limitations of standard UAVs, our
platform sets a new benchmark for precision in drone-based environmental monitoring.

Our comprehensive analyses of air quality indicators, particularly CO2 concentration,
relative humidity, temperature, and PM2.5 density, reveal complex variations with height,
diverging significantly from traditional macro-scale studies. For instance, we observed
that regions with dense vegetation exhibit higher CO2 levels, suggesting that prolonged
overcast conditions favor plant respiration over photosynthesis [29,30]. The phenomenon of
elevated CO2 levels in densely vegetated areas highlights the necessity of integrating local
climatic characteristics and building layouts when designing urban vegetation strategies.
In regions characterized by extended cloudy or rainy conditions, or where buildings are
densely clustered and tall, excessive planting of vegetation could lead to the accumulation
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of CO2 and other pollutants [31]. This is particularly concerning when sunlight exposure is
limited, as reduced photosynthesis can hinder the natural cleansing effects of vegetation,
resulting in stagnant air and increased humidity levels. Such conditions may impair
air circulation and foster the proliferation of soil microorganisms, posing health risks to
local populations.

In the results of statistical analyses, significant variations in PM2.5 concentrations
were observed across different geographic locations, even within this small-scale area.
However, PM2.5 levels showed no overall significant difference with height, except in
regions characterized by clusters of tall, dense buildings and vegetation. At these specific
sites, PM2.5 concentrations exhibited significant differences above and below certain fixed
heights, likely due to the impact of structural features on air circulation patterns [32]. This
suggests that while altitude alone may not consistently influence PM2.5 distribution, the
presence of concentrated vertical structures can create distinct particulate variations at
certain height thresholds, underscoring the nuanced role of geographic layout in air quality
within microenvironments.

Moreover, the three-dimensional distribution models generated through our UAV
platform indicate that air quality dynamics at the microenvironment scale are intricately
linked to geographic and structural features. For example, the correlation between high
humidity and elevated PM2.5 concentrations in areas with extensive electronic equipment
underscores the necessity for targeted monitoring strategies in urban planning and public
health initiatives [33,34]. Maintaining a safe distance between these pollution sources and
residential or workplace environments is essential to mitigate air quality degradation and
its associated health impacts.

Interestingly, we found that areas with dense vegetation and water bodies can exhibit
elevated levels of CO2 and PM2.5, contrary to common assumptions that these areas provide
cleaner air. This suggests a complex interplay of environmental factors, such as stagnant
air and hygroscopic particle growth, which could inform future research on air quality
management in urban settings [28,35–37].

In summary, our UAV platform not only enhances the accuracy of air quality measure-
ments but also provides novel insights into the behavior of air pollution variables within
urban microenvironments. By contrasting our findings with the existing literature, we
demonstrate a significant advancement in understanding air quality dynamics, paving the
way for future studies and practical applications in environmental science.

5. Conclusions

This study conducted comprehensive air quality measurements across various mon-
itoring points on campus using drones equipped with advanced sensor systems. The
application of a BP neural network algorithm effectively corrected the collected data,
significantly mitigating the influences of drone movements—an improvement over tra-
ditional monitoring methods that often suffer from static positioning and limited data
collection capabilities.

By employing drones, this research enabled real-time, high-resolution data collection
across a microenvironment, addressing the limitations of conventional ground-based mon-
itoring stations, which can be hampered by their fixed locations and inability to capture
spatial variations in pollutant concentrations. Additionally, the flexibility of drone deploy-
ment allows for targeted monitoring in areas that may be challenging to access otherwise.

The analysis of air quality indicators—such as CO2 concentration, humidity, temper-
ature, and PM2.5 density—revealed diverse patterns of variation. Notably, areas charac-
terized by dense buildings, ongoing construction, and large electronic equipment demon-
strated significantly elevated PM2.5 levels. Conversely, high humidity and relatively en-
closed spaces impeded air circulation, resulting in poor air quality, which poses potential
health risks upon prolonged exposure. Geographic layout significantly impacts PM2.5 distri-
bution in microenvironments, with notable height-based variations occurring particularly
in areas with dense, tall structures.
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This study highlights the potential of utilizing drones in future air quality assessments,
as they offer a novel approach to understanding the dynamics of microenvironments.
Furthermore, these findings provide crucial insights for urban planning and environmental
management, emphasizing the need for adaptive strategies to improve air quality in
densely populated areas. Overall, this innovative use of drone technology combined with
advanced data processing techniques represents a significant advancement in the field of
environmental monitoring.

Furthermore, the integration of detailed 3D air quality information into urban layout
and building design could significantly enhance sustainable development efforts. For
instance, understanding air pollutant distribution in relation to urban structures may help
optimize building orientation and ventilation systems to reduce pollution exposure. In
addition, such 3D insights can guide the strategic placement of green infrastructure (e.g.,
parks, trees) and blue infrastructure (e.g., water bodies) to mitigate pollution and manage
urban heat islands. This data-driven approach would support the design of healthier, more
resilient cities by leveraging natural elements for air quality improvement and better urban
climate regulation.

However, despite the advantages of UAV techniques, certain limitations should be
acknowledged. The limited battery life and payload capacity of drones can restrict the
duration of monitoring and the range of sensors that can be carried. Additionally, drones
are sensitive to environmental conditions such as wind speed and turbulence, which may
influence data accuracy, particularly in regions with complex topography. Furthermore,
the cost of high-quality sensor-equipped drones and the need for skilled operators could
limit the widespread application of this technology. Addressing these limitations in future
research could enhance the reliability and accessibility of UAV-based air quality monitoring.
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