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Preface

This Reprint presents a collection of peer reviewed contributions that reflect recent progress

in UAV-based remote sensing, with a focus on emerging technologies, methodological innovation,

and practical applications. The rapid development of unmanned aerial vehicles has significantly

expanded the capabilities of remote sensing by enabling flexible deployment, high spatial and

temporal resolution, and cost-effective data acquisition across varied environments.

This Reprint will provide a comprehensive overview of current research trends and challenges

in this field. The included studies address key aspects such as advanced sensing systems,

photogrammetric reconstruction, data fusion techniques, and intelligent algorithms for information

extraction. Particular attention is given to improving data quality, enhancing processing efficiency,

and ensuring robustness under complex operational conditions.

The motivation for this Reprint arises from the increasing demand for accurate, timely,

and scalable geospatial information in applications such as environmental monitoring, precision

agriculture, infrastructure assessment, and hazard detection. By bringing together contributions from

different research communities, this Reprint highlights the interdisciplinary nature of UAV-based

remote sensing and its growing role in addressing real-world problems.

This Reprint is intended for researchers, engineers, and practitioners working in remote sensing,

geoinformatics, environmental science, and related fields. It is also relevant to those interested in

the integration of UAV platforms with advanced data analysis methods. The editors hope that

this collection will serve as a useful reference and inspire further developments in this rapidly

evolving area.

Rui Li, Yinxia Cao, Haoyang Yang, and Dongyu Li

Guest Editors
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Highlights

What are the main findings?

• The MIRA Strato Leak Detection System (LDS) methane and ethane midwave-infrared
analyzer demonstrates high laboratory and field precision against NOAA Standard
Reference Materials and during intercomparison with a Picarro gas analyzer.

• The MIRA Strato LDS resolves diurnal variability during ground deployment and
microscale variability of ambient methane through UAV-based profiling.

What is the implication of the main finding?

• Ambient methane structure transitions from near-surface accumulation to convec-
tive mixing, driven primarily by local meteorological conditions, with temperature
identified as the strongest predictor of variability.

• UAV-based midwave-infrared analyzers can characterize boundary-layer methane
dynamics for ambient monitoring applications, independent of direct emission
source quantification.

Abstract

This study investigates the spatiotemporal variability of ambient methane (CH4) using a
drone-deployable Aeris Technologies MIRA Strato LDS midwave-infrared analyzer. Labo-
ratory calibration with NOAA-certified gas standards and Standard Reference Material
(SRM) for CH4 demonstrated high measurement precision across a range of concentrations
(R2 = 0.9986, slope = 0.9678). Field validation conducted during a two-week intercompari-
son with a Picarro G2301 in September 2023 confirmed the MIRA Strato’s reliability under
ambient conditions (R2 = 0.9845; slope = 0.9438), indicating strong agreement with the
reference analyzer. Diurnal patterns revealed peak CH4 concentrations (~2.2 ppm) between
04:00–08:00 LT and minima (~2.1 ppm) between 13:00–17:00 LT, consistent with nocturnal
boundary-layer stability and daytime convective mixing. Across 14 midday UAV flights
from October 2023 to September 2024, CH4–altitude slopes ranged from −3.05 × 10−4 to
+1.41 × 10−4 ppm/m, reflecting variable stratification and uplift regimes. The highest
flight concentration (2.23 ppm) was observed on 19 October under stable conditions, while
the lowest (2.03 ppm) was observed on 14 August under elevated vertical mixing. These

Remote Sens. 2026, 18, 549 https://doi.org/10.3390/rs18040549
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extremes reflect seasonal background accumulation and convective transport effects. Tem-
perature was the most consistent predictor, with regression coefficients ranging from−0.021
to +0.008 ppm/◦C, while ethane (C2H6) coefficients were significant but confounded due
to measurements below detection limits. The analyzer maintained strong signal stabil-
ity throughout (mean CV ≈ 0.0066; max = 0.0114), and remote sensing validation with
TROPOMI supported observed seasonal accumulation trends. These results demonstrate
the MIRA Strato’s capability to resolve near-surface CH4 dynamics and characterize con-
vective transport in complex atmospheric environments.

Keywords: thermal infrared (TIR); midwave IR (MWIR); methane; UAV measurements;
environmental security; air quality; thermogenic emissions; biogenic emissions

1. Introduction

Methane (CH4) is a chemically active atmospheric gas with critical implications for
air quality, environmental security, and environmental monitoring. With an average at-
mospheric lifetime of 12 years [1], methane indirectly contributes to ground-level ozone
(O3) formation through tropospheric oxidation processes, impacting human health, ecosys-
tems, and agriculture [2,3]. A balance of natural and anthropogenic sources and sinks
influences its atmospheric concentration. Since the pre-industrial period, global methane
has increased by approximately 160% [4,5], with a +4.8% increase over the period of 2003
to 2020 [6] and overall global emissions of 575 Tg CH4 yr−1 from 2010–2019 [7]. Baseline
emissions will increase by 20–50 Mt annually by 2030 [7,8].

Methane can be classified by its formation process into biogenic, thermogenic, and py-
rogenic categories, and by emission sector (e.g., agriculture, waste, and fossil-fuel systems).
Biogenic methane is produced by methanogenic archaea via anaerobic decomposition of
organic matter [9,10], typically formed at low temperatures below 50 ◦C, and is composed
almost entirely of methane [11]. It is prevalent in natural environments, such as wetlands
and ruminant digestive systems, as well as in anthropogenically influenced settings, such
as rice paddies and landfills [12]. Thermogenic methane is formed through geological pro-
cesses via thermal cracking of organic matter in sedimentary basins, under high-pressure
and temperatures (typically 157–221 ◦C) at depths > 1000 m [11,12]. It often includes a
mix of hydrocarbons and can be distinguished by isotopic signatures or compositional
indicators such as the ethane (C2H6)/CH4 ratio [13]. Pyrogenic methane is produced
during the incomplete combustion of biomass and fossil fuels, for example, in wildfires
and some biofuel or energy combustion sources [14]. In terms of emission sources, an-
thropogenic methane encompasses emissions from human activities involving biogenic,
thermogenic, and pyrogenic processes, including fossil fuel extraction, agricultural prac-
tices, and waste management.

Methane removal strategies vary significantly depending on source type; however,
most tropospheric methane is removed through oxidation of hydroxyl radicals (OH) and
chlorine to a lesser degree [15]. This naturally occurring process accounts for 95% of global
methane destruction, with an estimated rate of approximately 500 Tg yr−1 [7,16]. Rising
emissions disrupt the natural removal process by depleting OH, reducing its effectiveness,
and extending its atmospheric lifetime [16–19]. Biogenic sources can be removed by soil
methanotrophs, i.e., bacteria in aerated soil that oxidize methane into carbon dioxide or
methanol. However, it is only effective at high concentrations (>500 ppm) [20,21] and
accounts for ~5% of global destruction [7,16]. Thermogenic methane is managed through
industrial processes such as thermal-catalytic oxidation and gas scrubbing, which are

https://doi.org/10.3390/rs18040549
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also most effective at high concentrations (>5000 ppm) [21]. Anthropogenic sources are
addressed through leak detection and repair, targeted removal technologies, and improved
land management practices.

Institutional and research-based initiatives have supported the development of tools to
better characterize methane emissions. Advances in airborne, ground-based, and satellite-
based remote sensing, along with improved emissions inventories, are progressively en-
hancing our abilities to identify methane sources and temporal trends. Traditional ground-
based and stationary methane monitoring networks are often limited in spatial coverage
and can miss diffuse or unexpected emission sources [22]. Among mobile sensing tech-
nologies, UAV-based approaches have grown in prominence. Open-path systems such
as tunable diode laser absorption spectroscopy (TDLAS) offer path-integrated CH4 con-
centrations and enable dense spatial sampling for site-scale assessments [23]. In parallel,
unmanned aerial vehicles (UAVs) equipped with in situ gas analyzers can detect and
characterize methane concentrations in the lower atmosphere with high temporal reso-
lution. To this end, in this work, we examine the field performance of a UAV-mounted
midwave infrared (MWIR) methane analyzer in terms of its ability to capture ambient
boundary-layer temporal variability and reproduce diurnal patterns observed in co-located
reference instruments.

Drone-Deployed Measurement Techniques

Small-scale UAVs offer flexibility in detection and quantification compared to ground-
based and airborne platforms through their ability to measure local-scale anthropogenic
emissions within surface-layer (<100 m) and boundary-layer (<1000 m) altitudes [24–26].
Drone-deployed measurements can also provide vertical emissions profiles, capturing
concentration gradients with altitude and supporting improved source characterization
and attribution [27]. There are two main small-scale UAV configurations, either fixed-wing
or rotary-wing. Fixed-wing UAVs excel in covering extensive geographical areas, offer
longer flight endurance, and versatile sensor mounting configurations due to their aerody-
namic design and payload [24,27,28]. However, their operational limitations, particularly
the inability to hover and the requirement for continuous forward motion, restrict their
effectiveness in tracing detailed point-source emissions [27].

Rotary-wing platforms can maintain stable hovering and vertical take-off and land-
ing capabilities compared to fixed-wing platforms. However, they have lower opera-
tional velocity and flight duration due to the energy requirements to maintain rotary
function [27,29–32]. Another limitation of rotary-wing drones is the additional air flow
generated from the propellers, referred to as ‘downwash’. Downwash can negatively
affect measured concentrations by disrupting air distribution and generating local mixing
of air parcels. This can alter the air sampled at the inlet, introducing variability or bias,
and affect data quality [33,34]. Rotor downwash largely perturbs the air below the rotor
plane; any inlet or sensing volume beneath the aircraft is in the propeller slipstream and
will sample accelerated, mixed air, with modest biasing enhancement. Various studies
conclude that installing vertical or horizontal tubing inlets away from the platform reduces
the magnitude of downwash effects [31,33,35]. Despite these issues, selecting an ideal
drone platform and inlet design can enhance measurement accuracy in ambient methane
monitoring. The following describes the study region and experimental procedure for
applying these techniques.

https://doi.org/10.3390/rs18040549
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2. Materials and Methods

2.1. Area of Interest

The Howard University Beltsville Campus (HUBC) Research Center is located 19 km
northeast of downtown Washington, DC, spanning 110 acres (44.5 ha) of largely undevel-
oped land. The center has experimental facilities, including flux and meteorological towers,
upper air sounding systems, spectral and broadband radiometers, gas analyzers, and parti-
cle sampling equipment (cf. Figure 1). HUBC collaborates on several projects with organiza-
tions such as NASA, NOAA, NGA, and the Maryland Department of Environment (MDE).

 

Figure 1. HUBC ground-based testing facility. From the Howard University Beltsville Research Center.

2.2. Aeris Technologies MIRA Strato LDS CH4 and C2H6 Analyzer

The Aeris Technologies MIRA Strato Leak Detection System (LDS) methane and
ethane gas analyzer (Aeris Technologies, Inc., Hayward, CA, USA) is a multipass cell and
laser absorption spectrometer with built-in GPS capabilities. The Strato LDS operates in
the MWIR region, with a sensitivity of <1 ppb/s for CH4 and 500 ppt/s for C2H6, and
is compatible with most commercial drones weighing at 2 kg [36]. MWIR absorption
spectroscopy uses high-resolution tunable lasers to directly measure light absorption by
gas molecules at specific wavelengths [37]. This method is effective because many gases,
including methane and ethane, have strong and distinct absorption features in this region
(cf. Figure 2), allowing for precise identification and quantification.

The MIRA Strato is equipped to discriminate thermogenic and biogenic CH4 emissions
through its 13-m optical path length and 60 cm3 (60 mL) multipass cell technology. By
folding the laser beam multiple times within the cell, the device maximizes the interaction
between light and gas molecules, significantly amplifying the absorption signal without
increasing the instrument’s physical size [38]. The analyzer internally measures gas con-
centrations at rates up to 1–5 Hz; these high-frequency readings are averaged and logged
at one-second intervals [36], yielding stable time-aligned CH4 and C2H6 readings suitable
for drone-based plume detection, as shown in Figure 3.

Configuration and collection of methane measurements proceeded as follows [37]:
The MIRA Strato was powered on 10–20 min before deployment to boot, ensuring proper
GPS connection, and collected at a one-second duration. Data collection includes:

1. An ‘engineering’ text file designed as an exhaustive repository of all the measurement
parameters and results.

2. Measured spectra in ASCII format (named ‘spectra-lite’) to diagnose issues or post-
process measurements.

https://doi.org/10.3390/rs18040549
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3. A KML file that is read directly on Google Earth to map gas concentrations and
ethane-to-methane correlations.

  
(a) (b) 

Figure 2. A comparison of methane (CH4) absorption features. (a) Illustration of the spectral collection
window of the MIRA Strato analyzer, which operates in MWIR to leverage the strong absorption
of ethane (C2H6) for biogenic/thermogenic discrimination from aerissensors.com (accessed on 7
May 2025). (b) Corresponding normalized MWIR absorbance spectra of CH4 and C2H6 from NIST,
demonstrating the spectral region used by the MIRA Strato analyzer.

Figure 3. MIRA Strato LDS methane sensor specifications. * Optional ranges, etc., can be configured
for specific applications. From aerissensors.com.

2.3. Picarro G2301 CO2 and CH4 Analyzer

The Picarro G2301 (Picarro, Inc., Santa Clara, CA, USA) gas concentration analyzer is
a Cavity Ring-Down Spectrometer (CRDS) that collects carbon dioxide (CO2) and methane
(CH4) at parts-per-billion (ppb) and water vapor (H2O) at percent volume mixing ratio
(%) [39]. CRDS is an ultra-sensitive laser absorption technique that uses highly reflective
mirrors to trap light pulses in a cavity, resulting in effective path lengths of up to tens of
kilometers to detect absorption [40]. Picarro analyzers increase their signal-to-noise ratio
using a three-mirror cavity to support continuous traveling light waves [41]. The three-
mirror configuration allows for laser light to circulate throughout the cavity, providing a
longer path length and amplifying the absorption signal to detect even trace gas levels at the
ppb and ppm range [39]. When the laser is turned off, the light within the cavity continues
to bounce between the mirrors, gradually decaying due to the reflectivity loss known as
‘ring down’. In the presence of a target gas, additional absorption occurs, accelerating the
ring-down time. This further increases the analyzer’s accuracy by comparing the ring-down

https://doi.org/10.3390/rs18040549
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time with and without the target gas. The G2301 has a response time of approximately 2.5 s
and offers high measurement precision with a CH4 sensitivity of±1 ppb over 5 s, improving
to±0.5 ppb over 5 min and±0.3 ppb over 60 min [39]. These features make the G2301 well-
suited for continuous monitoring and high-precision atmospheric research applications.

The G2301 was used to perform an intercomparing analysis with the MIRA Strato
during the study. Both instruments were placed at the MDE Air Quality monitoring station
in the northwest portion of the HUBC research center. The two-week analysis from 5–21
September 2023, was conducted to assess the MIRA Strato measurement consistency and
accuracy. Instruments were connected via a shared tubing outlet, allowing for simultaneous
measurements (cf. Figure 4). A Raspberry Pi single-board computer was connected to the
serial port as a backup for power disconnection. The tubing outlet was lastly positioned on
the station’s roof to collect measurements.

 
(a) (b) 

Figure 4. Photographic documentation of the MIRA Strato intercomparison with the Picarro G2301
conducted at HUBC in September 2023. (a) Inlet tubing configuration connecting the MIRA Strato and
Picarro G2301 analyzers to a shared ambient intake line. (b) Tubing outlet positioned on the rooftop
of the HUBC MDE monitoring site, demonstrating the shared ambient air intake configuration for
comparative analysis.

2.4. DJI Matrice 600 Pro Drone

The DJI Matrice 600 Pro is a rotary-wing hexacopter drone weighing 9.5 kg (with six
TB47S batteries), with a hovering span of 32 min (without payload), and a 6 kg maximum
payload capacity [42,43]. The drone has the A3 Pro flight control system for enhanced
stability and precision during atmospheric measurements [43]. During stationary hover,
the aircraft uses GPS-based position-hold (DJI P-GPS) with a typical accuracy of ±0.5 m
vertically and ±1.5 m horizontally under normal satellite reception. While the platform
has a maximum ceiling height of 4.5 km, our operations were conducted below 120 m
due to drone operating licensing limitations and payload considerations. According to
the manufacturer (DJI Matrice 600 Pro user manual), the platform has a maximum wind
resistance of 8 m/s and maximum ascent and descent speeds of 5 m/s and 3 m/s, respec-
tively. Payload testing was conducted with a replica model of the Aeris Strato to determine
a flight duration of 16–20 min, depending on the windshear. To optimize measurement
accuracy and reduce down-washing effects, an 82.5 cm vertical inlet tube was installed

https://doi.org/10.3390/rs18040549
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above the propellers with a filter added to the opening to prevent particle contamination
(cf. Figure 5). Previous fluid dynamic simulations determined that the Matrice 600 Pro
series downwash disturbances decrease at a height of 60 cm above the body [27,29]. While
this inlet configuration follows established best practices for mitigating downwash effects
reported in literature [27,29], a direct comparative evaluation with and without the inlet
extension was not conducted during payload testing. As a result, the effectiveness of the
inlet design in reducing downwash-related sampling bias in this study is inferred from
prior studies rather than quantitatively verified.

  
(a) (b) 

Figure 5. DJI Matrice 600 Pro drone with inlet tubing during payload testing. (a) Placement of the
MIRA Strato gas analyzer, inlet, and Raspberry Pi sensor. (b) Additional features of the drone include
an anemometer, ozone, pressure, and temperature sensors.

Flights were conducted during midday hours, typically starting at 13:20 local time
with durations ranging from 17 to 20 min. This timeframe was selected to coincide with the
afternoon TROPOMI satellite overpass and peak atmospheric mixing within the boundary
layer. Compared to stable nighttime conditions, midday flights allow for greater vertical
methane dispersion and reduce the influence of near-surface accumulation, resulting in
more representative spatial sampling [44]. Vertical profile measurements were taken at
several heights, including 25, 50, 75, 100, and 115 m above ground level, and across different
environmental backgrounds such as above HUBC’s north building at 6 m structure height,
forest canopy at 20–25 m height, and over a meteorological flux tower at 30 m structure
height. Stable hovering at the given heights allowed us to record reliable measurements at
each level. Flight paths were tracked using the MIRA Strato’s KML configuration system,
enabling spatial analysis of ethane-to-methane Pearson correlation coefficients in areas
likely influenced by biogenic or thermogenic sources (cf. Figure 6). Data points were
color-coded: green for correlation coefficients < 0.7, and red for values ≥ 0.7. Elevated
correlation zones (≥0.7) may indicate potential areas of high natural gas concentration [36].

https://doi.org/10.3390/rs18040549
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(a) (b) 

Figure 6. Example of flight path from deployments, with ethane-to-methane correlations, at HUBC
using the MIRA Strato (a). Example of flight path (yellow line), derived from the DJI Matrice 600 Pro
drone during the campaign, covering various environmental backgrounds within the area of interest,
including buildings, forest, and the meteorological flux tower at HUBC (b).

A total of 14 flights were completed between October 2023 and September 2024
under varying meteorological conditions, as detailed in Table 1. The measurement strategy
incorporated vertical profiling at consistent altitude intervals, weather condition monitoring
to ensure safe operation, and real-time data logging through Strato’s streaming capability.

Table 1. Flight collection dates, times, duration, altitudes reached, and observations.

Date Time (LT) Duration (Approx) Altitudes Reached (m) Observations/Notes

11 October 2023 13:20–13:40 20 min 10, 15, 20, 25, 30, 35, 50,
75, 100, 115 Various altitudes reached

12 October 2023 13:20–13:40 20 min 30, 60, 90, 115 Various altitudes reached

19 October 2023 13:20–13:40 20 min 25, 50, 75, 100, 115 Clear sky, various altitudes

23 October 2023 13:20–13:40 20 min 25, 50, 75, 100, 115 Clear sky, various altitudes

25 October 2023 13:20–13:40 20 min 25, 50, 75, 100, 115 Clear sky, various altitudes

27 October 2023 13:20–13:40 20 min 25, 50, 75, 100, 115 Mid-level clouds

2 November 2023 13:20–13:40 20 min 27, 52, 77, 100, 115 Clear sky, various altitudes

6 February 2024 13:20–13:40 20 min 26, 52, 76, 101, 117 Clear sky

26 February 2024 13:22–13:41 19 min 25, 51, 77, 100, 116 Cirrus clouds

25 March 2024 13:20–13:40 20 min 25, 50, 75, 100, 115 Clear sky

29 April 2024 14:22–14:40 18 min 50, 75, 100, 110 Cumulus clouds

27 June 2024 15:10–15:27 17 min 25, 50, 76, 101, 115 Cumulus clouds

14 August 2024 15:00–15:20 20 min 25, 52, 79, 101, 115 Cumulus cloud cover

11 September 2024 14:07–14:27 20 min 28, 51, 77, 100, 115 Some cumulus clouds
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For each profile, the UAV hovered at the specified heights and environmental back-
grounds for approximately 5 min. The flight path began at the north building, then
proceeded to the forest site, and finally to the meteorological flux tower. At each location,
ascending and descending measurements were taken. CH4, C2H6, and H2O concentra-
tions were recorded, with averages, standard deviations, and sample sizes calculated from
hovering levels (HL) based on the pressure time series as seen in Figure 7.

 

Figure 7. Time series to determine the period for each HL. The top figure shows longitude, the second
is latitude, and the last is height derived from the pressure sensor. The shaded areas correspond to
the HL, and the colors indicate the profile location: black for ascending building, red for descending
forest, green for ascending meteorological tower, blue for ascending forest, cyan for ascending tower,
and magenta for descending building.

3. Results

3.1. Intercomparing Analysis

Intercomparing analysis with the Picarro G2301 methane analyzer revealed a correla-
tion with an R2 value of 0.9845, indicating a near-perfect linear relationship between the
two analyzers. Regression analysis showed a slope of 0.9438 and an intercept of 0.0750,
demonstrating minimal systematic differences in methane concentration measurements (cf.
Figure 8).

3.1.1. Hourly Analysis

Diurnal evaluation determined a high median concentration at HUBC during sunrise
between 04:00 and 08:00 LT, reaching approximately 2.2 ppm. The lowest median concentra-
tions occurred during afternoon hours around 13:00–17:00 LT, dropping to about 2.1 ppm
(cf. Figure 9). The morning peak is consistent with the expected boundary layer behavior,
suggesting surface accumulation with little atmospheric mixing during stable nighttime
conditions. On the other hand, the late afternoon drop in concentration is associated with
increased vertical mixing and convection, boundary layer growth, and solar heating.

There are several outliers, especially in the late night and early morning, with some
spikes as high as 2.5 ppm. The widest interquartile range is also in the morning peak,
reflecting greater methane concentration variability. The larger change would likely be due
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to the stable nighttime conditions giving way to daytime mixing. During the afternoon
(13:00–16:00 LT), concentration ranges are lower and less variable, consistent with improved
mixing under unstable weather conditions.

(a) (b) 

Figure 8. Intercomparison results: daily values and linear regression. (a) Time series of CH4 concen-
trations (ppm) showing diurnal variability captured by both instruments, with strong agreement
in temporal patterns. (b) Linear regression of paired CH4 observations indicating high correlation
between MIRA Strato and Picarro (R2 = 0.9845, slope = 0.9438).

Figure 9. MIRA Strato hourly concentrations during the 2023 intercomparing analysis. Boxplots
represent hourly distributions (00:00–23:00 LT), highlighting elevated median CH4 levels during early
morning hours (04:00–08:00 LT) and lower values during afternoon periods (13:00–17:00 LT), consis-
tent with boundary layer dynamics and convective mixing. Whiskers denote 1.5× the interquartile
range, and individual points represent outliers, suggesting infrequent enhancement events.

3.1.2. Daily Analysis

Daily variation during the intercomparing analysis showed strong agreement between
the MIRA Strato and Picarro G2301 analyzers. The highest median concentrations reached
2.15–2.16 ppm for the Picarro and 2.19–2.20 ppm for the MIRA Strato, with upper quartile
values extending to 2.30 ppm and 2.37 ppm, respectively. The lowest median concentrations
displayed similar trends at 2.05–2.08 ppm for the Picarro and 2.10–2.08 ppm for the MIRA
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Strato. Corresponding upper quantile concentrations ranged from 2.10–2.12 ppm and 2.15–
2.18 ppm, respectively. Overall, both instruments tracked daily methane trends closely,
with the MIRA Strato reporting slightly higher values in the upper quantile range (cf.
Figure 10).

(a) (b) 

Figure 10. Boxplot comparing daily methane (CH4) fluctuation measured by (a) the Picarro G2301
and (b) the MIRA Strato analyzer during the 2023 intercomparing analysis. The class identifier
represents day of year. The plots illustrate similar day-to-day variability and overall agreement in
diurnal CH4 trends, with the MIRA Strato capturing comparable distributional patterns, including
median values and dispersion. Whiskers denote 1.5× the interquartile range, and individual points
represent outliers, suggesting infrequent enhancement events.

3.2. MIRA Strato Gas Chamber Calibration

Calibration was completed at the NOAA Air Resources Laboratory (ARL) in College
Park, MD, with collaboration from NOAA, the University of Maryland, and Howard
University. The calibration process involved multiple flow rates, theoretical set points,
and statistical analysis to evaluate the MIRA Strato’s accuracy in measuring methane
(CH4) and ethane (C2H6). The calibration protocol followed NOAA ARL procedures, with
gas standards selected to represent typical ambient methane and ethane concentrations
and available tank specifications. Gas standards included a Matheson C2H6 standard
at 4.83 ppm (±2% accuracy), and three CH4 standards at approximately 1929, 2222.7,
and 3152 ppb. Methane standards were introduced directly into the sample line without
dilution. Two mass flow controllers (MFCs) were used to regulate the flow rates of C2H6

calibration gas and zero air, with the zero-air flow fixed at 2 standard Liters per minute
(SLPM) and ethane flow varied from 0 to 10 Standard cubic centimeters per minute (SCCM).
Data collection also involved measuring the instrument’s response at various voltage set
points, ranging from 0 to 5 V, corresponding to the ethane flow range of 0–10 SCCM.
Both MFCs were calibrated using two Mesa Labs Definer 220 flow calibrators with ±1%
accuracy.

Calibration results for methane, as detailed in Table 2, revealed a strong linear relation-
ship, with a slope of 0.9678, and y-intercept of 45.966, yielding an R2 value of 0.9986, which
indicates high measurement consistency. Similarly, ethane displayed a slope of 1.0111 and
a y-intercept of 8.04816, with an R2 value of 0.9879. The F-statistics and residual sums of
squares for both gases were also within acceptable ranges, validating the MIRA Strato’s
precision across varying concentrations and conditions.
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Table 2. MIRA Strato’s gas chamber calibration linear regression using gas standards from NOAA
ARL. Results indicate high measurement accuracy, with a R2 value of 0.9986 across varying SRM’s.

Gas Slope y-Intercept
Standard

Error

y-
Intercept
Standard

Error

Coefficient
of Deter-
mination

Standard
Error for

the
Estimate

F-Statistic
Degrees

of Freedom

Regression
Sum

of Squares

Residual
Sum

of Squares

Methane 0.97 45.97 0.04 89.15 0.99 32.33 730.56 1 763,611.94 1045.24

Ethane 1.01 8.05 0.03 1.44 0.99 2.95 1116.47 5 9689.27 43.39

3.3. Ambient Methane Profiles from UAV Observations

Across the 14 flights, mean concentrations displayed standard urban ambient levels
ranging from 2.05 to 2.19 ppm. Standard deviations remained consistently under 0.02 ppm,
pointing toward both precise measurements and stable background methane levels. The
highest average concentration was observed at 2.19 ppm on 26 February 2024, while the
lowest occurred on 23 October 2023, at 2.05 ppm. Peak values reached 2.23 ppm in late
April, and the lowest single reading was 2.02 ppm on 23 October (cf. Figure 11). Throughout
all flights, temperatures varied widely, from a low of 12.3 ◦C in the winter to a high of
32.9 ◦C in summer flights.

 
Figure 11. Mean methane (CH4) concentrations measured using the MIRA Strato analyzer during 14
UAV flights conducted between October 2023 and September 2024.

Flight altitudes ranged between 10 and 117 m, separated into 10-m intervals for vertical
profile analysis. Weather conditions, especially temperature inversions, had a noticeable
effect on methane patterns. As shown in Figure 12, during the October 19 flight, methane
concentrations were highest (2.139 ppm) near the ground (0–10 m) and dropped off with
altitude, suggesting that stable air trapped methane close to the surface. In contrast, on
26 February, methane levels actually increased with height—from 2.187 ppm at 0–10 m to
2.199 ppm at 100–110 m—hinting that methane from nearby sources was being advected
at that level. Some flights, like the one on 25 October, showed nearly uniform methane
concentrations (2.171–2.167 ppm) from 0 to 115 m, indicating well-mixed air. Winter and fall
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flights displayed more frequent occurrences of surface-enhanced methane due to possible
shallow or stable boundary layers with higher overall concentrations (2.188–2.199 ppm). In
contrast, summer flights (June–August 2024) displayed more uniform methane distribution
(around 2.060–2.080 ppm) throughout the measured altitudes, a sign that stronger summer
mixing was spreading methane more evenly through the atmosphere.

 
(a) (b) 

Figure 12. Vertical profiles for 19 October 2023, and 26 February 2024. (a) 19 October displayed
variable methane concentrations near ground (0–10 m), suggesting ground level accumulation; (b) 26
February displayed higher fluctuations throughout, with concentration increases with altitude.

3.4. Ethane Co-Tracer UAV Observations and Anomalies

Ethane concentrations as a source apportionment co-tracer, ranged extensively
throughout the flight campaign from below detectable because of instrument constraints to
as much as greater than 19.41 ppb. A previous study using the Aeris Technologies MIRA
Ultra indicates artifacts in ethane readings when sampling dry air with low water vapor
content (below 1.05% H2O) [45]. This is due to MIRA lasers’ reliance on water absorption
features for wavelength calibration. Under low humidity conditions, the absence of wa-
ter vapor can cause the laser to lose its frequency lock [45], thus leading to inconsistent
measurements (ranging from negative to positive). This is particularly critical in diffuse
ambient measurements where single plume concentrations are not available to dominate
the signal.

During this study, we believe negative values were attributable to baseline drift and
response noise near detection limits. MIRA Strato specifications report a detection threshold
of 500 parts per trillion per s (ppt/s) ≈ 0.5 ppb for ethane [36], with low concentrations or
ambient measurements fluctuating below zero. Excluding these anomalies, concentrations
were extremely variable with means between 2.37 and 8.16 ppb on individual flights, and
no temporal, seasonal, or spatial patterns were apparent in the ambient measurements.

3.5. Influence of Hovering Environments on Vertical Gas Profiles

Analyzing the vertical distribution of CH4, C2H6, and H2O concentrations across
different hovering environments during UAV flights, based on height parameters de-
fined in Section 2.4, revealed distinct boundary-layer behaviors and the influence of
surface interactions. Across all flights, vertical profiles varied modestly by environ-
ment but showed consistent overall structure. Methane levels increased during the
ascent and descent of HBCU’s north building. The building ascending showed a me-
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dian of 2.098 ppm (mean: 2.114 ± 0.018 ppm), and the building descending showed
2.079 ppm (mean: 2.095 ± 0.023 ppm), indicating a micro-emission influence. In con-
trast, forest (2.083–2.091 ppm median) and tower coverage (2.077–2.084 ppm median)
displayed smoother profiles typical of a convective boundary layer. Notably, ascents over
the meteorological tower often reached the upper range of observed methane values, with
tower ascending achieving the highest overall mean at 2.100 ppm; a pattern also visible
in individual-day profiles such as 26 February 2024 (2.180 ppm; cf. Figure 13), which may
indicate localized mixing or nearby plume recirculation around the tower structure.

 

Figure 13. Vertical profiles collected on 26 February 2024, show distinct differences in trace gas
structure associated with the hovering environment. Each profile includes ascending building
(black), descending building (magenta), ascending forest (blue), descending forest (red), ascending
meteorological tower (green), and ascending tower (cyan) flight segments.

Ethane exhibited the strongest environmental sensitivity, with higher near-surface
values over the north building (mean: 2.19 ± 2.59 ppb ascending, standard deviation:
6.87 ppb) and lower, more uniform concentrations over the forest (mean: 0.62 ± 1.89 ppb
ascending, standard deviation: 5.29 ppb). Unlike methane, ethane frequently exhibited
localized perturbations, particularly around the meteorological tower, with measurable
concentrations ranging from 0.19 to 8.63 ppb (standard deviation: 2.77 ppb–2.96 ppb across
ascending and descending profiles), suggesting the influence of mechanical turbulence or
horizontal plume advection. Water vapor showed the clearest gradients, driven primarily
by meteorology rather than surface type, with low winter humidity averaging 4561 ppm
(range: 3038–6956 ppm) and substantial summer increases averaging 17,272 ppm (range:
15,887–19,097 ppm) near the surface.

Minor systematic differences between ascent and descent traces were observed, partic-
ularly in building environments. Near-surface (z < 50 m) C2H6 concentrations were higher
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during building ascent (5.06± 5.41 ppb) compared to descent (1.59± 2.48 ppb), a difference
of 3.47 ppb (p = 0.12), suggesting ascending measurements may capture fresher near-surface
emissions before vertical mixing homogenizes the signal, though this difference did not
reach statistical significance. Descending CH4 profiles showed no significant ascent-descent
difference (p = 0.47) despite equipping the UAV with a tubing inlet to minimize downwash.
Forest ascent and descent profiles were more consistent, likely due to stronger natural
turbulence within the canopy, with the forest maintaining intermediate values between
2.052 and 2.219 ppm (standard deviation: 0.044–0.053 ppm) across measurement days.
Coverage over the meteorological tower occasionally displayed mid-altitude deviations
during ascent, which may reflect mechanical turbulence rather than true atmospheric
gradients, as evidenced by ethane variability at the tower location (standard deviation:
4.22–4.93 ppb; cf. Figure 14).

Figure 14. Aggregated vertical profiles of H2O, CH4, and C2H6 across all UAV flights, grouped by
hovering environment. Colors denote ascending building (black), descending building (magenta), as-
cending forest (blue), descending forest (red), ascending meteorological tower (green), and ascending
tower (cyan) flight segments.

3.6. Correlation Analysis

The correlation between methane and environmental variables provided insight into
the behavior of methane sources and the atmospheric processes influencing concentrations
(cf. Figure 15). Correlations between CH4 and H2O were weak and inconsistent, both
negative and positive, suggesting a limited influence of humidity on methane variability or
possible cross-sensitivity of the instrument. As noted above, CH4 and C2H6 correlations
ranged from strong negative values (possibly artifactual) to moderate positive correlations
(r = 0.36–0.56) suggestive of co-located thermogenic sources, though interpretation remains
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limited by established instrument constraints. CH4-temperature (T0) correlations varied in
strength and direction, most likely reflective of boundary-layer dynamics, diurnal heating,
and thermal stratification effects. Among all variables, temperature showed the strongest
average correlation with CH4, followed by C2H6 and H2O. Altitude generally showed a
negative correlation with methane, implying surface accumulation. However, positive
correlations on certain days (e.g., 29 April) suggest vertical mixing or transport from a
nearby source at higher elevations. These patterns reflect the analyzer’s sensitivity to
temporal meteorological variability and validate its use in source attribution and boundary-
layer transport characterization.

Figure 15. Heatmap of Pearson correlation coefficients between CH4 concentrations and environmen-
tal variables (altitude, temperature, ethane, and water vapor) for each UAV flight. Warmer colors
indicate stronger positive correlations, while cooler colors indicate stronger negative correlations.

3.7. Regression Analysis

To further evaluate the drivers of ambient methane variability across all UAV flights,
we performed multivariate linear regression using temperature, altitude, and ethane as
predictors. The regression coefficients differed widely among individual flights, indicating
complex and inconsistent relationships without any clear seasonal trends.

3.7.1. Altitude Effects

Altitude coefficients showed high flight-to-flight variability with no consistent seasonal
trend. As displayed in Table 3, several flights displayed surface accumulation with signifi-
cant vertical gradients observed. For example, 19 October (slope = −3.05 × 10−4 ppm/m,
p < 0.001) and 27 June (slope = −2.70 × 10−5 ppm/m, p < 0.001) flights were characterized
by negative correlations, indicative of surface-based methane accumulation under stable
boundary layer conditions. Few flights showed positive altitude correlation, consistent
with convective transport (e.g., 6 February: 9.93 × 10−5 ppm/m, p < 0.001; 11 September:
1.50 × 10−4 ppm/m, p < 0.001). Two flights showed non-significant altitude effects (25
March: p = 0.904; 14 August: p = 0.351), suggesting well-mixed atmospheric conditions.
Across the 14 flights, seven exhibited surface accumulations, four showed aloft enhance-
ment, and three showed non-significant/well-mixed relationships during typical peak
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atmospheric mixing hours of 13:30–15:27 LT. This suggests that local emissions and meteo-
rological variability conditions beyond diurnal mixing alone play a major role in methane’s
boundary-layer vertical structure at the site.

Table 3. Summary of vertical methane gradient regression results across UAV flights from October
2023 to September 2024. Each row represents the linear regression slope (ppm/m), coefficient of
determination (r2), and p-value for the relationship between CH4 concentration and altitude.

Date Slope (ppm/m) r2 p-Value Observations/Notes

11 October 2023 −2.08 × 10−5 0.0051 0.014 Significant surface accumulation

12 October 2023 −1.03 × 10−4 0.076 <0.001 Moderate surface accumulation

19 October 2023 −3.05 × 10−4 0.196 <0.001 Strong surface accumulation

23 October 2023 −3.63 × 10−5 0.0041 0.026 Weak surface accumulation

25 October 2023 3.72 × 10−5 0.0078 0.0028 Aloft source

27 October 2023 4.61 × 10−5 0.047 <0.001 Aloft source

2 November 2023 −6.01 × 10−5 0.023 <0.001 Moderate surface accumulation

6 February 2024 9.93 × 10−5 0.041 <0.001 Aloft enhancement

26 February 2024 −3.98 × 10−5 0.0044 0.036 Slight surface accumulation

25 March 2024 −4.69 × 10−6 ≈0.00008 0.904 No trend, well mixed

29 April 2024 −8.08 × 10−5 0.0093 0.144 Non-significant, well mixed

27 June 2024 −2.70 × 10−5 0.029 <0.001 Slight surface accumulation

14 August 2024 7.43 × 10−6 0.0009 0.351 Well mixed

11 September 2024 1.50 × 10−4 0.116 <0.001 Aloft enhancement

3.7.2. Temperature Relationships

Temperature coefficients varied from strongly negative to moderately positive among
flights, with the most negative coefficient in late spring (29 April: −0.021 ppm/◦C, p < 0.001)
and fall (27 October: −0.008 ppm/◦C, p < 0.001). Positive temperature relationships were
observed in both cool (12 October: +0.008 ppm/◦C, p < 0.001) and warm seasons (25 March:
+0.008 ppm/◦C, p < 0.001), suggesting that temperature effects are driven by flight-specific
atmospheric conditions rather than consistent seasonal processes.

3.7.3. Ethane Coefficients

Despite known instrumental limitations, ethane showed statistically significant co-
efficients across most flights, though with inconsistent patterns. For fall months, ethane
specifically displayed strong negative coefficients (e.g., 11 October: slope = −0.0043 ppm,
p < 0.001; 2 November: −0.002 ppm, p < 0.001), contrary to expectations of enhanced
thermogenic emissions during heating season and most likely reflect instrumental artifacts.
Positive ethane coefficients were found in warmer months (27 June: 0.0037 ppm, p < 0.001;
25 March: 0.0029 ppm, p < 0.001), possibly reflecting real thermogenic co-emissions, al-
though interpretation is still constrained by measurement uncertainties (cf. Figure 16).
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Figure 16. Regression coefficient for temperature (blue) and ethane (orange) across 14 UAV flight
dates. Ethane displayed a general positive trend across dates, while temperature varied substantially.
The lack of a consistent pattern across dates highlights the influence of localized conditions, variable
flight paths, and potential sensor behavior on observed methane concentrations.

3.8. Precision and Temporal Stability of Methane Observations

For each flight, the coefficient of variation (CV) of the CH4 concentration was deter-
mined to assess the MIRA Strato’s signal stability and variability under ambient conditions.
CV values varied from 0.00397 to 0.01143 (mean CV ≈ 0.0067) in all 14 flights, indicating
exceptionally low relative variability in measured concentrations. The highest CV was
observed on 19 October (CV = 0.01143), coinciding with the strongest CH4–altitude gradient
and negative regression coefficients for all predictors. This implies elevated stratification
and sharper vertical CH4 gradients on that day, to which the analyzer was sensitive enough
to detect. In contrast, late summer and fall flights such as 14 August (CV = 0.00398) and 27
October (CV = 0.00397) were less variable, likely reflecting stable atmospheric or instru-
ment conditions (cf. Figure 17). These results highlight the sensor’s high precision in the
field, with CV values consistently below 1.2%. This is well within acceptable limits for
ambient methane analyzers according to instrument validation studies [46] and demon-
strates MIRA Strato’s stable performance across varying environmental conditions and
methane distributions.

Figure 17. Coefficient of variation (CV) for CH4 concentration by flight date. Red bar indicates the
highest observed CV (19 October 2023); green bars represent comparison flights (27 October 2023,
and 14 August 2024); blue bars represent all other flights.
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4. Discussion

The UAV-based methane monitoring campaign provided valuable proof-of-concept
for microscale methane observations within the atmospheric surface layer. By deploying
the Aeris Technologies MIRA Strato analyzer across 14 flights from October 2023 to Septem-
ber 2024 (7 Fall, 3 Winter/Spring, and 4 Summer), we assessed the field stability of the
sensor, correlation with environmental drivers, and ability to capture ambient variability,
including temporal, spatial, and atmospheric insights into near-surface CH4 behaviors
and relationships.

The MIRA Strato analyzer exhibited strong performance in field and laboratory set-
tings. The high signal-to-noise ratio enabled the detection of subtle ambient variations
in CH4 and co-tracers regardless of in-plume concentrations. Despite some challenges
with low-level C2H6 detection, the instrument captured consistent spatial patterns and
correlation behavior that aligned with atmospheric expectations. The combination of pre-
cision, reproducibility, and spatial responsiveness confirms the analyzer’s robustness for
UAV-deployed ambient methane research.

Although ambient levels throughout the campaign remained around ~2 ppm, concen-
trations showed seasonal behavior, with elevated concentrations in the fall and early winter
(cf. Figure 18). Maximum CH4 concentrations were observed on 19 October at 2.23 ppm,
consistent with expected seasonal shifts in atmospheric mixing. This date also exhibited
the most stable conditions and surface accumulation according to the regression analysis.
The lowest concentration was observed on 14 August at 2.03 ppm, which also corresponds
to the CV value on this date, indicating elevated mixing. The second highest mean con-
centration (26 February) is not conclusive to seasonal trends but is likely attributable to
localized emission influences.

 

Figure 18. Seasonally averaged vertical profiles of H2O, CH4, and C2H6 derived from aggregated
UAV measurements. Colors represent winter (red), spring (green), summer (blue), and fall (cyan).
Methane shows a clear seasonal pattern, with higher concentrations during fall and winter and lower,
tightly constrained values in spring and summer, consistent with seasonal emissions.
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Correlation analysis further supported broad seasonal changes in methane concentra-
tions due to temperature and time of year, reflecting larger-scale background variability.
Satellite observations using TROPOMI trends(cf. Figure 19) corroborate the late-season
elevation [44], displaying an increase in mean concentrations from October to December in
the region of interest.

 
(a) 

 
(b) 

Figure 19. 2023–2024 monthly time series of mean CH4 concentrations in Maryland, USA, using the
TROPOMI satellite for (a) 2023 and (b) 2024. Monthly trends corroborate ground measurements,
displaying an increase in mean concentrations from October to December.

Ethane occasionally recorded negative values, likely reflecting instrument limitations
at low ppb concentrations or low-signal bias near detection limits. In order to effectively
identify whether a source is thermogenic using the Aeris Technologies instruments in
ambient environments, it is recommended to maintain a water vapor mole fraction above
1% in the sample to preserve the integrity of ethane measurements, reduce the laser power
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when collecting, or humidify the sample line [45]. This still presents the risk of increased
noise from increased water vapor sampling and was not implemented in this study.

Flight-to-flight variation of methane-altitude correlations revealed complex atmo-
spheric stratification patterns, with both negative and positive altitude coefficients ob-
served seasonally. Building on these results, we plan to extend this study by assessing
nighttime methane sensitivity using thermometry-based satellite sensors. While the UAV
platform and flight patterns were generally consistent, variability in flight path, altitude
intervals, and meteorological conditions likely contributed to variability in concentration
and correlation results. Hovering environments, such as over buildings, forests, and towers,
also introduced small but noticeable changes to the vertical structure, though statistical
comparisons indicated these differences remained within the range of natural atmospheric
variability, likely reflecting localized turbulence and mechanical mixing near surface fea-
tures rather than distinct micro-emission signatures. Despite these factors, the Aeris MIRA
Strato showed a stable response, low drift, and sensitivity to environmental changes for
boundary-layer characterization and ambient methane monitoring.

5. Conclusions

This study demonstrated the capability of the Aeris Technologies MIRA Strato ana-
lyzer for UAV-based ambient methane monitoring, capturing seasonal variability, diurnal
patterns, and vertical structure within the atmospheric boundary-layer. These results
underscore the value of UAV-based MWIR analyzers for ambient monitoring and highlight
areas for improvement. Notably, the lack of comparative inlet measurements limited our
ability to isolate rotor downwash effects, and detailed environmental characteristics such as
building geometry, canopy density, or surrounding source distribution were not captured
during profiling. These factors likely contributed to the observed variability across hover-
ing environments. Future research should incorporate controlled inlet design evaluations,
wind and turbulence analysis, and expanded site characterization to support more detailed
correlation analysis. Overall, this work demonstrates not only the instrument’s robust-
ness but also the capability of drone-deployed sensing to resolve fine-scale atmospheric
variations without relying on direct plume quantification.
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Highlights

What are the main findings?

• A bearing-only localization framework is proposed for micro UAVs operating over uneven
terrain, combining a pseudo-linear Kalman filter (PLKF) with a sliding-window nonlinear
least squares optimization to achieve real-time 3D positioning and motion prediction.

• An observability-enhanced flight trajectory planning method is designed based on
the Fisher Information Matrix (FIM), which improves localization accuracy in flight
experiments, with an average gain of up to 4.34 m.

What are the implications of the main findings?

• The method addresses the limitations of monocular cameras with scale ambiguity and
lack of depth measurement, providing a practical solution for low-cost UAVs in remote
sensing and moving target localization.

• The results suggest potential applications in emergency response, target monitoring, and
traffic security, demonstrating the feasibility of high-accuracy localization on resource-
constrained UAV platforms.

Abstract

Low-cost and real-time remote sensing of moving targets is increasingly required in civilian
applications. Micro unmanned aerial vehicles (UAVs) provide a promising platform for
such missions because of their small size and flexible deployment, but they are constrained
by payload capacity and energy budget. Consequently, they typically carry lightweight
monocular cameras only. These cameras cannot directly measure distance and suffer
from scale ambiguity, which makes accurate geolocation difficult. This paper tackles
geolocation and short-term trajectory prediction of moving targets over uneven terrain
using bearing-only measurements from a monocular camera. We present a two-stage
estimation framework in which a pseudo-linear Kalman filter (PLKF) provides real-time
state estimates, while a sliding-window nonlinear least-squares (NLS) back end refines
them. Future target positions are obtained by extrapolating the estimated trajectory. To im-
prove localization accuracy, we analyze the relationship between the UAV path and the
Cramér–Rao lower bound (CRLB) using the Fisher Information Matrix (FIM) and derive
an observability-enhanced trajectory planning method. Real-flight experiments validate
the framework, showing that accurate geolocation can be achieved in real time using only
low-cost monocular bearing measurements.

Remote Sens. 2025, 17, 3836 https://doi.org/10.3390/rs17233836
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1. Introduction

1.1. Background and Significance

Target localization is a key problem in aerial remote sensing, supporting applications
such as high-resolution geographic mapping [1], target surveillance and tracking [2,3],
land-resource monitoring [4], moving-target enclosure [5], and search-and-rescue missions
[6]. With the miniaturization and cost reduction of unmanned aerial vehicles (UAVs),
micro UAVs equipped with lightweight visual sensors have become valuable platforms
for real-time data acquisition in both civilian and defense contexts. In these scenarios,
geolocation depends on estimating the relative state between the UAV and ground targets
from onboard observations, often under strict payload and energy constraints, complex
terrain, and dynamic environments.

Although many tracking and localization techniques have been developed in remote
sensing [7,8], aerospace [9,10], and robotics [11,12], bearing-only localization from monocu-
lar imagery remains particularly challenging due to scale ambiguity, lack of direct range
measurements, and strong dependence on relative motion. To address these challenges,
this paper (i) employs bearing-only measurements from a monocular gimbal camera for
moving-target localization, (ii) quantifies how relative motion and UAV trajectories af-
fect observability and estimation accuracy, and (iii) develops an observability-enhanced
trajectory planning strategy for real-time geolocation performance.

1.2. Related Works

Previous studies have aimed to improve UAV-based visual detection and geographic
localization capabilities [13–18]. Li et al. [13] proposed a detection algorithm based on the
Swin Transformer network to improve image quality and target detection accuracy. Meng
et al. [14] enhanced remote sensing photogrammetry accuracy through anomaly detection.
Yang et al. [15] discussed UAV localization and control under occluded camera scenarios in
remote sensing contexts. Savkin et al. [16] proposed a distributed navigation algorithm to
monitor targets moving along curved roads. Guo et al. [17] developed a novel adaptive
extended Kalman filter method for UAVs equipped with electro-optical pods to enhance
localization accuracy. Zhou et al. [18] applied related methods to large fixed-wing UAVs
operating at high altitudes.

However, micro UAVs are constrained by payload and power supply, limiting their ca-
pability to carry high-precision sensors such as electro-optical pods, thus typically equipped
only with monocular gimbal cameras. Due to the inherent scale uncertainty and lack of
direct distance measurement, accurately estimating the 3D pose of targets remains challeng-
ing. Current research on monocular camera-based localization mainly employs prior-based
[19,20] and learning-based approaches [21,22]. Zhou et al. [19] used a flat terrain assump-
tion and UAV altimeter measurements to approximate relative target heights, which is
unsuitable for non-flat terrains. Pizani et al. [20] utilized Digital Elevation Models (DEMs)
to provide height priors, but this requires large-scale maps unsuitable for micro UAVs.
Wang et al. [21] and Yang et al. [22] recovered depth from monocular images through
learning methods, but these involve complex training and high computational demands.
Zhang et al. [23] proposed an approach without prior information, applicable only to sta-
tionary ground targets, with the difficulty of estimation increasing significantly at greater
distances.
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To address these challenges, we propose a bearing-only localization method that
avoids direct depth measurements or scale priors, relying solely on angular measurements
collected during continuous relative motion. This concept has proven viable in radar and
maritime applications. Farina et al. [24] initially used radar bearings to estimate target
3D positions. Li et al. [25] applied angular measurements to localize maritime vessels.
In aerospace and remote sensing, bearing-only methods have been widely utilized [26–28].
Chu et al. [26] applied the technique in spacecraft rendezvous and docking, while Wang et
al. [27] and Li et al. [28] used it for UAV localization and aerial target navigation.

Because bearing-only measurements provide direction but not range, accurate esti-
mation requires relative motion and multiple views. This creates two main challenges for
UAV remote sensing. First, solving the problem hinges on estimating the target’s state
between consecutive frames when both the UAV and the target are moving. In practice,
incremental Kalman filtering like EKF and the PLKF [29–31] is commonly used, but fast
maneuvers can accumulate inter-frame errors, and the nonlinear measurement model
increases computational load, making high-precision real-time estimation difficult. Second,
not all relative motions lead to the same 3D accuracy under noise; this is an issue of observ-
ability. Typical analyses use bearing rigidity, rank conditions, or information-theoretic tools.
For example, Ferdowsi [29] studied 2D observability via matrix conditions, while Jiang
[32] and Woffinden [33] analyzed the 3D single-target case under Gaussian noise using
FIM/CRLB, showing that different motion patterns yield different minimum error bounds.

Beyond these foundations, several recent works focus explicitly on bearing-only
localization and observability enhancement. Wang et al. [27] derive a 3D bearing-only
helical homing law and reveal weak observability under proportional navigation guidance
(PNG), motivating guidance that explicitly increases observability. Zheng et al. [34] propose
a cooperative STT-R estimator that exploits bearing rates in a distributed RLS framework to
improve observability and reduce velocity lag. In multi-robot settings, Lu et al. [35] present
a concurrent-learning-based relative localization method that relaxes persistent excitation
and enhances inter-robot observability during shape formation. For air-to-air scenarios,
Liu et al. [36] combine detection, KF-based tracking, and interval replanning to maintain
fixed-distance pursuit for 3D reconstruction of a non-cooperative UAV.

Compared with these studies, our work considers a single micro-UAV with bearing-
only sensing over non-flat terrain and couples a PLKF→SW-NLS estimator with an FIM-
driven, observability-enhancing trajectory planner. The entire pipeline runs onboard and is
validated in real flight.

1.3. Contributions

To solve the challenge of localizing targets on non-flat terrains using bearing-only
measurements from micro UAVs, this study proposes a comprehensive localization and
trajectory planning framework addressing cumulative inter-frame errors and observability-
enhanced trajectory design. The primary contributions are as follows.

(1) Bearing-Only 3D Localization Framework for Uneven Terrain: To address the
limitations of prior studies that typically assume flat ground [19] or rely on DEM-based
elevation priors [20], this paper develops a real-time localization framework that operates
effectively over uneven terrain. It enables a micro-UAV equipped only with a monocular
gimbal camera to perform 3D localization and prediction of moving targets. The frame-
work has been validated through real flight experiments, demonstrating high-accuracy
geolocation under low-cost conditions and providing a systematic solution for micro-UAV
remote sensing.

(2) Two-Stage Fusion Algorithm with PLKF Front End and Sliding-Window Nonlinear
Least-Squares Back End: We propose a two-stage structure that combines a PLKF based
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front end with a sliding-window optimization back end. The front end provides inter-
frame priors and projects bearing residuals, while the back end corrects accumulated errors
through a SW-NLS formulation. This design significantly improves estimation accuracy
while maintaining real-time performance, making it suitable for onboard deployment
on micro-UAVs. Compared with the traditional EKF method, the front end achieves
a computation speed improvement of approximately 8 ms per frame and offers better
numerical stability while maintaining comparable accuracy.

(3) FIM-Based Observability Analysis and Closed-Loop Trajectory Planning Method:
By quantitatively analyzing observability under Gaussian noise using the Fisher Informa-
tion Matrix (FIM), this work reveals how the relative motion between the UAV and the
target influences localization accuracy. Based on this analysis, we develop an observability-
enhancing trajectory planning method that yields a closed-form, easily implementable
local-orbit design rule, executed in discrete form. Compared with [28], our method con-
tinuously improves observability during flight along the planned trajectory, forming a
closed-loop information flow that integrates state estimation, observability analysis, tra-
jectory optimization, and enhanced estimation. Real flight results show that the proposed
trajectory improves localization accuracy by more than 4.34 m compared with direct pursuit
and manual flight, demonstrating both the effectiveness and engineering practicality of the
method.

1.4. Organization

The remainder of the paper is organized as follows. Section 2 describes the system
overview and problem formulation. Section 3 details the PLKF-based motion estimation,
sliding-window optimization, observability analysis, and trajectory planning. Section 4
presents real-flight experiments and comparative results. Section 5 concludes the paper.

2. Problem Formulation

2.1. System Overview

Considering that micro-UAVs equipped with inexpensive monocular cameras cannot
directly measure the depth of targets during remote sensing tasks over uneven terrain, this
paper proposes a real-time remote sensing target localization framework using bearing-only
measurements. The overall system structure is shown in Figure 1, and its workflow and
functionality are described as follows:

Firstly, the UAV collects ground images in real-time using the onboard monocular
camera. Targets are detected using the YOLOv8 algorithm, providing real-time target
coordinates in the image frame. After successful detection, image coordinates are converted
into a unit direction vector RC in the camera frame using intrinsic parameters. Using
extrinsic camera parameters and the UAV’s real-time pose data, this vector is further
transformed into the world coordinate frame, yielding the direction measurement RW .

Next, the UAV continuously observes the target from different positions and perspec-
tives, acquiring multiple angle measurements. These measurements are sequentially stored,
forming an observation data sequence for target localization. To obtain initial estimates
required for optimization, the system employs the Pseudo-Linear Kalman Filter (PLKF)
method, which estimates the target’s state contains position and velocity in real-time using
a motion model each time new measurement data arrives.

Subsequently, a backend optimization procedure refines localization accuracy based
on these measurements and initial estimates. Historical measurements beyond a certain
threshold have negligible effects and add computational burden; hence, the system utilizes
a fixed-length sliding window. Only the relative positions within this sliding window
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undergo nonlinear least-squares optimization, with earlier data serving as known prior
positions. This approach maintains continuity and enhances computational efficiency.

Then, Bernstein polynomials fit the initially obtained target coordinates, generating
a smooth and continuous trajectory curve. Recognizing that actual target motion is con-
strained by velocity and acceleration limits, a sliding-window mechanism is employed to
extrapolate short-term trajectory predictions, providing necessary information for subse-
quent UAV trajectory optimization.

Finally, based on Fisher Information Matrix (FIM), the paper quantitatively analyzes
how different UAV-target relative trajectories affect localization precision under Gaussian
noise. Leveraging insights from this observability analysis, an observability-enhanced UAV
trajectory planning method is proposed. This method significantly improves localization
accuracy, is easy to implement, and does not require strictly tracking precise predefined
paths. The integration of bearing-only localization and observability-enhanced trajectory
planning effectively enhances the efficiency and accuracy of remote sensing tasks over
uneven terrain. The overall workflow is shown in Figure 1.

1

Figure 1. System overview and module interconnection. The monocular detector produces image
coordinates that are converted to a world-frame bearing RW (Equations (1)–(4)). The PLKF front
end provides inter-frame priors; the sliding-window NLS back end optimizes target positions using
projector-whitened bearing residuals and the PLKF prior (Equations (19)–(26)). A short-horizon
trajectory B̂(t) is fit for prediction, and an observability-aware planner evaluates the FIM M and
isotropy J to generate an observability-enhancing path (Equations (38)–(41)). The controller tracks
the waypoint onboard, and the updated UAV pose produces new bearings, closing the estimation–
planning loop. Our goal is accurate real-time geolocation on non- flat terrain using monocular,
bearing-only sensing.

2.2. Measurement Model

To clearly formulate the mathematical modeling of remote sensing target localization,
we define four coordinate systems: the world coordinate system W, the UAV body coor-
dinate system U, the target body coordinate system T, and the camera coordinate system
C onboard the UAV. The world coordinate system W is fixed to the ground and serves as
an inertial reference frame. The origin of the UAV body coordinate system U is located
at the UAV’s center of mass, with its x-axis pointing towards the nose, y-axis pointing to
the left wing, and z-axis pointing upwards, forming a right-handed coordinate system.
Similarly, the target coordinate system T has its origin at the target’s center of mass, with
axes defined identically to the UAV body coordinate system. The camera coordinate system
C is centered at the camera’s optical center, with the z-axis along the optical axis, and the
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x- and y-axes forming a right-handed system on the imaging plane. Figure 2 shows the
relationships among these coordinate frames.

The geographical localization of targets based on visual measurements can be achieved
by combining the camera imaging model and rigid body transformations. Consider a
ground target P, whose projection onto the camera imaging plane is denoted as PT . The po-
sition of the target P in the world coordinate system can be represented as:

PW = PC + λ · Rw
c · RC, (1)

where PC denotes the camera’s optical center position in the world coordinate system W,
Rw

c is the rotation matrix from the camera coordinate system C to the world coordinate
system W, RC is the unit direction vector from the camera to the target in the camera
coordinate system C, and λ represents the scale factor, i.e., the actual distance from the
camera optical center to the target point.

Using the pinhole camera model, the unit direction vector RC can be expressed in
terms of pixel coordinates (u, v) on the image plane and camera focal length f as:

RC =
1√

u2 + v2 + f 2
(u, v, f )T. (2)

Substituting this into the target position equation, we obtain the target position in the
world coordinate system:

(xw, yw, zw)
T = (xc, yc, zc)

T + λ · Rw
c ·

1√
u2 + v2 + f 2

(u, v, f )T. (3)

Since monocular vision cannot directly measure the actual distance λ from the camera
to the target (due to scale ambiguity), we rearrange this expression to derive the explicit
formula for the scale factor:

λ =
(zw − zc)

√
u2 + v2 + f 2

ezRw
c (u, v, f )T . (4)

Here, ez = (0, 0, 1) denotes the direction of the z-axis in the world coordinate system.
Substituting the scale factor back into the position expression, we obtain the target’s
horizontal position:

(xw, yw)
T = (xc, yc)

T + (zw − zc)

√
u2 + v2 + f 2

ezRw
c (u, v, f )T

[
1 0 0
0 1 0

]
Rw

c (u, v, f )T. (5)

The rotation matrix Rw
c is determined by the following chain relation:

Rw
c = Rw

u Ru
c ,

where Ru
c represents the extrinsic rotation matrix between the camera and the UAV, a

time-varying parameter due to gimbal movements, calculated in real-time from camera-
gimbal calibration and measured gimbal rotation angles. Rw

u is the UAV’s attitude rotation
matrix in the world coordinate system, measured by the UAV’s attitude and position
sensors. The camera focal length f is obtained through camera calibration, and (u, v) are
the detected target image coordinates. The camera optical center position is determined by
the UAV’s onboard GPS device and camera extrinsic parameters.

Equation (5) provides a clear geometric method to derive the target’s three-dimensional
coordinates from two-dimensional image data. However, as each image measurement
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provides only two independent equations, monocular visual localization inherently suffers
from depth ambiguity. Therefore, additional constraints or prior information are required to
determine the complete 3D coordinates. A common assumption in UAV localization tasks
is the flat ground assumption, assuming negligible ground elevation changes. In practical
scenarios, the relative altitude between UAV and target h = zU − zT can initially be approx-
imated using UAV GPS altitude information. This approximation provides a feasible initial
guess for optimization. Once the initial estimate of the target position is established, subse-
quent optimizations iteratively refine the target location using the previously estimated
position, a method proven feasible in [37].

For accurate 3D target position estimation, besides obtaining direction vectors RW at
each measurement, the UAV state information (position and velocity) at discrete times tk

must also be acquired:

S6D
U = {(PU(k), VU(k))|k = 1, 2, ..., n}, (6)

with
PU(k) ∈ R

3, VU(k) ∈ R
3.

Thus, at each measurement time tk, the system records direction vector RW(k), UAV posi-
tion PU(k), and UAV velocity VU(k). These measurements form a discrete time-sequence:

SU = {(RW(k), PU(k), VU(k))|k = 1, 2, ..., n}. (7)

Given that measurement data accumulate over time and early data’s influence diminishes,
we adopt a dynamic sliding-window approach, maintaining a window of fixed length L:

SL
U = {(RW(k), PU(k), VU(k))|k = t− L + 1, ..., t}. (8)

Additionally, reasonable prior estimations of target motion between two measurements
are necessary to achieve stable nonlinear least-squares optimization. The prior estimation
of target states between observations is derived using individual measurement data and
motion models, detailed further in Section 3. Figure 2 illustrates the process of bearing-only
measurements of the target by the UAV during its motion.

11
1 1

Figure 2. Schematic illustration of bearing-only measurements taken by the UAV for a moving
target at multiple discrete time instants, where the PLKF estimates the inter-frame prior, and the
NLS optimizes the relative motion among multiple frames. The blue line represents the UAV flight
trajectory, and the yellow line represents the target’s trajectory.
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3. Methodology

3.1. Inter-Frame Target Motion Estimation Based on Bearing-Only Measurements

The target motion between two consecutive frames from time t(k− 1) to t(k) can be
estimated using the angle measurements obtained at time t(k). In this section, the relative
target motion is modeled using orthogonal projection vectors and pseudo-linear Kalman
filtering (PLKF). We systematically describe the mathematical modeling, filtering steps,
and characteristics of the inter-frame motion estimation.

Consider the measurement at time t(k). The UAV state, comprising position and
velocity in the world coordinate system W, is denoted as:

S6D
U (k) = (PU(k), VU(k)),

and the target state as:
S6D

T (k) = (PT(k), VT(k)).

The relative state between the UAV and the target, which is to be estimated, is ex-
pressed as:

S(k) =
[
(PU(k)− PT(k))�, (VU(k)−VT(k))�

]� ∈ R
6. (9)

The direction vector from the UAV to the target, measured by the monocular gimbal
camera, is defined as:

RW(k) =
PT(k)− PU(k)
‖PT(k)− PU(k)‖

∈ R
3, ‖RW(k)‖ = 1. (10)

Due to Gaussian measurement noise μ ∼ N (0, Σ), where Σ = σ2 I3, the noisy mea-
surement is expressed as:

R̃W(k) = RW(k) + μ. (11)

Given the visual detection frequency of approximately 15–30 Hz, both UAV and target
motions can be reasonably approximated as constant velocity within the small interval
Δt = t(k)− t(k− 1). The kinematic state equations for the target and UAV are:

S6D
T (k) = A S6D

T (k− 1) + Bw(k), (12)

and
S6D

U (k) = A S6D
U (k− 1) + Bv(k), (13)

where

A =

[
I3 Δt I3

03 I3

]
, B =

[
1
2 Δt2 I3

ΔtI3

]
, (14)

with
w(k) ∼ N (0, Σ1), v(k) ∼ N (0, Σ2). (15)

Considering UAV maneuvers, the combined relative motion model can be expressed
as:

Ŝ(k) = A
(
Ŝ(k− 1) + S6D

U (k− 1)
)
− S6D

U (k). (16)

Directly expressing the angle measurement R̃W(k) as a nonlinear function complicates
subsequent computations. Hence, we introduce an orthogonal projection operator for
pseudo-linearization. For any vector v ∈ R3, the orthogonal projection operator Pv is
defined as:
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Pv = I3 −
vv�

‖v‖2 , v 
= 0, (17)

which projects vectors onto a plane perpendicular to v and satisfies P2
v = Pv = P�v .

Multiplying both sides of R̃W(k) = RW(k) + μ by λkPR̃(k), where λk = ‖PT(k)− PU(k)‖,
yields:

03 = PR̃(k)
(

PT(k)− PU(k)
)
+ λ(k)PR̃(k)μ. (18)

Rewriting this equation using relative state S(k), we obtain a pseudo-linear measure-
ment equation:

03 = H(k)S(k) + Vkμ, H(k) =
[
PR̃(k), 03

]
, Vk = λ(k)PR̃(k). (19)

Note that H(k) and V(k) are time-varying and H(k) is rank-deficient. In practice, the
predicted distance λ̂(k) = ‖Ŝ(k)−1:3‖ substitutes the unknown λ(k).

Based on this model and the measurement noise μ(k) ∼ N (0, Σ3), with Σ3 = σ2
3 I3, the

measurement covariance becomes:

Tk = VkΣ3V�k . (20)

The PLKF algorithm consists of prediction and update steps. The prediction step is:

Ŝ(k)− = A
(
Ŝk−1 + S6D

U (k− 1)
)
− S6D

U (k), P(k)− = AP(k− 1)A� + BW(k)B�. (21)

The Kalman gain is:

K(k) = P(k)−H(k)�
(

H(k)P(k)−H(k)� + T(k)
)†, (22)

where (·)† denotes the Moore-Penrose pseudo-inverse used due to rank deficiency of H(k).
As the measurement vector is zero, the state update equations are:

Ŝ(k) = Ŝ(k)− − K(k)H(k)Ŝ(k)−, P(k) = (I6 − K(k)H(k))P(k)−. (23)

Through pseudo-linearization, measurement information is implicitly integrated into
matrices H(k) and T(k), providing a linear formulation that facilitates prediction and
updates. The PLKF method avoids nonlinear trigonometric expansions of angular mea-
surements, enhancing numerical stability and computational efficiency, making it highly
suitable for high-frequency visual measurements under constrained onboard computing
resources.

3.2. Target Position Optimization Based on Nonlinear Least Squares

To mitigate the cumulative errors caused by the prolonged operation of pseudo-linear
Kalman filtering (PLKF) and to fully exploit the geometric constraints from multi-frame
bearing-only measurements, this paper designs a batch optimization sliding-window
backend for discrete target position estimation on top of the PLKF frontend.

Let the sliding window length be L and the current frame index be k. The target
positions to be estimated within the window are defined as:

S =
[
PT(k− L + 1)�, PT(k− L + 2)�, . . . , PT(k)�

]� ∈ R
3×L.
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For any frame j ∈ [k− L + 1, k] within the window, the whitened residual of direction
measurements is defined as:

r̃j =
1
σ

PR̃(j)
(

PT(j)− PU(j)
)
∈ R

3, PR̃(j) = I3 − R̃W(j)R̃�W(j), (24)

where σ denotes the standard deviation of the bearing measurement. As PR̃P�R̃ = PR̃,
the above residual is normalized to have a unit covariance matrix, constraining only two
degrees of freedom orthogonal to the measurement direction. The unobserved depth
dimension is supplemented by the PLKF prior.

PLKF provides an estimated relative position r̂(k) = (Ŝ(k))1:3 and associated covari-
ance Λk = Pk,r for the latest frame k. The normalized prior residual is defined as:

rpri = L
− 1

2
k
(

PT(k)− r̂(k)
)
, L

− 1
2

k L
− 1

2�
k = Λ−1

k , (25)

where L
− 1

2
k is derived via Cholesky decomposition of the prior covariance matrix Λk.

Combining these residual terms, the total optimization cost function for the sliding-
window backend is defined as:

J(S) =
k

∑
j=k−L+1

|r̃j|22 + |rpri|22. (26)

The first term minimizes the orthogonal plane error between the target positions and
measurement rays, achieving geometric intersection across multiple frames. The second
term provides stable depth anchoring from single-frame scale estimates provided by the
PLKF frontend. Their weights are adaptively adjusted via their respective covariance
matrices to prevent redundant information weighting.

Applying increments δS to the current estimate S(0), the residuals can be linearized as:

r̃j(S) ≈ r̃j + JjδS, Jj = [0, . . . , σ−1PR̃(j), . . . , 0], (27)

rpri(S) ≈ rpri + JpriδS, Jpri = [0, . . . , L
− 1

2
k ]. (28)

The corresponding normal equation is:

HδS = −b, H = J�J, b = J�r, (29)

where J stacks each frame’s Jj and prior Jpri, and H is a sparse block matrix that can be
efficiently solved using sparse LDL� decomposition.

When the window slides, H and b are partitioned by [Tk−L+1, Srem], marginalizing
out the oldest state via Schur complement:

H̃ = Hrr −HrmH−1
mmHmr, b̃ = br −HrmH−1

mmbm. (30)

The resulting (H̃, b̃) forms the new Gaussian prior for the next optimization loop,
retaining full information and maintaining a 3D variable dimension.

Practically, the prior residuals generated when historical frames enter the window, as
given by:

rpri
i = L−1/2

i
(

PT(i)− r̂i
)
, i < k, (31)
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are continuously incorporated into the current Gaussian prior block through Schur comple-
ments as the window advances. This process ensures each window retains scale information
from L frames and preserves the sparsity and conditioning of the least squares system.

The total cost function defined in (9) is solved using the Levenberg–Marquardt (LM)
algorithm. LM linearizes J(S) at each iteration, solves the increment δS after damping H

by adding λI, and iteratively updates S until convergence.
For this optimization, predicting the target’s future trajectory is necessary. Considering

bounded continuity of velocity and acceleration, the trajectory is extrapolated using opti-
mized past observations. Specifically, a time-decayed quadratic regularized least squares
fitting is applied to the FIFO observation sequence Qtarget = {(pti , ti)}L

i=1, minimizing:

Jpre =
L

∑
i=1

wti‖B̂(ti)− pti‖2
2 + wpL

∫ tp

t1

‖B̂(2)(t)‖2
2 dt, wti = tanh

(
kt

tL − ti

)
, (32)

The fitting cost Jpre consists of a time-decayed data term and a curvature regularization
term. The first term minimizes the error between the fitted curve and the historical trajectory
points, while the second term penalizes curvature to ensure the smoothness of the predicted
trajectory and to avoid sharp fluctuations. B̂(t) ∈ R3 is an nth-order Bézier curve with
control points ci, wti downweights older samples, wp > 0 controls smoothness, and
tp denotes the end of the prediction horizon. The velocity and acceleration bounds in
Equation (33) are applied to ci through standard Bézier derivatives. subject to velocity and
acceleration constraints:

±n(ci − ci−1) ≤ ±vmp, ±n(n− 1)
(ci − 2ci−1 + ci−2)

st
≤ ±amp. (33)

Solving this constrained quadratic programming (QP) yields an n-th order Bézier
curve B̂(t), producing a smooth, continuously differentiable trajectory over both observed
and predicted intervals.

Equation (32) is updated in a sliding-window manner with each incoming visual
detection. Since the visual detection frequency exceeds 15 Hz, the predicted target trajectory
is rapidly updated as well, allowing the planner to keep up with the target’s frequent and
irregular movements.

3.3. Observability-Enhanced Trajectory Planning

Building upon the PLKF-NLS-based bearing-only target localization framework, this
section addresses another important issue: analyzing how the drone’s relative motion
impacts the theoretical lower bound of target estimation accuracy under bearing mea-
surements with Gaussian noise. Specifically, the analysis is carried out using the close
relationship between the Fisher Information Matrix (FIM) and the Cramér–Rao lower
bound (CRLB), where the CRLB defines the minimum achievable variance for any unbi-
ased estimator. Even within our nonlinear optimization framework, the lowest achievable
error bound is constrained by the CRLB. The FIM serves as a crucial tool for characterizing
estimation precision, with its inverse providing a theoretical lower bound for the covariance
of estimation errors. Based on this, we quantitatively analyze how different UAV motion
patterns influence the lower bound of the target position estimation error and propose an
observability-enhanced trajectory planning method for the UAV.

In this process, the camera measurement RC(u, v, f ) is rotated into the world frame
through Rw

c = Rw
u Ru

c , making it dependent on the UAV’s attitude but independent of its
translation. The UAV position appears in the measurement model only through the relative
displacement PT − PU in the back-end residual and through the range rj used for weighting
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in the FIM (Equations (38)–(41)). Consequently, attitude errors act as angular noise on
RW(k), as reflected in Equations (11) and (24).

The target positions to be estimated within the sliding window are denoted as:

S =
[
PT(k− L + 1)�, PT(k− L + 2)�, . . . , PT(k)�

]� ∈ R
3×L, (34)

with the corresponding noisy bearing measurements:

R =
[
R̃W(k− L + 1), R̃W(k− L + 2), . . . , R̃W(k)

]
∈ R

3×L, (35)

where each noisy measurement R̃W(j) is the true bearing vector plus Gaussian noise:

R̃W(j) = RW(j) + μj, μj ∼ N (0, σ2 I3), j = k− L + 1, . . . , k. (36)

According to the Cramér–Rao lower bound, the estimation error covariance matrix for
any unbiased estimator Ŝ(R) satisfies:

P = E[(Ŝ3 − S3)(Ŝ3 − S3)
�] � M−1, (37)

where the FIM is defined as:

M = −E
[

∂2 log pR|S3

∂S2
3

]
. (38)

Under the assumptions of independent measurements with zero-mean Gaussian noise,
the above FIM can be expressed as the sum of measurement information across frames
within the sliding window:

M =
k

∑
j=k−L+1

[
∂RW(j)
∂PT(j)

]�
Σ−1

j

[
∂RW(j)
∂PT(j)

]
=

k

∑
j=k−L+1

1
σ2

j r2
j

(
I3 − RW(j)RW(j)�

)
, (39)

where the unit bearing vector is defined as RW(j) = (PT(j)− PU(j))/rj, and the range is
rj = ‖PT(j)− PU(j)‖. Particularly, the matrix (I − RW R�W) is a projection operator that
projects any vector onto the plane perpendicular to the bearing vector RW . It is idempotent,
satisfying (I − RW R�W)2 = I − RW R�W , thus simplifying the form of the FIM.

In optimization, the determinant of the FIM, det M, is inversely proportional to the
volume of the probability ellipsoid for estimation error, and thus commonly used as
an indicator of observational information content. However, directly optimizing det M

becomes highly complex in three-dimensional space for a sliding window length L > 2.
Therefore, to obtain a more analytically convenient indicator, this section introduces the
isotropy metric of the FIM:

J =
∥∥M− λ̄I3

∥∥2
F, λ̄ = 1

3 tr M, (40)

which measures the difference among the eigenvalues of the FIM. Specifically, J = 0
indicates an ideal isotropic observational state. Expanding the above expression yields a
more explicit formulation:

J = ‖G‖2
F −

1
3

S2
3, S =

k

∑
j=k−L+1

1
σ2

j r2
j

, G =
k

∑
j=k−L+1

1
σ2

j r2
j

RW(j)RW(j)�. (41)

From the above formulation, it is clear that two key factors influence the indicator J: the
first involves the distance term 1/r4

j , and the second is related to the inner product between
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different measurement bearing vectors (RW(i)�RW(j))2. Evidently, shorter measurement
distances and more orthogonal consecutive measurement bearings lead to a smaller J value
and thus stronger observability.

Hence, we formulate the trajectory planning as a constrained optimization problem:
minimizing the indicator J subject to safety distance rd and UAV dynamic constraints:

min
{PU(j)}

J s.t.

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

rj ≥ rmin,

‖PU(j + 1)− PU(j)‖ ≤ vmaxΔt,

‖VU(j + 1)−VU(j)‖ ≤ amaxΔt.

(42)

The FIM analysis indicates that maximizing the information content requires two
conditions: (i) keeping the relative distance between UAV and target near the minimal
allowed distance rd; (ii) making the bearing vectors as orthogonal as possible within the
sliding window, thereby minimizing their coupling terms (RW(i)�RW(j))2. Ideally, this
corresponds to the UAV orbiting around the target at a constant angular velocity, forming
a spherical trajectory with radius rd. Due to UAV speed and vision sampling constraints,
achieving perfectly orthogonal consecutive measurements is impractical; thus, ensuring
spatially well-distributed measurements with significant angular differences is sufficient.

However, as the target is on the ground, the UAV can only orbit horizontally at fixed
altitude z, implying a horizontal observation distance rh. Through detailed analysis, we
derive the optimal horizontal distance and angular velocity that maximize observability
under speed limit vmax:

r�h = z, ω� =
vmax

z
, v� = vmax. (43)

Since the target also has a certain motion velocity, a margin should be reserved in
practice.

Finally, explicitly incorporating the target’s motion speed, the discrete trajectory at
each control interval Δt can be given by:

PU(k) = PU(k− 1) + ˙̂B(tk)Δt

+ rh
[
cos(θ0 + (k− 1)Δθ)N(tk) + sin(θ0 + (k− 1)Δθ)(T(tk)×N(tk))

]
− rh

[
cos(θ0 + (k− 2)Δθ)N(tk−1) + sin(θ0 + (k− 2)Δθ)(T(tk−1)×N(tk−1))

]
,

(44)

where Δθ = ωΔt and the angular velocity constraint must satisfy:

| ˙̂B(tk)|+ ωrh ≤ vmax, ω2rh ≤ amax. (45)

At each perception update, we refit B̂(t) over the latest window according to Equa-
tion (32) and recompute T(k) and N(k). Then, under the constraints of Equation (44),
Equation (43) is executed once as a discrete update, followed by re-planning in the next
cycle. This receding-horizon execution preserves the FIM-guided geometric properties
(Equations (41) and (42)) while maintaining a fast and adaptive response to unknown and
rapidly changing target motion.

This discrete expression explicitly reflects the combined effect of target motion and
UAV orbiting motion, ensuring optimal observability while strictly adhering to dynamic
constraints.

In contrast, position errors mainly alter the geometric structure that governs observ-
ability—specifically, the distances and the angles between adjacent bearing rays. As long as
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the trajectory shape remains approximately circular while dynamically orbiting the target,
the variation of RW(k) relative to the planned trajectory will remain small.

4. Results

In this section, experiments were conducted in real-world environments to validate
the effectiveness of the proposed method. Specifically, Section 4.1 describes our experi-
mental site, the UAV platform used, and the experimental details. Section 4.2 analyzes
the experimental results. Section 4.3 first investigates the performance of the NLS-based
back-end optimization and compares the performance of the PLKF estimator with that of
the EKF. Finally, it comprehensively analyzes the influence of trajectories on localization
performance.

4.1. Flight Experiment Details

To validate the effectiveness of the proposed method, we used a typical remote-sensing
scenario involving target localization using a micro UAV. Specifically, a motorbike moving
in uneven terrain was selected as the target for tracking and localization. This scenario
is prevalent in civilian applications, effectively demonstrating the general applicability
of the proposed method in practical remote sensing tasks. The experimental site was a
200 m × 200 m area with varied terrain, where the elevation difference between the highest
and lowest points reached 15 m. The airspace was open and provided reliable GNSS signal
reception for the UAV at all locations. Additionally, the experiment was conducted under
clear weather conditions, with wind speeds ranging between 1 m/s and 3 m/s, thus posing
no significant impact on UAV flight stability. The target vehicle was driven randomly on
uneven roads within the site and was equipped with a GNSS receiver to provide accurate
ground-truth trajectory data for algorithm performance comparison. The experimental site
is illustrated in Figure 3.

Figure 3. Our experimental site includes a road with left and right turns and a slope. The target’s
motion path is roughly indicated by the red arrows: the target moves straight first, then turns left,
followed by a right turn, and finally climbs up to the top of the slope.

The experiment utilized a custom-designed micro UAV platform as shown in Figure 4.
The UAV has a wheelbase of 35 cm, weighs only 1.3 kg, and has a maximum flight speed of
15 m/s, making it suitable for single-person portability and deployment. It is equipped
with an onboard computing unit, an autonomous navigation system, and a vision system.
Specifically, the onboard computing unit is an Intel NUC12 i7-1260P, the flight controller
is a CUAV x7, and the GNSS receiver is a CUAV NEO3 pro. Navigation data is jointly
obtained from the inertial measurement unit (IMU) of the flight controller and the GNSS
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receiver. The propulsion system comprises high-performance brushless motors and a
22.2 V, 2600 mAh lithium-polymer battery. The vision system includes a camera mounted
on a three-axis gimbal and onboard target detection and tracking algorithms. The target
detection algorithm, developed based on YOLOv8, identifies and locates the target vehicle
in real-time within the camera’s field of view. The automatic gimbal tracking algorithm
dynamically adjusts the gimbal orientation based on the target’s position in the image,
ensuring the target remains centered and continuously records the gimbal’s three-axis
angles. The camera has a resolution of 1920 × 1080 pixels and a frame rate of 25 Hz. These
subsystems collectively enable the real-time fusion of geospatial localization, UAV status,
and visual data. The software architecture of the entire system is based on ROS Noetic,
and the nonlinear least-squares optimization problem is solved using the Ceres library.
The trajectory planning generated waypoints are tracked using the model predictive control
(MPC) method from [38], with control commands sent to the flight controller as angular
velocities and throttle percentages.

In practical environments, wind enters Equations (12)–(15) as a bounded process
disturbance. Its primary effect is geometric, causing slight deviations in the range rj and
the bearing angles that determine the FIM. A cascaded PID controller running at 100 Hz is
employed to counteract such position errors, and each motor provides a maximum thrust
exceeding 3 kg, offering substantial control redundancy for wind resistance.

During the experiment, lasting over 200 s, the target vehicle continuously moved
along the road while the UAV maintained a safe flight altitude of 25 m, ensuring both safe
distance and continuous effective observation of the target.

Figure 4. The micro UAV platform used in the experiment.

4.2. UAV Target Localization Performance Analysis

Figures 5 and 6 together provide a comprehensive overview of the UAV-based target-
tracking and localization experiment. Figure 5 presents the entire mission trajectories. the
blue curve is the UAV flight path, the orange curve is the ground-truth target trajectory
obtained from GNSS, and the yellow curve is the target trajectory estimated from bearing-
only observations. Figure 6b–f illustrate the key stages from takeoff and target search
to stable tracking and localization. We set the instant when the UAV completes takeoff
and begins searching for the target (Figure 6) as time zero. At t ≈ 15 s, the UAV reaches
the vicinity of the target and switches to an observability-enhancing trajectory for stable
tracking and localization, as shown in Figure 6b. During the experiment the target turns
left at t ≈ 70 s (Figure 6c), turns right at t ≈ 120 s (Figure 6e), then climbs the slope and
stops at the summit at t ≈ 220 s, as shown in Figure 6f.
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Figure 5. 3D visualization of the target and UAV trajectories. The red curve represents the ground
truth target trajectory obtained from the GNSS receiver, the yellow curve shows the estimated target
positions, and the blue curve depicts the UAV flight trajectory.

(a) (b) (c)

(d) (e) (f)

Figure 6. (a) The UAV completes takeoff and reaches the designated altitude. (b) The UAV detects
the target and begins localization. (c) The target turns left. (d) The target moves onto another road.
(e) The target turns right and starts climbing the slope. (f) The target finishes the climb and reaches
the destination.

After take-off, the UAV first pans its gimbal camera to search for the target; once
the target appears in the field of view, the camera continuously tracks it. In the initial
localization frames, the UAV assumes a flat ground prior and flies almost straight toward
the target to quickly reduce the range and iteratively refine the target position. At this stage,
no observability-enhancing trajectory is used, so the localization accuracy is relatively
low. As the UAV approaches, the horizontal distance r decreases, the bearing angle rate
increases, and the uncertainty in the target position estimate decreases rapidly (Figure 7a).
When t ≈ 15 s and r reach the desired value of r = 25 m, the UAV flies around the
target at maximum linear speed until the end of the experiment (t ≈ 220 s), producing
high-precision estimates of the current and past positions of the target.

Figure 7b shows the RMSE between the estimated and true target positions throughout
the experiment. The RMSE starts at 7.85 m, drops to 5.53 m as the UAV closes in, and
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further converges to 3.25 m once the observability-enhancing trajectory begins. A sharp left
turn at t ≈ 70 s briefly raises the RMSE to 6.13 m, but it quickly recovers to 2.93 m. A similar
spike to 4.51 m occurs at the right turn at t ≈ 120 s, then decreases to 3.88 m. The uphill
motion slightly increases the RMSE to 4.03 m. During the whole process, the RMSE is
3.79m. Throughout the trial, the gimbal rapidly responds to target speed changes and the
trajectory-prediction module adjusts the flight path in real time, allowing the estimation
error to reconverge quickly. These results demonstrate that the proposed method maintains
robust localization and tracking performance even when the target undergoes significant
dynamic maneuvers.

(a) (b)

Figure 7. (a) Blue lines denote the UAV’s 2D flight trajectory, orange the target’s GPS trajectory, and
yellow the estimated target positions. (b) Estimation error over the entire flight.

4.3. Comparative Experiments

In this section, we first examine how back-end optimization influences overall system
performance. We then disable the back-end and compare the performance gains achieved
by the EKF [39] and PLKF front-end filtering algorithms. Finally, we analyze the impact of
various flight-path geometries on localization accuracy, thereby providing a comprehensive
validation of the effectiveness and advantages of the proposed method.

The specific experimental setup is as follows. A real flight dataset based on the
observability-enhanced trajectory proposed in Section 3.3 was selected. During the flight,
the UAV employed the proposed PLKF front end and Sliding-Window Nonlinear Least-
Squares (SW-NLS) back end to perform real-time target localization and trajectory optimiza-
tion. After the flight, the recorded data were replayed offline: first, the onboard real-time
PLKF estimation results were extracted to produce the outcomes shown in Figure 8c,d; then,
the same GNSS/IMU data, gimbal attitude angles, and image detection results were input
into an independently implemented EKF estimator to compute and record its runtime and
localization error, resulting in Figure 8a,b. This setup ensures a fair comparison between
the two algorithms under identical input and environmental conditions.

Figure 8 illustrates the position-estimation results obtained after removing the back-
end module and relying solely on the EKF or PLKF front end. Specifically, Figure 8a,b
show the localization trajectory and RMSE obtained with the EKF front end, whereas
Figure 8c,d present the corresponding results obtained with the PLKF front end. Under
these conditions, the RMSE increased dramatically to 10.10 m for the EKF front-end and
to 8.56 m for the PLKF front-end. Although PLKF consistently outperformed EKF in both
computational speed and accuracy, it still could not achieve high localization accuracy when
used independently. These results highlight that our proposed method, which combines
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the fast and effective PLKF front-end with the high-accuracy NLS back-end, achieves an
optimal balance between computational speed and localization accuracy. Besides, the
PLKF front-end had an inter-frame solving time ranging from 6 ms to 9 ms, while the
EKF front-end required 14 ms to 18 ms, clearly demonstrating the computational speed
advantage of PLKF.

(a) (b)

(c) (d)

Figure 8. Target position estimates obtained with the EKF and PLKF front ends. Because the back-end
module is disabled, the estimates appear as scattered points. (a) Target positions estimated with the
EKF front end. (b) Estimation error (RMSE) for the EKF front end. (c) Target positions estimated with
the PLKF front end. (d) Estimation error (RMSE) for the PLKF front end.

To evaluate the effectiveness of the proposed observability-enhanced trajectory, we
further compared it with two commonly used UAV surveillance trajectories: the parallel-
following trajectory and the manually operated trajectory. In the experiments, the
ground target moved along the same route and within the same speed range as shown
in Figures 5 and 6, while the UAV maintained a flight altitude of approximately 25 m.
Across all three experiments, the sensor configuration, detection algorithm, and localiza-
tion method were kept identical.

First, we tested a commonly used parallel-following trajectory in remote sensing
tasks; second, a professional operator manually piloted the UAV freely to track the tar-
get. In both sets of experiments, the UAV maintained a flight altitude of approximately
25 m. We recorded trajectory data and localization errors during these experiments and
compared them against our observability-enhanced trajectory. Figure 9a–d show the four
different flight trajectories and their localization errors relative to the actual target positions.
The parallel-following trajectory resulted in an RMSE of 12.04 m, indicating a near-total lo-
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calization failure. The RMSE for the manually operated trajectory was 8.13 m, respectively,
significantly higher compared to our observability-enhanced trajectory, which achieved an
RMSE of only 3.79 m. These results comprehensively demonstrate the effectiveness and
superiority of the observability-enhanced trajectory proposed in this study in significantly
improving remote sensing localization accuracy.

(a) (b)

(c) (d)

Figure 9. (a) Parallel-escort flight trajectory. (b) Estimation error for the parallel escort case. (c) Trajec-
tory flown manually by an expert pilot. (d) Estimation error for the manual flight.

5. Conclusions

In this study, we systematically proposed and validated a UAV-based remote sensing
target localization method using bearing-only measurements. The method comprises a
localization framework integrating a front-end filtering algorithm with back-end optimiza-
tion, along with an observability-enhanced trajectory planning strategy. Comparative
experimental results demonstrated that combining the PLKF front-end with the sliding-
window NLS back-end achieves an optimal balance between computational speed and
localization accuracy. Specifically, the PLKF front-end significantly outperformed the EKF
in computational efficiency, reducing inter-frame solving time by approximately two-thirds
while maintaining comparable localization accuracy when paired with the NLS back-end.

Further experimental evaluations using various flight trajectories clearly highlighted
the advantages of our proposed observability-enhanced trajectory. Compared to common
tracking methods, such as parallel-following and manual operations, our approach sub-
stantially improved localization accuracy, significantly reducing RMSE. Specifically, the
RMSE achieved with the observability-enhanced trajectory was only 3.79 m.
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In conclusion, the localization method combining the fast PLKF front-end, high-
precision NLS optimization, and observability-enhanced trajectory planning provides a
robust and efficient solution for remote sensing target localization tasks, demonstrating
strong potential for practical applications in various UAV-based sensing scenarios.
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Abstract: The structure from motion (SfM) and multiview stereo (MVS) techniques have
proven effective in generating high-quality 3D point clouds, particularly when integrated
with unmanned aerial vehicles (UAVs). However, the impact of image quality—a critical
factor for SfM–MVS techniques—has received limited attention. This study proposes a
method for optimizing camera settings and UAV flight methods to minimize point cloud
errors under illumination and time constraints. The effectiveness of the optimized settings
was validated by comparing point clouds generated under these conditions with those
obtained using arbitrary settings. The evaluation involved measuring point-to-point error
levels for an indoor target and analyzing the standard deviation of cloud-to-mesh (C2M)
and multiscale model-to-model cloud comparison (M3C2) distances across six joint planes
of a rock mass outcrop in Seoul, Republic of Korea. The results showed that optimal
settings improved accuracy without requiring additional lighting or extended survey time.
Furthermore, we assessed the performance of SfM–MVS under optimized settings in an
underground tunnel in Yeoju-si, Republic of Korea, comparing the resulting 3D models
with those generated using Light Detection and Ranging (LiDAR). Despite challenging
lighting conditions and time constraints, the results suggest that SfM–MVS with optimized
settings has the potential to produce 3D models with higher accuracy and resolution at a
lower cost than LiDAR in such environments.

Keywords: structure-from-motion; multiview stereo; camera; UAV; LiDAR; illumination;
time; optimization; rock

1. Introduction

Structure from motion (SfM) and multiview stereo (MVS) photogrammetry have been
widely recognized for their effectiveness in generating high-resolution and accurate 3D
point clouds or 2.5D digital elevation models (DEMs) at a relatively low cost [1,2]. These
techniques can be further enhanced by integration with mobile camera platforms, such
as unmanned aerial vehicles (UAVs), enabling rapid data acquisition even in remote or
previously inaccessible areas [1–9]. The applications of SfM–MVS are diverse, including
surface roughness estimation [1,6–8], topographic change detection [6,10,11], vegetation
monitoring [3,4], and rock mass characterization [12–14]. However, despite its versatility,
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the SfM–MVS technique involves inherent complexities, making it challenging to ensure
the quality of the generated 3D models [1].

Enhancing the quality of 3D models fundamentally depends on acquiring high-quality
images, as they serve as the primary input for SfM–MVS processing. Ensuring proper
image exposure is critical, as overexposed or underexposed images can hinder effective
feature extraction and matching in the SfM–MVS workflow [4,15]. Achieving optimal
image brightness requires a careful balance between blur and noise, which can be controlled
through appropriate camera settings. An ideal solution is reducing ISO values and exposure
time while increasing the F-number [16], but this is often impractical under actual survey
conditions, where camera settings must be determined based on environmental factors. One
common approach is to use the camera’s auto mode, which allows the internal algorithm
to automatically calculate scene exposure and adjust camera settings for optimal image
quality. While this method is convenient, the resulting images do not always guarantee
high-quality 3D reconstructions. Alternatively, a manual configuration that maintains an
F-number of 3.5, an ISO value of 200, and a shutter speed faster than 1/60 s to ensure
adequate brightness has been shown to produce high-quality 3D reconstruction results [17].
This strategy is particularly effective under favorable lighting conditions, such as bright
daylight. However, these settings may not be feasible in low-light environments.

While appropriate camera settings are essential for image quality, additional chal-
lenges arise when the camera is mounted on a UAV. In particular, mounting a camera on
a UAV introduces several challenges, including image quality degradation due to blur-
ring and vibrations [18,19]. While gimbaled cameras can help mitigate vibration-related
issues [1], additional measures, such as restricting shutter speed, are required to minimize
motion blur. Camera settings that maintain motion blur below 1.5 px and diffraction within
the pixel pitch are recommended [20]; however, adhering to these standards can be par-
ticularly challenging under low-light conditions [21], such as nighttime photography [22]
or underground environments [23,24]. When still photogrammetry is employed, high dy-
namic range (HDR) images can significantly improve the quality of 3D reconstructions [25].
However, during mobile or UAV-based photogrammetry, HDR images cannot be captured
properly due to the UAV’s motion.

While UAV flight methods are closely related to the selection of camera settings,
previous studies have largely overlooked the importance of their relationship. UAV flight
methods are often derived based on the UAV’s mission planning tools. However, these
derived flight methods may be infeasible according to the field or survey conditions. For
instance, in underground tunnel construction, only 3–10 min are typically allocated for rock
face surveys. Surveys generally require a specific target resolution or ground sampling
distance (GSD), which subsequently limits the permissible height or distance from the
target [26]. For urban mapping and forestry applications, altitudes between 100 and
120 m provide a good balance between resolution and coverage [27,28]. Nevertheless, such
limitations restrict the range of feasible UAV flight paths, which in turn affects image quality.

Moreover, existing studies on UAV-based 3D reconstruction have largely focused on
isolated parameter optimizations, such as auto-exposure settings or UAV mission planning
tools. Optimizing camera settings for a given illumination condition and optimizing
flight methods for specific flight constraints (e.g., time) may each be optimal within their
respective domains. However, these fragmented approaches often result in sub-optimal
configurations, as they fail to account for the interactions between camera settings and
UAV flight methods. Therefore, it is crucial to perform a simultaneous optimization of both
camera settings and flight methods to achieve a globally optimal configuration.

According to a survey conducted by the Korea Institute of Construction Technol-
ogy [29] on satisfaction with 3D modeling using SfM–MVS and Light Detection and Rang-
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ing (LiDAR), a major drawback identified was the lack of clear guidelines for workers
on how to effectively capture images for SfM–MVS. Additionally, concerns were raised
regarding the reliability of the point cloud quality generated by SfM–MVS, particularly
in tunnel construction sites where inadequate lighting can significantly impact results.
Consequently, despite the higher capital costs, potential for shadow zones, lack of texture,
and longer acquisition times associated with LiDAR, workers tended to favor this technique
due to its perceived reliability under challenging conditions.

In this study, we developed a method to optimize photography settings, encompassing
both camera settings and UAV flight methods simultaneously, to achieve the best image
quality that minimizes errors in 3D point clouds under given lighting and time constraints.
Utilizing the error prediction model based on image error propagation outlined in our
previous research [30], Section 2 explains the methodology for determining optimal pho-
tography settings and their applications. Section 3 presents a comparative analysis of point
cloud errors generated using the optimized settings versus arbitrary settings in controlled
laboratory environments and under field conditions, specifically at an outcrop rock mass
on Mt. Gwanak, Seoul, Republic of Korea. Additionally, we evaluated the performance
of SfM–MVS using the optimal photography settings and compared it with LiDAR data
from an underground tunnel face in Yeoju-si, Republic of Korea. Section 4 discusses the
results, demonstrating the effectiveness of the proposed photography settings and high-
lighting their potential benefits for improving SfM–MVS applications. Section 5 concludes
by discussing the practicality of determining and implementing these optimal photogra-
phy settings, emphasizing their significance in enhancing the accuracy and reliability of
SfM–MVS-derived 3D models across various operational environments.

2. Materials and Methods

2.1. Theoretical Background of Error Prediction

Three methodologies for assessing errors in SfM–MVS have been documented: point-
to-point (PP), point-to-raster (PR), and raster-to-raster (RR) [6]. PP-type errors involve a
direct comparison between two point clouds, while PR-type errors are assessed by com-
paring a digital elevation model (DEM) with reference points obtained from a total station
(TS) or a differential global positioning system (dGPS). In contrast, RR-type errors measure
discrepancies between two DEMs. Common metrics for quantifying these errors include
root mean squared error (RMSE), mean error (ME), and mean absolute error (MAE) [1]. In
this study, the error metric was based on PP-type RMSE, as it circumvents issues related to
sampling errors in raster data [10] and uncertainties in reference points obtained using TS
and dGPS [1,6,7], while also facilitating statistical manageability. Furthermore, we defined
“optimal photography settings (OPS)” as the camera settings that minimize PP-type RMSE
in the 3D point cloud generated under given imaging conditions.

The term “photography settings” encompasses both camera settings, including shutter
speed (t), F-number (N), ISO (S), and pixel resolution (p), and factors related to the motion
of the camera platform, such as the distance from the target (D) and the speed of the
platform or UAV (v). For this study, the acronym “UAV” was used to denote all types of
mobile camera platforms, with v representing the UAV’s flight speed.

Our previous study argued that the selection of photography settings can have a
significant impact on the error levels in both the captured images and the resulting 3D
point clouds, with these relationships exhibiting complex interactions [30]. The relation-
ship between image errors (ε2D) and errors in SfM–MVS-generated point clouds (ε3D) is
described as

ε3D = sε2D ∼=
D
f

ε2D, (1)
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where the scaling factor, s, is approximately equivalent to the ratio of D divided by the
focal length (f ). Equation (1) implies that image errors are propagated and magnified
in the resulting point cloud. To further quantify image errors (Equation (A1)), three
primary sources of distortion were considered: motion blur (Equations (A2) and (A3))
out-of-focus blur (Equations (A4) and (A5)), and image noise (Equations (A6) and (A7)).
These distortions were modeled based on the camera settings and UAV flight parameters,
with detailed mathematical derivations and probabilistic representations provided in
Appendix A.

To mitigate systematic errors resulting from inappropriate image brightness, we
assumed that the captured images were adequately saturated by employing camera settings
that satisfy Equation (2) under given illumination conditions [31].

ESt
N2 = 250 lx · s (2)

where E stands for the level of illumination.
For UAV image capture, it was assumed that images were taken while the UAV

traveled at a constant v, at a constant D, employing a parallel-axis image acquisition
scheme to ensure consistent viewing angles from various shooting positions [7]. Additional
assumptions made included the predominance of photon shot noise as the main source
of image noise [20] and a reduction in pixel resolution through pixel binning to mitigate
image noise [32].

This analysis did not account for systematic errors arising from invalid bundle adjust-
ment (BA), lens distortion, inappropriate use of ground control points (GCPs), insufficient
image overlap, uncalibrated camera settings, and texture deficiency. In general, BA is
deemed reliable due to the robustness of feature detection algorithms [33,34] and outlier
removal techniques [35–37].

Lens distortion is considered to be effectively eliminated and has a minimal impact
on the accuracy of point cloud errors, as modern SfM software is capable of precise cali-
bration [11,38]. While incorporating additional GCPs can help reduce errors, the marginal
benefits tend to plateau when using four or more GCPs [8,39–41]. Similarly, increasing
the number of images can improve accuracy to a certain extent [42–44]; however, beyond
a certain threshold, an excessively high image count may lead to computational ineffi-
ciencies [7,38]. A practical alternative is extracting a sufficient number of frames from
a video taken with a mobile camera, instead of relying solely on individual photos [45].
While video-based approaches benefit from higher frame counts and greater image overlap,
capturing high-resolution still images is generally a more effective strategy for maximizing
point cloud accuracy, as still images typically offer significantly higher resolution than
video frames. This approach is most effective when the required image overlap can be
maintained; otherwise, video extraction may still be a viable alternative. However, a
discussion on the ideal overlap for these images is beyond the scope of this study.

Camera calibrations can be refined during the BA process, but inaccuracies in cali-
bration may lead to systematic errors affecting the final 3D model [11]. It is advised to
ensure camera calibration is accurately fixed [9,11,16], particularly in cases of weak camera
geometry, such as when employing a parallel-axis image acquisition scheme [38].

Adequate texture is crucial for successful feature extraction and dense matching;
images with insufficient texture may compromise these processes [3,46]. This issue can be
addressed by ensuring images have sufficient texture at a given scale [5] or by applying
artificial texture to the target surface [16,47].

Errors in SfM–MVS can be pre-determined by identifying key parameters, including
illumination, camera specifications, camera settings, and UAV flight methods at the time of
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image capture [30]. However, the challenge lies in selecting the optimal combination of
these parameters from a vast range of possible configurations. To address this, Section 2.2
outlines two primary constraints—illumination and time—that narrow down the selection
of potential parameter combinations. Subsequently, Section 2.3 presents a methodology for
determining the OPS within these constraints.

2.2. Constraints: Illumination and Time

In this study, we present example figures and applications using Bentley’s Con-
textCapture software v10.17.0.39 (https://bentley.com/software/itwin-capture-modeler/,
accessed on 2 March 2025) for the SfM–MVS processing, along with a DJI Mavic 2 Pro drone
camera (DJI Technology Co., Ltd., Shenzhen, China; refer to Table 1) for image acquisition.
For these specific tools, we used the M value of 13 px (Equation (A3)), and the Q value of
2.62 × 10−5 lx0.5s0.5m/px (Equation (A7)) [30].

Table 1. Specifications of DJI Mavic 2 Pro (https://www.dji.com/mavic-2, accessed on 2 March 2025).

Sensor 1′′ CMOS
Effective pixels: 20 M

Lens

Field of view (FOV): approximately 77◦

Focal length: 28 mm (35 mm equivalent)
Aperture: f /2.8–f /11

Shooting range: 1 m–∞

ISO range 100–12,800 (for still images)
100–6400 (for videos)

Shutter speed 8–1/8000 s

Still image resolution 5.4 K: 5472 × 3648 @ 24/25/30 fps

Video resolution
4 K: 3840 × 2160 @ 24/25/30 fps

2.7 K: 2688 × 1512 @ 24/25/30/48/50/60 fps
FHD: 1920 × 1080 @ 24/25/30/48/50/60/120 fps

2.2.1. Illumination

Equations (1) and (A1)–(A7) define nine parameters for calculating SfM–MVS errors:
camera settings (N, S, t, p), UAV flight methods (D, v), camera specifications (sensor size d,
f ), and illumination (E). While camera settings and UAV flight methods can be adjusted as
needed, camera specifications and illumination are often treated as uncontrollable parame-
ters. Modifying camera specifications is generally avoided [9,11,16]; they are effectively
treated as fixed parameters. Therefore, illumination remains the only uncontrollable pa-
rameter that can vary, thereby acting as a principal constraint that restricts the selection of
camera settings and UAV flight methods.

Figure 1 illustrates the optimization of camera settings under an illumination con-
straint of E = 100 lx when flying the UAV under D = 3 m and v = 0.8 m/s conditions. While
every camera settings combination satisfies the appropriate image brightness (Equation
(2)), error levels significantly fluctuate with different camera settings. Among these com-
binations, the optimal camera settings, yielding a minimum error of 2.05 mm under the
given conditions, are N = 2.8, t = 1/160 s, S = 3200, and p = 1920 px. If the illumination con-
ditions or UAV flight methods change, the optimal camera settings and the corresponding
lowest achievable error can be determined using the procedure outlined in this study. As
mentioned earlier, the illumination conditions are typically uncontrollable, meaning that
UAV flight methods must be determined under an additional constraint, time, which is
introduced in the next section.
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Figure 1. Optimization of the camera settings under specific E–D–v conditions.

2.2.2. Time

Survey sites often have strict time constraints for image acquisition, which may be
influenced by factors such as limited survey periods, UAV battery capacity, and changes in
outdoor illumination over time. To ensure that the entire survey is completed within the
allocated timeframe, the UAV flight method—including flying speed and distance from the
target—must be selected while considering photography time limitations.

The faster the UAV speed (Figure 2a) and the greater the distance from the target
(Figure 2b), the larger the area covered per unit of time. When the UAV navigates in a
zig-zag pattern parallel to the target [27], increasing the speed reduces the time required for
horizontal traversal. Similarly, as the distance from the object increases, the captured scene
encompasses a larger area, thereby reducing the need for multiple horizontal passes to
complete the survey. The field of view (FOV) affects the area captured at a given distance;
however, in the absence of a zoom lens, the camera’s FOV remains fixed. Disregarding
the acceleration and deceleration phases near trajectory boundaries and the time needed
for vertical traversal, and presuming that the target area is considerably large, the area
photographed per unit of time (A) is directly proportional to both v and D from the target,
as expressed in Equation (3). The precise proportionality constant depends on the camera’s
FOV, which is approximately 0.78 for the DJI Mavic 2 Pro camera.

A ∝ vD (3)

In Figure 1, the optimal camera settings were identified for UAV flight methods of
D = 3 m and v = 0.8 m/s, resulting in a minimum error of 2.1 mm. However, exploring
alternative UAV flight methods under different D–v conditions, while maintaining the
same area covered per unit of time, could potentially yield lower errors. This highlights
the importance of examining various UAV flight methods under identical time constraints.

Figure 3 illustrates the optimization of UAV flight methods. In Figure 3a, the color
assigned to each point on the D–v chart illustrates the minimum error achievable for each D–v
condition at a given illuminance level (see Figure 1). For instance, a cyan color represents the
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minimum achievable error of 1.47 mm at D = 3 m, v = 0.3 m/s, and E = 100 lx. The optimal UAV
flight method is determined by identifying the points with minimum RMSE values, which are
marked as red dots in Figure 3b–e. These points are selected across all D–v conditions that
correspond to equivalent A values, as indicated by the dashed lines in the figures.

Figure 2. Impact of UAV flight methods on the area photographed per unit of time: (a) UAV speed;
(b) distance from the object.

Figure 3. Optimization of UAV flight methods under E–A constraints. (a) The procedure for generat-
ing a full D–v chart. (b) Optimization for E = 100 lx; each dashed line indicates points with identical
A, with the red dot on each line indicating the point of minimum error for that specific A constraint.
(c) Optimization for E = 25 lx. (d) Optimization for E = 250 lx. (e) Optimization for E = 500 lx.
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The relationship between the optimal (D, v) and A is complex, as it is affected by
variations in camera settings at each (D, v) point. In Figure 3b, the most favorable D–v
condition for A = 0.5 m2/s, D = 2 m, and v = 0.3 m/s leads to a minimum error of 1.25 mm
with camera settings of t = 1/100 s, N = 3.5, S = 3200, and p = 1920 px. In contrast, for
A = 1.5 m2/s with D = 3 m and v = 0.7 m/s, the minimum error is 1.97 mm using camera
settings of t = 1/160 s, N = 2.8, S = 3200, and p = 1920 px. Furthermore, the optimal (D, v)
also varies depending on illuminance levels. For example, at E = 100 lx, the optimal UAV
flight method for A = 0.5 m2/s is D = 2 m and v = 0.3 m/s (as shown in Figure 3b), whereas
at E = 250 lx, it shifts to D = 3 m and v = 0.2 m/s for the same A (as shown in Figure 3d).

2.3. Step-by-Step Process of the OPS Determination

OPS is defined as the combination of the optimal camera settings and the optimal
UAV flight methods that minimize error under given illumination and time constraints.
The process of determining the OPS consists of four main steps (Figure 4): (1) Measure
the illumination level (E) using a lux meter. In the absence of a lux meter, auto-exposure
settings can serve as an alternative method to estimate relative brightness levels, although
they may lack the absolute accuracy of dedicated illuminance sensors. (2) Calculate the
required area to be photographed per unit of time (A); (3) determine the optimal UAV flight
methods (D, v); (4) determine the optimal camera settings (N, t, S, p). While Steps 1 and 2
can be performed in any order, Step 3 requires the completion of both Steps 1 and 2, and
Step 4 needs Steps 1, 2, and 3 to be completed beforehand. For a measured illuminance of
100 lx, with the requirement to photograph the entire target area of 100 m2 within 4 min,
the OPS were identified as follows: flying a drone at D = 2 m with v = 0.3 m/s, combined
with camera settings of N = 3.5, t = 1/100 s, S = 3200, and p = 1920 px.

Figure 4. Flow chart for deriving the OPS for UAV-based SfM–MVS.
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A point of potential confusion is that the D–v chart, utilized in Step 3, is derived
from analyzing the minimum camera setting values under various E–D–v conditions,
as detailed in Step 4. Nevertheless, determining the optimal UAV flight methods must
precede the selection of optimal camera settings, as the latter is influenced by the former.
It is important to note that the optimal UAV flight methods identified in Step 3 are only
effective when combined with the optimal camera settings identified in Step 4. This
dependency highlights the intricate relationship between UAV flight methods and camera
settings in minimizing error.

3. Application of the OPS

This section presents examples of OPS applications and evaluates their effectiveness.
Point clouds generated employing the OPS were compared with those obtained employing
arbitrary photography settings (APS). The APS were not chosen freely but were selected
from camera settings that satisfy Equation (2) to ensure adequate image brightness, and
from UAV flight methods that were constrained by the same time limitations (Equation (3)).
Furthermore, the performance of SfM–MVS utilizing the OPS was compared to LiDAR
data acquired from an underground tunnel construction site. This comparison aimed to
demonstrate the potential of the OPS in enhancing the performance of SfM–MVS under
challenging environmental conditions.

3.1. Comparison Between the OPS and APS Under Laboratory Conditions

An experimental setup was designed in a laboratory to evaluate the error differences
between the OPS and APS. A textured reference target was established on a vertical flat
wall consisting of three planes, each with 60 cm edge lengths and inclined approximately
27 degrees from the wall (Figure 5). Three LED lamps were placed to ensure uniform diffuse
illumination across the target, and their intensity was adjustable to control illuminance levels.

Figure 5. Flow chart for deriving the OPS for UAV-based SfM–MVS. Experimental setup and axis
settings. The normal vector for the left plane is represented as nl = (0.423, 0.876, −0.217), for the right
plane as nr = (0.438, 0.869, −0.229), and for the bottom plane as nb = (−0.001, 0.857, 0.516). ω, φ, and
κ represent the rotation angles around the x-, y-, and z-axes, respectively, between the 2D camera
coordinate system and the 3D object coordinate system.
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To minimize systematic errors, six QR codes were utilized as GCPs [8,39]. These QR
codes were generated using the “ContextCapture Target Creator” feature within Bentley’s
ContextCapture software (v10.17.0.39). This feature allows the creation of QR codes embed-
ded with predefined 3D coordinates (x, y, z) in a local coordinate system, specified in meter
units. In this study, the QR codes were arranged in a hexagonal layout (Figure 5), and their
physical placement was performed using a ruler, ensuring an accuracy within 1 mm. When
the images containing these QR codes were processed in ContextCapture, the software
automatically recognized the center of each QR code as the predefined coordinates. The
detected coordinates exhibited an RMS 3D error of 4.9 mm (ranging from 4.5 to 5.2 mm).
This error was primarily attributed to limitations in ruler precision during placement and
variations in GSD caused by differences in image resolution and camera distance.

The imagery was captured using a DJI Mavic 2 Pro drone camera, with the onboard
gimbal helping to dampen vibrations. A parallel-axis image acquisition scheme was
employed, ensuring the camera’s viewing angle remained consistently orthogonal to the
target [7]. Instead of taking individual photographs, a video was recorded at 24 fps in a
single take, and frames were later extracted from the video. During the video capture, the
UAV maintained a constant horizontal flight speed, ensuring that the extracted frames were
sequential with uniform baseline distances. To prevent systematic errors due to insufficient
image overlap, 20 frames were selected [7,38], with the total distance from the center of the
first frame to the center of the last frame measuring 1.8 m.

The experiment involved capturing the target using the OPS and two APS under
specific constraints of illuminance (E = 100 lx) and a combined factor of distance and
velocity (D × v = 1.8 m2/s), which, considering the FOV of the camera, corresponded to
A ∼= 1.4 m2/s. Following the proposed methodology (Figure 4), the OPS were determined,
and as previously mentioned, the APS were selected based on camera settings and UAV
flight methods that satisfied these constraints. Details of these photography settings are
provided in Table 2.

Table 2. The photography settings utilized for the laboratory experiment. Each setting was repeated
5 times, resulting in a total of 15 shots.

Settings
Index

N t
(s)

S p
(px)

D
(m)

v
(m/s)

OPS 2.8 1/160 3200 1920 3 0.6

APS#1 2.8 1/320 6400 1920 6 0.3

APS#2 2.8 1/320 6400 1920 9 0.2

For point cloud generation, Bentley’s ContextCapture software was utilized, and the
camera calibration was fixed to specified values during the SfM–MVS procedure [16]. To
avoid potential smoothing effects that could occur during 3D mesh production [45], the
final outputs were produced in 3D point cloud format (LAS format) rather than 3D mesh
models. The generated 3D point clouds were then registered to a predefined object coor-
dinate system using the open-source 3D point-cloud processing software CloudCompare
v2.12 alpha, ensuring that the data from different settings could be accurately compared
and analyzed.

Due to the challenges in accurately identifying the reference point locations of distorted
points [1], direct measurement of point-to-point errors is difficult. Instead, we measured
the distances from the point cloud to the planes of the reference target (denoted as εplane),
which are straightforward to measure, and converted these values to PP-type RMSE (εpoint).
The conversion from εplane to εpoint is based on Equation (4) and can be applied when the
reference target has a planar shape [30].
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εpoint = εplane ×

√√√√ ∑k(dxkr̂1 + dykr̂2)
2

∑k{dxk(n̂·r̂1) + dyk(n̂·r̂2)}2 , (4)

where dxk and dyk represent errors on the image plane, while r1 and r2 are the column
vectors of the rotation matrix that converts 2D image coordinates to 3D object coordinates.
Additionally, n denotes the normal vector of the reference target plane (Figure 5). The
comparison results of εpoint for the OPS and two APS are presented in Section 4.1.1.

3.2. Comparison Between the OPS and APS Under Field Conditions

The effectiveness of the OPS was validated through a field experiment conducted at
Mt. Gwanak, Seoul, Republic of Korea. The site features a well-exposed rock mass outcrop
(Figure 6) composed of Jurassic-age granite bedrock. The joint planes, primarily oriented in
the southeast and northeast directions, consist of smooth, planar surfaces characteristic of
tensile fracturing. Additionally, previous studies utilizing LiDAR surveys at the same site
have been reported [48].

The site features a rock mass outcrop approximately 3× 2.5 m in size. We designated six
joint planes as targets, each measuring 15 × 15 cm, with their indices displayed in Figure 6.
Instead of creating a separate 3D model for each joint plane, we surveyed the entire site
and then extracted the six joint planes from the complete 3D model. The reference 3D
model was captured using a high-precision handheld laser scanner, the SCANTECH KSCAN
Magic (SCANTECH (HANGZHOU) CO., LTD., Hangzhou, China; Table 3), which offers an
accuracy of 0.05 mm and a GSD of 0.05 mm. To ensure high accuracy, calibration markers
were attached to the target surface, which partially obstructed some sections of the rock
face. The entire site was first scanned with a GSD of 1 mm. Subsequently, only the region of
interest—the six joint planes and their vicinities—was rescanned at a finer GSD of 0.1 mm to
minimize the scanning time. However, despite the scanning area covering only 7.5 m2, the
scanning process required seven hours, making it impractical for routine on-site surveys.

Figure 6. (a) An image of the outcrop rock mass located at Mt. Gwanak, Seoul, Republic of Korea.
(b) Reference model scanned with the SCANTECH KSCAN Magic laser scanner with a GSD of 1 mm.
(c) Reference models of each joint plane, rescanned with a finer GSD of 0.1 mm. Joint planes are
numbered from 1 to 6 for indexing purposes.
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Table 3. SCANTECH KSCAN-Magic laser scanner specification (https://www.3d-scantech.com/
product/kscan-magic-composite-3d-scanner/, accessed on 2 March 2025).

Accuracy ≥0.01 mm

Scanning rate ≥1,350,000 measurements/s

Scanning area ≥1440 × 860 mm

Resolution ≥0.01 mm

Stand-off distance 300 mm

Depth of field 925 mm

For the SfM–MVS process, we attached six April codes uniformly around the target
region and used them as GCPs to minimize systematic errors [8,39]. The distances between
the April codes were measured and input into ContextCapture software, which automati-
cally recognized the codes and provided absolute scale information. The target joint planes
were captured under two different illuminance constraints (E = 50, 1500 lx) and one time
constraint (A = 0.3 m2/s). These targets were located in an open-air environment, where
illuminance was indirectly controlled by adjusting the time or weather conditions of the
survey. For instance, 50 lx corresponds to low brightness and similar post-sunset conditions,
while 1500 lx represents intermediate brightness, typical of a cloudy day. Brighter condi-
tions, such as those on a sunny day, were deliberately avoided, as non-diffuse illumination
(e.g., shadowed areas) could introduce systematic errors. The time constraint (A = 0.3 m2/s)
reflects realistic conditions found in tunnel construction site surveys, where rock faces
measuring 50–200 m2 must be surveyed within 3–10 min.

We used a camera mounted on the DJI Mavic 2 Pro drone and employed a parallel-
axis image acquisition scheme. A single video was recorded per shot while the drone
maintained a constant horizontal flight speed. For 50 lx, we captured four videos, with
each OPS and one APS repeated twice. For 1500 lx, we recorded eight videos, repeating
the OPS and three APS twice each. Details of these photography settings are provided in
Table 4. From each video, 50–60 frames were extracted and processed using ContextCapture
software to generate 3D point clouds of the rock mass.

Table 4. The photography settings utilized for the outcrop rock mass survey include settings #1 and
#3 as the OPS, and the other settings as the APS. Each setting was repeated twice, resulting in a total
of 12 shots.

Settings
Index

E
(lx)

N t
(s)

S p
(px)

D
(m)

v
(m/s)

Optimal

1 50 3.5 1/50 3200 1920 2 0.2 O

2 50 3.5 1/50 3200 1920 4 0.1 X

3 1500 5.6 1/200 800 3840 2 0.2 O

4 1500 5.6 1/40 200 3840 4 0.1 X

5 1500 4 1/200 400 3840 4 0.1 X

6 1500 6.3 1/40 200 3840 2 0.2 X

The error correction method used for the indoor target (detailed in Equation (4))
was feasible because the target consisted of flat planes. However, this method could not
be applied to the non-flat geometry of the target joint planes. Consequently, alternative
quantitative indicators relevant to error assessment were measured [49]: The cloud-to-mesh
(C2M) distance and the multiscale model-to-model cloud comparison (M3C2) distance [50].
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In this study, point clouds generated using SfM–MVS were compared against a reference
3D model produced by laser scanning. The standard deviation (std) of the C2M and
M3C2 distances (stdC2M and stdM3C2, respectively) served as the quality indicator for
the point clouds, with calculations performed using CloudCompare software (Figure 7).
Approximately 30 visually corresponding feature points between the reference model and
the point clouds were identified initially. The models were then coarsely aligned based
on these feature points, followed by a more precise alignment using the iterative closest
point (ICP) algorithm. From the 3D models, we extracted six joint planes, each measuring
15 × 15 cm. The “compute cloud/mesh distance” function in the software was used to
calculate the stdC2M for each joint plane under each photography setting (Figure 7d,e).
Similarly, the “M3C2 distance” function in the software was used to calculate the stdM3C2
with the default parameter settings utilized. The comparison results for the stdC2M and
stdM3C2 between the OPS and APS are presented in Section 4.1.2.

Figure 7. Example of calculating the stdC2M distances. Colors represent the C2M distances to
the reference model. The same procedure was conducted for calculating the stdM3C2 distances:
(a) Reference model of joint plane #2; (b) point cloud generated using SfM–MVS with settings #3;
(c) point cloud generated using SfM–MVS with settings #4; (d) histogram of C2M distances for
settings #3, with a resulting stdC2M of 0.3 mm; (e) histogram of C2M distances for settings #4, with a
resulting stdC2M of 0.9 mm.
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3.3. Comparison with LiDAR Data

Underground tunnel construction sites feature a low-light environment, and the sur-
veying time is often limited due to ongoing construction activities. Moreover, the Global
Navigation Satellite System (GNSS) is typically unavailable in tunnels, further complicating
the surveying process. To evaluate the SfM–MVS method under such challenging condi-
tions, we implemented SfM–MVS using the OPS and conducted a comparative analysis
with LiDAR. This comparison was conducted at an underground tunnel construction site
in Yeoju-si, Republic of Korea, where a surveying team used a LiDAR instrument to scan
the tunnel face. As shown in Figure 8, the target rock face area was approximately 70 m2.
With the help of field lighting (Figure 8a), the illuminance in the area was approximately
25 lx.

Figure 8. Field application of SfM–MVS using the OPS at an underground tunnel construction site in
Yeoju-si, Republic of Korea: (a) Entrance of the tunnel and field lighting inside; (b) the Leica BLK 360
LiDAR used by the site surveying team; (c) derivation of the OPS for the site; (d) the target rock face
and DJI Mavic 2 Pro used in the survey. A frame with GCPs was placed in front of the tunnel face.

The surveying team utilized a Leica BLK360 imaging laser scanner (Leica Geosystems
AG, Heerbrugg, Switzerland; Figure 8b), with its specifications detailed in Table 5. It
is important to distinguish between the ranging accuracy, which refers to errors in the
direction of the laser beam, and 3D point accuracy. The error term in this study corresponds
specifically to the 3D point accuracy listed in Table 5. The LiDAR instrument was positioned
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10 m away from the tunnel face, and the scanning process took approximately 5 min, which
is a typical duration for surveying in tunnel construction sites. The laser-scanned data
were then post-processed using Leica Cyclone REGISTER 360 software v2022.1.0 to remove
outlier points and refine the dataset.

Since the field survey team operated the LiDAR instrument for 5 min, the required
time constraint was calculated as A = 70 m2/4 min, allowing for a tolerance period to
accommodate the approach and retreat of the drone. Under the constraints of E = 25 lx
and A = 0.3 m2/s, the OPS were determined as follows (Figure 8c): N = 2.8, t = 1/40 s, S
= 3200, p = 1920 px, D = 3 m, and v = 0.2 m/s. The overall shooting method remained
consistent with the previous sections. However, one notable difference from the previous
sections was the deployment and distribution of GCPs. Although it was not feasible to
place GCPs evenly along the tunnel face due to safety concerns and restricted accessibility,
an independent frame was positioned in front of the tunnel face, equipped with five GCP
QR codes (Figure 8d). These QR-coded GCPs were utilized to scale the reconstructed
models and minimize systematic errors.

Table 5. Leica BLK360 imaging laser scanner specifications (https://leica-geosystems.com/products/
laser-scanners/scanners/blk360 accessed on 2 March 2025).

Field of view 360◦ (horizontal)/300◦ (vertical)

Range 0.6–60 m

Point measurement rate ≤360,000 pts/s

Ranging accuracy 4 mm @ 10 m/7 mm @ 20 m

Measurement speed <3 min for complete full dome scan

3D point accuracy 6 mm @ 10 m/8 mm @ 20 m

Additionally, the DJI Mavic 2 Pro drone camera could not capture the entire height
from the floor to the ceiling (approximately 6.4 m) within its FOV when positioned 3 m
away. As a result, the drone had to fly a zig-zag path (refer to Figure 2), which required
acceleration and deceleration at both ends. Nonetheless, the majority of the shooting was
conducted at a uniform drone speed, and only the frames captured during this uniform
flight speed were utilized for analysis.

Unlike the validation described in Section 3.1 or Section 3.2, obtaining a reference
model for the tunnel face was not feasible due to time limitations. Instead, we compared the
point clouds generated by both methods using quantitative indices such as point resolution
and idealistic accuracy, and qualitative indices like joint expression capability. The results
of these comparisons are presented in Section 4.2.

4. Results

Section 2 outlined the procedure for deriving the OPS under illuminance and time
constraints. To highlight the importance of the OPS, we compared the quality of point
clouds obtained using the OPS with those obtained using the APS (Section 3.1), with
detailed results presented in Section 4.1. Furthermore, to demonstrate the potential of the
SfM–MVS method when utilizing the OPS, we conducted a comparative analysis of point
cloud quality between SfM–MVS and LiDAR in an underground tunnel site (Section 3.2),
where both lighting conditions and surveying time were limited. The results of this
comparison are detailed in Section 4.2.
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4.1. Effectiveness of the OPS

In Section 3.1, we evaluated the effectiveness of the OPS by comparing the quality of the
point clouds obtained using the OPS and APS. First, the error levels in the point cloud of an
indoor reference target, which consisted of flat planes, were assessed, and then the stdC2M
distances for the joint planes on a rock mass outcrop in Mt. Gwanak were compared.

4.1.1. Point Cloud Errors for the Indoor Reference Target

We generated 3D point clouds of an indoor reference target using the OPS and two
APS under E = 100 lx and A = 1.4 m2/s, with five repetitions for each setting. The camera
orientation and lens correction parameters were well calibrated, resulting in an average
reprojection error of less than 1 px during the SfM procedure [39]—OPS = 0.67–0.7 px,
APS#1 = 0.68–0.69 px, and APS#2 = 0.65–0.66 px.

Figure 9 illustrates the point cloud error levels for the reference. A significant difference
in error levels was observed between the OPS and APS. The mean error level for the OPS
(red dots in Figure 9) was 2.59 mm, while the APS results showed notably higher errors:
7.58 mm for APS#1 (cyan squares in Figure 9) and 8.67 mm for APS#2 (green diamonds
in Figure 9). The improvement in error levels when using the OPS was expected, as it
represents the minimum error achievable with photography settings derived from the error
pre-determination model developed by Leem et al. [30], which has demonstrated high
predictive performance (note the alignment between the predicted and observed RMSEs in
Figure 9). Furthermore, severe distortion in the representation of flat planes was observed
in the APS-generated point clouds, as shown in the side views of Figure 9. Notably, without
modifying the existing illuminance and time constraints, substantially better point cloud
quality could be achieved simply by adjusting the camera settings and UAV flight methods.

Figure 9. Comparison between the OPS and APS under E = 100 lx and A = 1.4 m2/s (D× v = 1.8 m2/s)
constraints. The side views on the right are vertically exaggerated to help the reader’s understanding.
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4.1.2. StdC2M Distances for the Joint Planes on an Outdoor Rock Mass

We generated 3D models of an outdoor rock mass using both laser scanning and SfM–
MVS. The laser-scanned model served as the reference, and we measured the stdC2M and
the stdM3C2 between the reference model and those generated using SfM–MVS. In total,
12 shots were taken, including four for the OPS and eight for the APS. Additionally, the
camera orientation and lens correction parameters for the SfM–MVS were well calibrated,
with reprojection errors ranging from a minimum of 0.43 px to a maximum of 0.67 px. Since
the mean values of C2M or M3C2 were significantly lower than the std values (maximum
mean of C2M: 0.038 mm, minimum stdC2M: 3.01 mm; maximum mean of M3C2: 0.057 mm,
minimum stdM3C2: 3.04 mm), it can be inferred that the SfM–MVS-generated models were
well registered with the reference model.

The stdC2M and stdM3C2 values of the OPS and APS are listed in Tables 6 and 7,
respectively, with their comparison illustrated in Figure 10. In the figure, red dots represent
the std values for the OPS, while black dots indicate the std values for the APS. It is evident
that the red dots consistently lie below the black dots under both 50 and 1500 lx conditions.
With the exception of two cases for stdC2M (joint planes #4 and #5, E = 1500 lx), where
the APS achieved the second lowest stdC2M, the lowest and second lowest stdC2M and
stdM3C2 values were obtained using the OPS in all other cases. This result suggests that
the OPS can generate 3D models that more closely resemble the reference than those created
using the APS, thereby indicating that the OPS produced more accurate 3D models.

Table 6. StdC2M for each photography setting across joint planes #1 to #6, listed in millimeter units.
The lowest and second-lowest stdC2M values for each plane are highlighted in bold.

Settings

Planes
#1 #2 #3 #4 #5 #6 Optimal

50
lx

#1 1.43
1.09

0.91
0.92

0.72
0.68

1.01
0.98

0.81
0.70

1.38
1.09

O

#2 2.16
1.85

1.51
1.97

1.27
1.43

1.49
1.89

1.23
1.49

3.18
3.17 X

1500
lx

#3 0.67
0.55

0.42
0.30

0.37
0.43

0.65
0.71

0.65
0.43

0.71
0.58

O

#4 1.94
1.54

0.94
1.01

1.02
1.00

2.16
0.66

0.96
0.60

1.37
1.10 X

#5 0.81
1.06

1.26
0.66

1.50
0.66

0.78
0.76

0.66
1.82

1.49
0.82 X

#6 1.12
0.86

0.90
0.60

1.09
0.73

0.17
1.05

2.25
1.53

0.25
0.13 X

Table 7. StdM3C2 for each photography setting across joint planes #1 to #6, listed in millimeter units.
The lowest and second-lowest stdM3C2 values for each plane are highlighted in bold.

Settings

Planes
#1 #2 #3 #4 #5 #6 Optimal

50
lx

#1 1.92
1.53

1.05
1.04

0.85
0.78

1.26
1.22

0.98
0.83

1.66
1.34

O

#2 2.74
2.52

1.70
2.17

1.56
1.74

1.66
2.22

1.55
1.88

3.57
3.71 X

1500
lx

#3 0.95
0.82

0.44
0.30

0.38
0.45

0.79
0.76

0.71
0.45

0.78
0.63

O

#4 2.39
2.01

1.04
1.11

1.18
1.14

2.44
0.87

1.12
0.72

1.60
1.29 X

#5 1.21
1.45

1.37
0.72

1.67
0.74

1.00
0.94

0.77
2.14

1.68
0.95 X

#6 1.50
1.19

0.98
0.63

1.22
0.79

1.37
1.26

2.51
1.63

2.81
1.41 X
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Figure 10. Comparison of std values for joint planes #1 to #6. Red dots represent the std values for
the OPS, and black dots represent the std values for the APS: (a) StdC2M comparison; (b) stdM3C2
comparison.

4.2. The Potential of SfM–MVS Utilizing OPS for Enhanced 3D Modeling

In Section 3.3, we generated the point cloud of an underground tunnel rock face
using both SfM–MVS with OPS and LiDAR. During the SfM process, the reprojection error
was measured at 0.54 px, confirming the calibration accuracy. Although the OPS were
determined with a time constraint of 4 min, allowing for drone approach and retreat as
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well as acceleration and deceleration phases, the actual shooting time was extended to
5 min, matching the duration required for LiDAR operations.

The LiDAR-generated point cloud is displayed in Figure 11a. The surveying team
operated the LiDAR instrument to collect data over a 360-degree range, capturing a total
of 12,100,000 points. However, the point resolution for the tunnel face was relatively low,
at approximately 1,700,000 points, equivalent to 150 pts/m2. This lower point density
resulted from the chosen scanning approach, where the surveying team conducted a full
360-degree scan instead of restricting data collection to the tunnel face. Although the
instrument is capable of achieving higher resolutions, the limited shooting time of 5 min
constrained the resolution of the LiDAR-generated point cloud, as LiDAR collects discrete
point samples rather than capturing continuous surface data [51]. As a result of the active
nature of laser scanning [51], intensity data were captured, offering some insights into the
surface characteristics. However, this method was ineffective in capturing the texture of
the rock mass, even though texture is a crucial factor in rock characterization. According to
its specifications (Table 5), the LiDAR method would have resulted in a point cloud error
of 6 mm when measured from a distance of 10 m. While higher-end LiDAR units could
achieve greater point density and accuracy within the same time frame, this would come at
the cost of higher equipment expenses.

SfM–MVS generated a high-resolution point cloud of the tunnel face, containing
approximately 35,100,000 points (670 pts/m), which increased to 39,700,000 points when
including the surrounding area. This resolution is approximately 20 times higher than that
achieved by LiDAR, as illustrated in Figure 11b. The significant contrast in point counts
mainly stems from whether the instrument only targets the tunnel face. When considering
the total number of points generated, the difference narrows to approximately 3.3 times.
Although additional time is required to generate 3D point clouds, the duration varies based
on computational power, resolution, and the number of images used. Since LiDAR data
also require post-processing, our focus was on the potential to generate high-resolution 3D
models within the allocated field shooting time. Since SfM–MVS is based on photographic
images, it effectively captures the texture of the rock mass, though it lacks the ability to
obtain intensity data like LiDAR. The passive nature of photographic images allows SfM–
MVS to achieve high-resolution data over a broad area within a short shooting period [51].
When utilizing OPS, the SfM–MVS method would likely result in a point cloud error of
2 mm under the constraints of E = 100 lx and A = 0.3 m2/s (refer to Section 2.1).

In addition to quantitative indices, we qualitatively compared the point clouds from
both methods. Given that the target area was a tunnel construction site, we focused on
the capability of each method to express joint planes and joint traces, which are critical for
rock mass stability analysis. Figure 12a presents the comparison of joint plane expression
capabilities. Both methods successfully depicted the normal vectors of joint planes within
a five-degree deviation, which is better than typical human bias. However, both methods
exhibited point resolutions lower than the commonly referenced laboratory values of
1000 pts/m [52] to 10,000 pts/m [53] used for measuring surface roughness. However, due
to its lower resolution, LiDAR had more significant issues with underestimating the joint
roughness compared to SfM–MVS [54].
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Figure 11. Point clouds generated by LiDAR and SfM–MVS with OPS: (a) point cloud generated
by LiDAR; (b) point cloud generated by SfM–MVS utilizing OPS. The image acquisition trajectories
(UAV flight path) are illustrated in the upper right section.

Shadow zones (yellow ellipse in Figure 12a), areas where no points are recorded,
appeared in the LiDAR data due to the use of a terrestrial laser scanner (TLS). Since TLS
emits light from a fixed position, the light often fails to reach areas obscured from its
direct line of sight, resulting in shadow zones. These absences of points can complicate
the recognition of joint planes and their orientations during data analysis. In contrast,
dark regions appeared in the SfM–MVS point cloud; however, unlike in LiDAR data,
dark-colored points were recorded in these areas. This difference arises because SfM–MVS
captures images from multiple viewpoints. While these dark-colored points may be subject
to potential systematic errors due to low saturation, they still provide useful information for
detecting plane existence and determining orientation. It is important to note that the dark
regions in the SfM–MVS data are not equivalent to the shadow zones found in LiDAR data.
While LiDAR combined with UAV technology (ULS) may mitigate shadow zone issues,
it introduces other problems, including reduced accuracy and resolution, particularly in
GNSS-denied environments [1].
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Figure 12. Comparison of rock mass characterization capabilities between SfM–MVS and LiDAR:
(a) joint plane expression capabilities; (b) joint trace expression capabilities.

Figure 12b presents a comparison of the joint trace expression capabilities. Joint traces
vary in aperture from sub-millimeter to several millimeters. While LiDAR produced a
point cloud that was overly sparse to effectively depict the joint traces, SfM–MVS was able
to represent them up to 2 mm. Beyond resolution, the texture data captured by SfM–MVS
proved advantageous in depicting joint traces, which appeared as dark-colored points
(yellow ellipse in Figure 12b). The overall performance comparison between the two
methods is summarized in Table 8.

Table 8. Performance comparison between SfM-MVS utilizing the OPS and LiDAR at the Yeoju-si
tunnel site.

SfM–MVS LiDAR

Instrument DJI Mavic 2 Pro Leica BLK 360

Capital cost USD 1770 USD 15545

Survey time 5 min 5 min

Resolution 35,100,000 pts (670 pts/m)
Rock face: 1,700,000 pts (150 pts/m)

Whole tunnel: 12,100,000 pts
(400 pts/m)

Accuracy 2 mm (@ OPS under
E = 25 lx and A = 0.3 m2/s) 6 mm (@ D = 10 m)

Features
Texture data

Joints well depicted
Need for drone control

Intensity data
Shadow zones

Simple scanning ( TLS)

5. Discussion

Although the quality of input images in the SfM–MVS procedure significantly influ-
ences the resulting 3D model accuracy, limited research has been conducted on optimizing
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both camera settings and UAV flight methods in an integrated manner. In contrast, this
study introduced a simultaneous multi-parameter optimization framework that jointly
considers the effects of camera settings, flight methods, and environmental conditions (i.e.,
illumination and time) on reconstruction accuracy. By systematically analyzing the influ-
ence of each contributing factor on reconstruction error, the proposed method identifies an
optimal combination of photography settings that minimizes overall error, resulting in a
globally optimal configuration.

5.1. Robustness of the OPS Derivation Procedure

In this study, we introduced a procedure to determine the OPS under illuminance and
time constraints and validated its significance through a comparison with APS and LiDAR.
Nonetheless, practical limitations may sometimes prevent the application of the derived
OPS due to the limited availability of several factors such as UAV speed, distance, shutter
speed, or resolution. For example, UAV speed and distance may be constrained by speed
regulations, physical performance limitations, or altitude restrictions. These factors then
act as upper or lower bounds for UAV speed and distance. Despite these constraints, a
sub-optimal D–v combination can still be determined within the restricted D–v zone, as
long as this feasible D–v combination meets the required A. For instance, if the minimum v
is restricted to 0.6 m/s, one cannot use the optimal UAV flight method of v = 0.5 m/s and
D = 2.5 m when A = 1 m2/s is required, as shown in Figure 3. In such cases, an alternative
approach could be to adopt the second-best UAV flight method, which might involve
approximately v = 0.6 m/s and D = 2 m, though this may result in a slightly higher error.

However, this represents an ideal scenario, and in practice, it is necessary to introduce
the concept of a safety factor. For instance, drone battery performance can significantly influ-
ence UAV flight methods. Battery efficiency is closely linked to UAV speed, and in the case
of large-scale sites, battery replacement must also be considered when designing an optimal
flight strategy. Quantifying battery efficiency is challenging due to its strong dependency on
hardware specifications and external environmental factors such as temperature and wind.
Since the primary objective of this study was to propose a practical optimization strategy
for UAV-based 3D reconstruction, battery performance considerations were not included
in the optimization framework. Nevertheless, to ensure more stable flights and reliable
image acquisition, particularly for large-scale surveys, future studies should explore the
integration of a safety factor into the optimization of camera settings and UAV flight paths.

Occasionally, images captured under certain conditions may exhibit periodic noise,
particularly under artificial lighting such as the LED strobe lights commonly used in under-
ground mines or tunnels. This phenomenon often occurs when the camera’s rolling shutter
fails to synchronize with oscillating light sources. Although the negative effects of periodic
noise were not specifically evaluated in this study, they can be mitigated by adjusting the
photography settings. If images captured using the OPS display periodic noise, users can
attempt alternative settings with varying shutter speeds to eliminate the noise, albeit with
a potentially higher error margin. For example, if the optimal camera settings shown in
Figure 1 result in periodic noise, alternative settings like N = 3.2, t = 1/120 s, and S = 3200
or N = 2.8, t = 1/80 s, and S = 1600 can be tested. If these adjustments do not display
periodic noise, they can be adopted despite the slightly increased error. If not, further
adjustments should be explored until the issue is resolved.

The resolution of the resultant point cloud is crucial for analyses such as surface
roughness measurements. For instance, a resolution ranging from 1000 pts/m [52] to
10,000 pts/m [53] is typically required to accurately measure the surface roughness in
laboratory settings. The maximum resolution of a point cloud is achieved at the ideal GSD,
which involves deriving a point from each image pixel. Thus, the sampling distance of the
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resultant point cloud, in meter units, is approximately (D × d)/(f × p), where d and f are
generally fixed. Therefore, the resolution is primarily influenced by D and p.

Figure 13 illustrates the change in OPS when an additional GSD constraint is considered.
Under E = 100 lx, D = 5 m, and v = 0.2 m/s, the optimal camera settings without the GSD
constraint are t = 1/80 s, N = 2.8, S = 1600, and p = 1920, which achieve an ideal GSD of 3.3 mm
and a minimum error of 2.3 mm (Figure 13a). When GSD is set to be less than 2 mm, settings
that do not meet this requirement—including the previously optimal settings—are excluded
(Figure 13c). The new alternative optimal camera settings in this case are t = 1/40 s, N = 2.8,
S = 800, and p = 3840, resulting in a slightly higher minimum error of 2.5 mm. Considering
that the resolution constraint increases the minimum achievable error, the revised settings
still minimize the error while satisfying the resolution requirement. With these new E–D–v
charts (note Figure 3a), it is possible to complete the new D–v chart for UAV flight method
optimization (Figure 13d). It shows that regions with relatively far distances (D ≥ 4 m) are
strongly affected by the GSD constraint (compare Figure 13b,d), which significantly impacts
the selection of optimal UAV flight methods, particularly in higher A values.

Figure 13. Comparison of the OPS considering the GSD constraint: (a) the E–D–v chart under
E = 100 lx, v = 0.2 m/s, and D = 5 m; (b) the D–v chart for E = 100 lx, identical to Figure 3b; (c) the
new E–D–v chart with a GSD constraint of 2 mm; (d) the new D–v chart for E = 100 lx, reflecting the
GSD constraint.

We introduced a procedure for determining the OPS for UAV-based SfM–MVS with
parallel image acquisition. However, establishing the OPS for still imaging is beyond the
scope of this study, as convergent acquisition schemes may offer better accuracy for still
images [7]. Additionally, when considering time constraints, it is important to account for the
acceleration or deceleration between still photography locations, which can vary significantly
based on the physical performance of the camera platform. Nonetheless, since motion blur is
not a concern in still images, a slower shutter speed can be used. This allows for a higher
SNR in the image, making the prevention of out-of-focus blur the top priority. Therefore,
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we recommend setting the highest possible F-number, then the lowest ISO, and finally the
slowest shutter speed that still maintains appropriate image brightness (Equation (2)).

This study assumed uniform photography settings across the entire image set. Conse-
quently, the performance of the OPS might be compromised when using mixed image sets
to generate a point cloud. For instance, if the target area includes both brightly and darkly
illuminated areas, such as shadows, a separate OPS would be required for each lighting
condition. This would result in a transition zone where images used for 3D reconstruction
are captured with different settings. The performance in this transition zone could be
diminished due to the inconsistent distortions across image sets. A study on orthophotos
by Aasen et al. [3] noted that details in overlapping images tend to blend, rather than
selecting the best details from each. Similarly, we anticipate that errors in the transition
zone may average between the errors observed in the brightly and darkly lit regions.

Another challenge is when the surveyed area exhibits significant terrain variation,
making it difficult to maintain a uniform distance from the target. In such cases, it is
challenging to clearly define the distance to the target, or multiple distances may coexist.
Similar to the transition zone observed under mixed lighting conditions, it becomes im-
possible to optimize the photography settings using a single OPS. A practical solution to
overcome this is to increase the minimum distance for the OPS analysis area, setting it
significantly larger than the terrain variation (sub-optimal OPS selection), where the impact
of height differences can be neglected. However, identifying a minimum distance that
sufficiently mitigates the effects of terrain variation requires further research.

UAV-based image acquisition inherently involves minor vibrations during flight, and
although gimbals are employed to stabilize the camera, complete elimination of vibrational
motion is not achievable. At higher flight speeds, motion blur typically dominates image
degradation, rendering vibration-induced blur largely negligible. However, when UAVs
operate at sufficiently low speeds, vibration blur becomes significant. This introduces
a trade-off in flight speed selection: reducing speed to improve image sharpness inad-
vertently increases susceptibility to vibration-induced distortions. The magnitude of the
vibration blur is influenced by various factors, including drone hardware specifications, en-
vironmental conditions (e.g., wind), and the effectiveness of internal damping mechanisms.
Due to the stochastic nature of these factors, quantifying vibration blur is challenging. Since
the objective of this study was to propose a practical optimization scheme for photographic
settings, vibration blur was not explicitly considered in this study. Nevertheless, for more
robust image acquisition strategies—particularly in low-speed UAV operations where vi-
bration effects are more pronounced—future research should explore integrating vibration
effects into the optimization of photography settings.

5.2. Sensitivity of the OPS

In Section 4, we demonstrated the effectiveness and potential of the OPS. When the
SfM–MVS utilized the OPS, it achieved significant improvements in point cloud quality
compared to the APS, without requiring additional lighting or extra time. However, it
is crucial to use the optimal camera settings in conjunction with the optimal UAV flight
methods, as the lowest error is achieved only when both are applied together. If only
partial settings are implemented, such as using only the optimal UAV flight method while
selecting camera settings arbitrarily, the combination is no longer optimal, and alternative
settings may produce better results. Since camera settings are less likely to be adjusted
during image acquisition, it is essential to meticulously maintain the UAV flight method
through precise UAV path programming to preserve the effectiveness of the OPS.

In Figure 14, we demonstrate the variation in optimal camera settings based on UAV
speeds (0.1, 0.5, and 0.9 m/s) and distances (1–9 m) under specific illuminance levels (600,
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770, 970, and 1550 lx). The figure illustrates trends in camera settings adjustments according
to UAV flight methods (D, v). Along the lines representing constant UAV speeds (colored
red, green, and blue in Figure 14), one trend observed is the decrease in the F-number at
larger distances. As the distance increases, motion blur in the image decreases, shifting the
priority to reducing out-of-focus blur by lowering the F-number. Another trend is the need
for faster shutter speeds at higher UAV speeds for the same distance, moving from red to
green and then from green to blue in Figure 14. This adjustment is necessary to reduce
motion blur, thus taking precedence over reducing the F-number at higher UAV speeds.
Once the maximum aperture (or minimum F-number) is reached, using a slower shutter
speed becomes the only option. Importantly, the selection of optimal camera settings is
more critical at close distances and slow UAV speeds and becomes less sensitive at greater
distances and faster UAV speeds. Therefore, precise maintenance of the UAV flight method
is crucial when operating under short time constraints.

Figure 14. The sensitivity of selecting optimal camera settings for UAVs varies with changes in speed
(0.1, 0.5, and 0.9 m/s), distance (1–9 m), and illuminance (600, 770, 970, and 1550 lx). Subfigures (a–d)
correspond to illuminance levels of 600, 770, 970, and 1550 lx, respectively. Each point on the chart
represents the optimal camera settings under specific E–D–v conditions.

The variation in optimal camera settings also correlates with illumination, though no
clear relationship between reducing the F-number and using faster shutter speeds is evident
when illumination changes. However, a consistent trend is observed in the camera settings
moving toward the lower left of the charts from Figure 14a–d, despite varying illuminance
intervals (ΔE = 170, 200, and 480 lx). For instance, at D = 1 m and v = 0.5 m/s (top points
on the green lines), the F-number (N) decreased from 6.3 to 5 (a reduction to 0.8 times the
original) when the illumination increased from 600 to 770 lx (ΔE = 170 lx; from Figure 14a,b).
Meanwhile, N decreased from 4.2 to 2.5 (a reduction of 0.6 times the original) when the
illumination jumped from 970 to 1550 lx (ΔE = 480 lx; from Figure 14c,d). Despite the near
tripling in illuminance change, the alteration in camera settings was relatively minor. This
indicates that the selection of optimal camera settings is particularly sensitive under low
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illumination conditions, similar to the sensitivity observed under limited time constraints.
The balance between error minimization and sensitivity under varying conditions warrants
further investigation. Consequently, extra caution is advised when employing the OPS
under low illuminance and short time constraints.

Concerns have been raised about the sufficiency of SfM–MVS-generated point clouds
in underground tunnels, where limited lighting and constrained surveying time might
distort the captured images [29]. Traditionally, LiDAR has been used for 3D rock mass
modeling in such underground spaces, despite its high capital costs, issues with shadow
zones, lack of texture detail, and lengthy surveying times. However, when SfM–MVS is
utilized with OPS, it shows potential for more effectively characterizing underground rock
masses by generating high-quality 3D point clouds at a lower cost (refer to Table 8). Previ-
ous studies [1,6,7] have noted the superior performance of SfM–MVS compared to LiDAR,
and our findings reinforce this advantage in challenging environments characterized by
low lighting and limited time. The purpose of this study was not to claim the outright supe-
riority of SfM–MVS over LiDAR but to demonstrate that SfM–MVS can achieve sufficient
performance even in challenging environments. As discussed, each method has its own
advantages and limitations, and they should ideally be used in a complementary manner.

Certain challenges may arise when applying UAV-derived SfM–MVS in underground
spaces. For instance, a single UAV may not satisfy the time constraints due to ongoing
construction activities. Operating multiple UAVs simultaneously could be a viable solution,
as the cost of moderate UAVs is relatively low compared to LiDAR and other laser scanning
methods. Similarly, the accuracy of the resultant point cloud could be improved with the
use of multiple UAVs. For example, as shown in Figure 3, using a single UAV under a
time constraint of A = 1 m2/s might achieve a minimum error of approximately 1.7 mm.
However, by deploying two UAVs simultaneously, where each UAV covers half of the
target area and operates under a time constraint of A = 0.5 m2/s, the minimum error could
be reduced to approximately 1.2 mm.

Excessively low illuminance conditions in underground tunnels pose a significant
challenge. In such cases, no camera settings may achieve adequate image brightness
(Equation (2)), and the impact of read or dark current noise becomes more pronounced.
Addressing this lack of light with field lighting alone may not be feasible, as it is diffi-
cult to increase the illumination across an entire rock face in an underground tunnel. A
more practical solution might involve equipping UAVs with their own lighting sources
to illuminate the specific areas being photographed. However, to avoid systematic errors,
the lighting must be homogeneous across the scene and capable of covering a larger area
than the camera’s FOV. Furthermore, the distance from the target affects the illumination
intensity, influencing the selection of OPS. Future research should explore this relationship
further and its impact on determining OPS.

6. Conclusions

Based on the error prediction model developed in our previous work [30], we iden-
tified the optimal photography settings that minimize error under specific illuminance
and time constraints. The efficacy of the OPS was validated by comparing the point cloud
quality obtained from both an indoor reference target and an outdoor rock mass, using
optimal versus arbitrary photography settings. The use of OPS enabled the generation
of higher-quality point clouds without requiring increased illumination or additional
surveying time.

Furthermore, we demonstrated the potential of SfM–MVS, utilizing the OPS, at an un-
derground tunnel construction site by comparing its performance with the LiDAR method.
Given the low illuminance and limited surveying time typical of such environments, which

71



Remote Sens. 2025, 17, 1877

are generally challenging for photography, SfM–MVS with the OPS showed the potential
to be more effective than LiDAR, offering higher accuracy and resolution at a lower cost.
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Abbreviations and Symbols

The following abbreviations and symbols are used in this manuscript:

Abbreviations
SfM Structure from motion
MVS Multiview stereo
LiDAR Light Detection and Ranging
DEM Digital elevation model
UAV Unmanned aerial vehicle
PP Point-to-point
PR Point-to-raster
RR Raster-to-raster
TS Total station
dGPS Differential global positioning system
RMSE Root mean squared error
ME Mean error
MAE Mean absolute error
OPS Optimal photography settings
APS Arbitrary photography settings
ISO International Organization for Standardization
SNR Signal-to-noise ratio
BA Bundle adjustment
GCP Ground control point
FOV Field of view
GSD Ground sampling distance
C2M Cloud-to-mesh
M3C2 Multiscale model-to-model cloud comparison
stdC2M Standard deviation of the C2M distances
stdM3C2 Standard deviation of the M3C2 distances
ICP Iterative closest point
GNSS Global Navigation Satellite System
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Symbols
t Camera shutter speed
N Camera F-number
S Camera ISO value
p Camera pixel resolution
D Distance from the target
v UAV or camera platform speed
d Camera sensor size
f Camera focal length
ε3D Errors in SfM–MVS-generated point clouds
ε2D Image errors
εplane Point-to-plane-type RMSE
εpoint Point-to-point-type RMSE, equivalent to ε3D

s Scaling factor
E Illumination
M Maximum template size
Q Nosie sensitivity coefficient
A Area photographed per unit of time

Appendix A

This section provides a brief summary of the theoretical background for the error
predetermination for each photography setting [30]. Equation (1) suggests that the error
present in the image is propagated to the resulting point cloud, where it is amplified by the
scaling factor s. The error within the pixel domain of the image can be quantified using
Equation (A1) [30].

ε2
2D =

∫ 0.5

−0.5

∫ 0.5

−0.5
∑i ∑j

{
P((i, j)|(x, y))×

{
(x− i)2 + (y− j)2

}}
dx dy

[
px2

]
, (A1)

where the indices i and j represent the pixel coordinates within an image and P((i,j)|(x,y))
denotes the probability that a point (x,y), where x and y are within the range [−0.5,0.5],
is expected to be observed at the pixel location (0,0) but is instead observed at a different
pixel location (i,j) due to distortion effects. This probability is determined by the extent of
distortion within the pixel domain, represented by Δx and Δy, which arise from various
sources such as motion blur, out-of-focus blur, and noise.

The magnitude of motion blur, denoted as B, is determined using Equation (A2), while
the distortion effects caused by motion blur, represented by Δxmb and Δymb, are calculated
using Equation (A3) [30].

B =
vt f p
Dd

[px], (A2)

⎧⎪⎪⎨
⎪⎪⎩

Δxmb ∼ U
(
− B

2 , B
2

)
· · · B ≤ M

Δxmb ∼ Trap
(
− B

2 , min
(

2M−B
2 , B−2M

2

)
, max

(
2M−B

2 , B−2M
2

)
, B

2

)
· · · B > M

Δymb = 0,

(A3)

where d stands for the sensor size, U denotes a uniform probability density distribution,
and Trap refers to a trapezoidal-shaped probability density distribution. The influence
of the maximum template size M utilized in the MVS algorithm was analyzed by Leem
et al. [30], highlighting its role in mitigating the motion blur distortion when B exceeds M.
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The level of out-of-focus blur, represented by σob, is determined using Equation (A4),
while the distortion effects resulting from out-of-focus blur, denoted as Δxob and Δyob, are
calculated using Equation (A5) [30].

σob =
|D− H|

2D
f 2

N(H − f )
p
d
[px], (A4)

Δxob ∼ N(0, σob), Δyob ∼ N(0,σob), (A5)

where the notation N stands for a normal probability density distribution, and H denotes
the focus distance, which, for this work, was set to the hyperfocal distance. This setting
ensures that the camera maintains sharp focus from the hyperfocal distance to infinity,
optimizing the depth of field for the broadest range of clear vision.

The noise-to-signal ratio or the reciprocal of SNR (signal-to-noise ratio), represented
by σn, is derived from Equation (A6), while the distortion effects caused by noise, denoted
as Δxn and Δyn, are calculated using Equation (A7) [30].

σn =
Noise
Signal

= Q
Np

d
√

Et
, (A6)

Δxn ∼ N

(
0.8× 10−5 ×

(
Q

Np
d
√

Et

)3.24
)

, Δyn = 0, (A7)

where E stands for the level of illumination and Q denotes the noise sensitivity coefficient,
which varies with the type of camera used. The probability P((i,j)|(x,y)) can then be
determined through Monte Carlo simulations, incorporating the distortion effects caused by
motion blur (Equation (A3)), out-of-focus blur (Equation (A5)), and noise (Equation (A7)).

References

1. Smith, M.W.; Carrivick, J.L.; Quincey, D.J. Structure from motion photogrammetry in physical geography. Prog. Phys. Geogr. 2016,
40, 247–275. [CrossRef]
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19. Čerňava, J.; Chudý, F.; Tunák, D.; Saloň, Š.; Vyhnáliková, Z. The vertical accuracy of digital terrain models derived from the
close-range photogrammetry point cloud using different methods of interpolation and resolutions. Cent. Eur. For. J. 2019, 65,
198–205. [CrossRef]

20. O’Connor, J.; Smith, M.J.; James, M.R. Cameras and settings for aerial surveys in the geosciences: Optimising image data. Prog.
Phys. Geogr. 2017, 41, 325–344. [CrossRef]

21. Roncella, R.; Bruno, N.; Diotri, F.; Thoeni, K.; Giacomini, A. Photogrammetric Digital Surface Model Reconstruction in Extreme
Low-Light Environments. Remote Sens. 2021, 13, 1261. [CrossRef]

22. Burdziakowski, P.; Bobkowska, K. UAV Photogrammetry under Poor Lighting Conditions-Accuracy Considerations. Sensors
2021, 21, 3531. [CrossRef] [PubMed]

23. Slaker, B.A.; Mohamed, K.M. A practical application of photogrammetry to performing rib characterization measurements in an
underground coal mine using a DSLR camera. Int. J. Min. Sci. Technol. 2017, 27, 83–90. [CrossRef] [PubMed]

24. García-Luna, R.; Senent, S.; Jurado-Piña, R.; Jimenez, R. Structure from motion photogrammetry to characterize underground
rock masses: Experiences from two real tunnels. Tunn. Undergr. Space Technol. 2019, 83, 262–273. [CrossRef]

25. Li, J.; Guan, J.; Chen, X.; Xi, J. Adaptive optimal exposure selection based on time cost function for 3D reconstruction of high
dynamic range surfaces. Meas. Sci. Technol. 2023, 34, 125018. [CrossRef]

26. Kim, J.-H.; Sung, S.-M. Quality Analysis of Unmanned Aerial Vehicle Images Using a Resolution Target. Appl. Sci. 2024, 14, 2154.
[CrossRef]

27. Abed, F.M.; Noori, A.M.; Al-Saedi, A.S.J. Optimizing Application of UAV-Based SfM Photogrammetric 3D Mapping in Urban
Areas. Iraqi J. Sci. 2024, 65, 2958–2975. [CrossRef]

28. Young, D.J.N.; Koontz, M.J.; Weeks, J. Optimizing aerial imagery collection and processing parameters for drone-based individual
tree mapping in structurally complex conifer forests. Methods Ecol. Evol. 2022, 13, 1447–1463. [CrossRef]

29. Korea Institute of Construction Technology (KICT). Final Report on the Development of Online Rock Mass Classification Technology
and Operation Model Through Digital Mapping in Tunnel Construction; National Library of Korea: Seoul, Republic of Korea, 2017.
[CrossRef]

30. Leem, J.; Kim, J.; Kang, I.S.; Choi, J.; Song, J.J.; Mehrishal, S.; Shao, Y. Practical error prediction in UAV imagery-based 3D
reconstruction: Assessing the impact of image quality factors. Int. J. Remote Sens. 2025, 46, 1000–1030. [CrossRef]

31. International Organization for Standardization. Photography—General Purpose Photographic Exposure Meters (Photoelectric
Type)—Guide to Product Specification. 1974. Available online: https://www.iso.org/standard/7690.html (accessed on 19 March
2025).

32. Zhou, Z.; Pain, B.; Fossum, E.R. Frame-transfer CMOS active pixel sensor with pixel binning. IEEE Trans. Electron Devices 1997, 44,
1764–1768. [CrossRef]

33. Lowe, D.G. Object recognition from local scale-invariant features. In Proceedings of the 7th IEEE International Conference on
Computer Vision, Kerkyra, Greece, 20–27 September 1999. [CrossRef]

34. Bay, H.; Ess, A.; Tuytelaars, T.; Van Gool, L. Speeded-up robust features (SURF). Comput. Vis. Image Underst. 2008, 110, 346–359.
[CrossRef]

35. Fischler, M.A.; Bolles, R.C. Random sample consensus: A paradigm for model fitting with applications to image analysis and
automated cartography. Commun. ACM 1981, 24, 381–395. [CrossRef]

36. Torr, P.H.S.; Zisserman, A. MLESAC: A new robust estimator with application to estimating image geometry. Comput. Vis. Image
Underst. 2000, 78, 138–156. [CrossRef]

37. Ballard, D.H.; Brown, C.M. Computer Vision; Prentice-Hall, Inc.: Englewood Cliffs, NJ, USA, 1982.
38. Dai, F.; Feng, Y.; Hough, R. Photogrammetric error sources and impacts on modeling and surveying in construction engineering

applications. Vis. Eng. 2014, 2, 2. [CrossRef]

75



Remote Sens. 2025, 17, 1877

39. Piermattei, L.; Carturan, L.; Guarnieri, A. Use of terrestrial photogrammetry based on structure-from-motion for mass balance
estimation of a small glacier in the Italian alps. Earth Surf. Process. Landf. 2015, 40, 1791–1802. [CrossRef]

40. Ren, C.; Jiao, Y.; Liu, Y.; Shang, H. Optimal camera focal length detection method for GPS-supported bundle adjustment in UAV
photogrammetry. Measurement 2024, 228, 114329. [CrossRef]

41. Tan, C.; Chen, Z.; Chen, Z.; Liao, A.; Zeng, X.; Cao, J. Accuracy analysis of UAV aerial photogrammetry based on RTK mode,
flight altitude, and number of GCPs. Meas. Sci. Technol. 2024, 35, 106310. [CrossRef]

42. Luo, W.; Shao, M.; Che, X.; Hesp, P.A.; Bryant, R.G.; Yan, C.; Xing, Z. Optimization of UAVs-SfM data collection in aeolian
landform morphodynamics: A case study from the Gonghe Basin, China. Earth Surf. Process. Landf. 2020, 45, 3293–3312.
[CrossRef]

43. Muhammad, M.; Tahar, K.N. Comprehensive Analysis of UAV Flight Parameters for High Resolution Topographic Mapping. IOP
Conf. Ser. Earth Environ. Sci. 2021, 767, 012001. [CrossRef]

44. De Lima, R.S.; Lang, M.; Burnside, N.G.; Peciña, M.V.; Arumäe, T.; Laarmann, D.; Ward, R.D.; Vain, A.; Sepp, K. An Evaluation of
the Effects of UAS Flight Parameters on Digital Aerial Photogrammetry Processing and Dense-Cloud Production Quality in a
Scots Pine Forest. Remote Sens. 2021, 13, 1121. [CrossRef]

45. Paixão, A.; Muralha, J.; Resende, R.; Fortunato, E. Close-range photogrammetry for 3D rock joint roughness evaluation. Rock
Mech. Rock Eng. 2022, 55, 3213–3233. [CrossRef]

46. Furukawa, Y.; Ponce, J. Accurate, dense, and robust multiview stereopsis. IEEE Trans. Pattern Anal. Mach. Intell. 2010, 32,
1362–1376. [CrossRef] [PubMed]

47. An, P.; Fang, K.; Jiang, Q.; Zhang, H.; Zhang, Y. Measurement of rock joint surfaces by using smartphone structure from motion
(SfM) photogrammetry. Sensors 2021, 21, 922. [CrossRef] [PubMed]

48. Lee, S.; Jeon, S. Estimating Rock Mass Joint Roughness Using Terrestrial Laser Scanner and Artificial Neural Network. In
Proceedings of the 56th U.S. Rock Mechanics/Geomechanics Symposium, Santa Fe, NM, USA, 26 June 2022. [CrossRef]

49. Huang, H.; Ye, Z.; Zhang, C.; Yue, Y.; Cui, C.; Hammad, A. Adaptive Cloud-to-Cloud (AC2C) Comparison Method for
Photogrammetric Point Cloud Error Estimation Considering Theoretical Error Space. Remote Sens. 2022, 14, 4289. [CrossRef]

50. Lague, D.; Brodu, N.; Leroux, J. Accurate 3D comparison of complex topography with terrestrial laser scanner: Application to the
Rangitikei canyon (NZ). ISPRS J. Photogramm. Remote Sens. 2013, 82, 10–26. [CrossRef]

51. Baltsavias, E.P. A comparison between photogrammetry and laser scanning. ISPRS J. Photogramm. Remote Sens. 1999, 54, 83–94.
[CrossRef]

52. Ge, Y.; Kulatilake, P.H.; Tang, H.; Xiong, C. Investigation of natural rock joint roughness. Comput. Geotech. 2014, 55, 290–305.
[CrossRef]

53. Park, J.W.; Lee, Y.K.; Song, J.J.; Choi, B.H. A constitutive model for shear behavior of rock joints based on three-dimensional
quantification of joint roughness. Rock Mech. Rock Eng. 2013, 46, 1513–1537. [CrossRef]

54. Barton, N.; Wang, C.; Yong, R. Advances in joint roughness coefficient (JRC) and its engineering applications. J. Rock Mech.
Geotech. Eng. 2023, 15, 3352–3379. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

76



Article

Indeterminacy of Camera Intrinsic Parameters in Structure from
Motion Using Images from Constant-Pitch Flight Design

Truc Thanh Ho *, Riku Sato, Ariyo Kanno, Tsuyoshi Imai , Koichi Yamamoto and Takaya Higuchi

Graduate School of Sciences and Technology for Innovation, Yamaguchi University, 2-16-1 Tokiwadai,
Yamaguchi 755-8611, Japan; e021vev@yamaguchi-u.ac.jp (R.S.); kanno@yamaguchi-u.ac.jp (A.K.);
imai@yamaguchi-u.ac.jp (T.I.); k_yama@yamaguchi-u.ac.jp (K.Y.); takaya@yamaguchi-u.ac.jp (T.H.)
* Correspondence: hothanhtruc@yucivil.onmicrosoft.com or hothanhtruc86@gmail.com

Abstract: Intrinsic parameter estimation by self-calibration is commonly used in Unmanned
aerial vehicle (UAV)-based photogrammetry with Structure from Motion (SfM). However,
obtaining stable estimates of these parameters from image-based SfM—which relies solely
on images, without auxiliary data such as ground control points (GCPs)—remains chal-
lenging. Aerial imagery acquired with the constant-pitch (CP) flight pattern often exhibits
non-linear deformations, highly unstable intrinsic parameters, and even alignment fail-
ures. We hypothesize that CP flights form a “critical configuration” that renders certain
intrinsic parameters indeterminate. Through numerical experiments, we confirm that a
CP flight configuration does not provide sufficient constraints to estimate focal length
(f) and the principal point coordinate (cy) in image-based SfM. Real-world CP datasets
further demonstrate the pronounced instability of these parameters. As a remedy, we show
that by introducing intermediate strips into the CP flight plan—what we call a CP-Plus
flight—can effectively mitigate the indeterminacy of f and cy in simulations and markedly
improve their stability in all tested cases. This approach enables more effective image-
only SfM workflows without auxiliary data, simplifies data acquisition, and improves
three-dimensional reconstruction accuracy.

Keywords: UAV-based photogrammetry; structure from motion (SfM); indeterminacy;
intrinsic parameters; critical configuration

1. Introduction

Unmanned aerial vehicle (UAV)-based photogrammetry has emerged recently as
an effective technique to generate high-resolution three-dimensional (3D) models across
multiple fields including infrastructure inspection [1–3], mining surveying [4–6], hazard
modeling [7–9], and environmental condition monitoring [10,11]. Structure from Mo-
tion (SfM) underpins this technique, estimating intrinsic and extrinsic camera parameters.
These parameters are then exploited in the Multi-View Stereo (MVS) to produce dense point
clouds, enabling the generation of high-resolution deliverables, such as meshes, digital
elevation models (DEMs), and orthophotos. Therefore, the precision of camera parameter
estimation in SfM has a direct effect on the accuracy and precision of reconstructed models.
While the accurate estimation of these parameters relies hardly on the number and distri-
bution of auxiliary information such as Ground Control Points (GCPs), it is cost-intensive
and time-consuming. Ensuring accurate parameter estimation without a heavy reliance on
GCPs remains a primary concern for UAV-based photogrammetry.

Intrinsic parameters—such as focal length (f), principal point coordinates (cx, cy), ra-
dial distortion, and tangential distortion—can be estimated during the bundle adjustment

Remote Sens. 2025, 17, 2030 https://doi.org/10.3390/rs17122030
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(BA) stage in a typical SfM pipeline (self-calibration), or alternatively, calculated using
imagery captured specially for calibration purposes (pre-calibration). However, in UAV-
based photogrammetry, where lightweight and compact drones with small cameras are
commonly used, pre-calibrated intrinsic parameters are often considered unstable [12–15].
This instability can arise from mechanical effects during camera shooting, changes in im-
age sensor temperature [16–18], or ambient temperature [19] during drone operations,
potentially affecting the sensor geometry. Therefore, self-calibration has become the pre-
ferred approach for estimating these intrinsic parameters. By eliminating GCP surveys
and dedicated calibration processes, self-calibration using image-based SfM significantly
reduces fieldwork time and cost, enabling rapid, cost-effective surveys even in remote or
hazardous areas.

A widely employed image acquisition method in UAV-based photogrammetry is the
constant-pitch (CP) flight [18,20–24], where the optical axes of images within the same strip
are parallel. In this flight design (Figure 1), the camera is tilted at a fixed pitch angle along
the flight lines, and when drones fly in the opposing direction, the local convergence is
achieved, thereby facilitating 3D reconstruction.

Figure 1. Constant-pitch flight at 20◦ pitch angle.

SfM using CP-based images has been reported to perform well when the camera
positions measured by RTK-GNSS are incorporated in BA [21,23]. However, when camera
position measurements are unavailable, referred to as image-based SfM, the performance
of SfM becomes notably unstable. Sanz-Ablanedo et al. [18] reported poor image-based
SfM performance using CP flight images captured at a 25◦ pitch angle, highlighting non-
linear deformation (the dome effect). Their study also noted large mean vertical errors
at validation points located at the four corners of the model, which can be caused by
inaccuracy in the estimation of focal length (f). Similarly, Kon et al. [25] reported dome
errors accompanied with large root mean square (RMS) errors of all validation points,
and in some cases, alignment failures across various SfM analysis settings (1500 trials)
for images captured by CP flights at a 20◦ pitch angle. For these 1500 SfM trials, the
standard deviation of f and cy were notably large: 209 pixels and 84 pixels for the Phantom
4 RTK drone camera, and 53 pixels and 36 pixels for the SONY α7 III drone camera,
respectively (unpublished). Observations of large mean vertical errors at validation points
and alignment failures, coupled with the instability in estimations of f and cy, suggest that
factors beyond the dome effect may contribute to the poor performance of image-based
SfM. Despite these observations, the root causes of this instability have not been thoroughly
investigated.

It has been mathematically shown that certain combinations of camera motion and
scene geometry, known as critical configurations, can introduce indeterminacy into the
bundle adjustment with self-calibration [26]. We suspected that the instability of camera
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parameters observed in image-based SfM under CP flights [21,23,27] stems from such
critical configurations, leading to inaccurate or even incorrect model reconstructions.

Therefore, the objectives of this study are:

(a) To investigate the indeterminacy of two basic intrinsic parameters f and cy, which
showed significant instabilities in the previous experiment as described above [25].

(b) To validate these numerical findings using real datasets acquired at three different
ground sampling distances (GSDs).

(c) To discuss a practical mitigation strategy to stabilize intrinsic parameter estimation.

By bridging the theoretical–practical gap, we aim to provide a reliable UAV-SfM
workflow without auxiliary information.

2. Materials and Methods

2.1. Fundamental of Self-Calibration in SfM

Suppose three 3D ground points P, T, and U that are visible in multiple images
captured from different viewpoints (cameras A, B, and C), as shown in Figure 2. For the
camera considered in this study, the geometric relationship between a 3D point and its 2D
projection on each image is described by collinearity equations as follows:

⎧⎨
⎩

x = −f α11(X−X0)+α21(Y−Y0)+α31(Z−Z0)
α13(X−X0)+α23(Y−Y0)+α33(Z−Z0)

y− cy = −f α12(X−X0)+α22(Y−Y0)+α32(Z−Z0)
α13(X−X0)+α23(Y−Y0)+α33(Z−Z0)

(1)

where:

• (x, y): image coordinates of the projection of ground point.
• (X, Y, Z): object space coordinates of the ground point.
• (X0, Y0, Z0): object space coordinates of the camera projection center.
• cy: y-coordinate of the principal point in the image.
• f: camera focal length.
• α1i, α2i, α3i (i = 1, 2, 3): elements of the rotation matrix formed by three rotation angles.

Figure 2. Example of a critical configuration where the focal length f cannot be determined from
parallel shooting images. In this situation, multiple values of f can be estimated, making it impossible
to uniquely determine the correct value.
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The collinearity equations contain three categories of unknowns:

• Extrinsic parameters: parameters representing relative position and the orientation of
each camera.

• Intrinsic parameters: parameters representing the geometric characteristics of the
camera, such as focal length and principal points. Note that only two parameters
f and cy are considered in this study and in Equation (1).

• Three-dimensional point coordinates: relative coordinates of scene points in object space.

These parameters are estimated simultaneously in the bundle adjustment (BA) of SfM
by minimizing the overall reprojection error. The reprojection error of point i onto image j
can be expressed as follows:

⎧⎨
⎩

Fij := xd − xp = xd + f α11(X−X0)+α21(Y−Y0)+α31(Z−Z0)
α13(X−X0)+α23(Y−Y0)+α33(Z−Z0)

Gij := yd − yp = yd + cy + f α12(X−X0)+α22(Y−Y0)+α32(Z−Z0)
α13(X−X0)+α23(Y−Y0)+α33(Z−Z0)

(2)

where (xp, yp) are the 2D projected coordinates computed via the collinearity equations
and (xd, yd) are the 2D observed image coordinates of the point.

In SfM, for successful camera estimation, the objective function - root mean square
(RMS) reprojection error - must have a unique global minimum. If multiple minima
exist, the optimization becomes ambiguous, and SfM fails to produce reliable camera
parameters. Parameters with multiple minimizing values are considered indeterminate. In
such cases, a specific combination of camera motion and scene geometry that generates
images impossible to unique estimation of certain intrinsic parameters is referred to as
critical configuration (Figure 2).

2.2. Numerical Experiments

The indeterminacy of f and cy was investigated by analyzing RMS reprojection error,
which is the objective function to be minimized at the BA stage in SfM. This was achieved
by fixing either f or cy to incorrect values in BA and estimating the other parameters
along with extrinsic parameters and tie points. If RMS reprojection error remains nearly
unchanged regardless of the input values of f or cy, it indicates that these parameters do
not influence the objective function, thereby demonstrating their indeterminacy in SfM.

(a) Synthetic Image Acquisition

We used Blender version 2.79b [28], an open-source computer graphic (CG) software
program, to generate a flat plane with the dimensions of 400 m × 400 m and randomly
place multiple rectangular parallelepiped objects of various sizes on it. Various random
textures with a resolution of 5940 × 8410 pixels were applied to the plane and objects.
These textures included local features suitable for matching in SfM, as shown in Figure 3.
The details of the associated textures and the Blender project file are provided in the
Supplementary Materials.

Figure 3. Two views of the target used for image acquisition in the numerical experiments: (a) side
view; (b) front view.
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The synthetic image acquisition of the target was performed using the image and
camera specifications described in Table 1. In CG space, six image-sets were generated
using six different flight designs, divided into two groups: (1) flight designs without an
intermediate strip, including CP and CP random, and (2) flight designs with an intermediate
strip such as CP flight plus one image in the intermediate strip, the CP flight plus three
images randomly placed in the intermediate strip, CP-Plus flight, and CP random plus
one image in the intermediate strip. The intermediate strip refers to a short flight path
positioned between two primary strips, illustrated as green-blue arrows in Table 2. The
pitch angle was set to 20◦ for all six flight designs, and the flight altitude was fixed at
73 m to achieve a Ground Sample Distance (GSD) of 40 mm. The details of flight designs
are provided in Table 2. In this study, a 20◦ pitch angle was selected based on its proven
effectiveness in enhancing UAV-SfM calibration from previous studies [18,24,29–31] and its
confirmed robustness in SfM accuracy and precision across various analysis settings [21,25].
The indeterminacy of f and cy was examined with this best performing pitch angle, which
serves as a representative case for indeterminacy under other pitch angles.

Table 1. Camera specifications used in CG space.

Parameters Value

Pin hole camera Linear camera with no distortion

Focal length (pixels) 1824

Image size (pixels) 2736 × 1824

Table 2. Descriptions of six image-sets taken by six flight designs in numerical experiments. Black-red
arrows indicate image positions along the main flight strips, while green-blue arrows indicate those
in the intermediate strips. The arrow size corresponds to the camera pitch angle. In this study, all CP
flight designs used a fixed pitch angle of 20 degrees.

Flight Design Description
Strip Interval/Images
Interval in One Strip

(Meters)/Number of Images
Illustration

CP flight

The camera is tilted at a fixed
pitch angle along the flight

lines, and when drones fly in
the opposing direction, the

local convergence is achieved.

20/20/121

CP flight plus one image in
the intermediate strip

Only one image with the same
pitch angle was added to the
middle of the intermediate

strip (strip between two flight
lines) of the CP flight.

20/20/122
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Table 2. Cont.

Flight Design Description
Strip Interval/Images
Interval in One Strip

(Meters)/Number of Images
Illustration

CP flight plus three images
randomly placed in the

intermediate strip

Three images with the same
pitch angle were randomly
added to the middle of the
intermediate strips of the

CP flight.

20/20/124

CP-Plus flight

One image with the same
pitch angle was added to the
middle of each intermediate

strip of the CP flight.

20/20/131

CP random flight

Cameras were randomly
placed on the horizontal plane

73 m above the target plane.
Each camera was oriented in
one of the two orientations
appearing in the CP flight.

Random/random/200

CP random plus one image in
the intermediate strip

Only one image with the same
pitch angle was added to the
intermediate strip of the CP

random flight.

Random/random/201

(b) SfM Processing

For each simulated image-set created in CG space, SfM was performed using the
commercial software Agisoft Metashape version 1.5.5. The SfM workflow (Figure 4) began
with “align photos”, followed by bundle adjustment (BA) with the camera parameters
effectively fixed to their true values to generate an accurate set of tie points. The settings
used are detailed in Table 3.

Table 3. Settings for “Alignment” used to generate accurate tie points.

Parameters Values

Input image size High (original size)
(2736 × 1824 pixels)

Key point limit 50,000

Intrinsic parameters estimation Fixed to true value during BA
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Figure 4. SfM flow in numerical experiments to evaluate the indeterminacy of each intrinsic
parameter (f or cy).

Based on these tie points, an intrinsic camera parameter (either f or cy) was fixed to
values higher than true value (v+) and values lower than true values (v−), while the other
parameter (cy or f) was not fixed. Then, BA was rerun. In this process, BA was performed
using the previously generated accurate tie points. This approach allowed us to observe
the behavior of RMS reprojection error in relation to the fixed intrinsic parameters (f or cy).

(c) Evaluation of The Indeterminacy of Intrinsic Camera Parameters in SfM

To evaluate the indeterminacy of camera intrinsic parameters in SfM, we analyzed the
variation in RMS reprojection error between two BA conditions: (1) BA with the intrinsic
parameters (f and cy) fixed to their true values and (2) BA with f or cy fixed to incorrect
values. The degree of variation was quantified by the rate of increase in RMS reprojection
error, which serves as an indicator of how inaccurate intrinsic parameters influence the SfM
and helps identify occurrences of their indeterminacy. In principle, the objective function
minimized during BA - RMS reprojection error - must have a unique global minimum. The
presence of multiple local minima, dependent on different fixed intrinsic parameter values,
indicates that the SfM process is unable to uniquely determine these parameters. In such
cases, the corresponding intrinsic parameters are considered as indeterminate.

Additionally, fixing either f or cy to incorrect values while estimating the remaining
parameter (cy or f, respectively) provides insight into the correlation between f and cy.

The rate of increase in RMS reprojection error is calculated as follows:

Rincrease =
Eincorrect − Etrue

Etrue
(3)

where: Rincrease is the rate of increase in RMS reprojection error.
Eincorrect (pixels) is RMS reprojection error when fixing either f or cy to the incorrect

values and estimating the remaining parameter in BA.
Etrue (pixels) is RMS reprojection error when fixing both f and cy to true values (1824

and 0 pixels, respectively) in BA.

2.3. Real-Data Analysis

(a) Study Site

The in situ data in this study utilized the data from Truc et al. [23]. These images
captured an area of around 100 × 100 m2, located in Tsukubamirai city, Ibaraki prefecture,
Japan. This area was constructed for housing purposes. Figure 5 shows the ground
condition of the target terrain, mostly bare land covered with short vegetation.
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Figure 5. Distribution of camera positions and validation points at the study site overlaid with or-
thophotos generated by GSD10 (a), GSD15 (b), GSD20 (c). At each validation point, world coordinates
were measured by Aerobo markers (d) with a built-in GNSS receiver.

(b) Image Acquisition

Aerial photos were collected using a high-precision 1-inch 20 MP CMOS camera
sensor attached to a lightweight quad-copter UAV (DJI Phantom 4 RTK, hereafter named
P4RTK) [32]. The Phantom 4 RTK used for image acquisition was manufactured by DJI,
Shenzhen, Guangdong, China. The assembled camera lens has an approximate focal length
of 8.8 mm and a mechanical shutter feature that avoids typical rolling shutter problems.
This UAV can measure the camera position at the time of exposure by RTK-GNSS (real-time
kinematic global navigation satellite system) positioning. A set of nine validation points
evenly distributed across the study area (Figure 5) was employed to evaluate the accuracy
of the SfM performance using the Aerobo marker [33]. The Aerobo markers used for
ground validation were manufactured by Aerobo, Inc., Tokyo, Japan. Each Aerobo marker
is equipped with an integrated GNSS receiver, enabling it to record the coordinates at
the center of a 24 cm diameter circular target with sub-centimeter accuracy. The red-and-
black reflective pattern of the marker is designed to enhance automatic detection by SfM
processing software, such as Agisoft Metashape version 1.5.5, which was used in this study.

A flight design similar to the CP-Plus flight design was adopted for data acquisition.
This flight pattern was generated using the 3D photogrammetry preset feature in the
P4RTK system to capture images at two-second intervals and record camera coordinates
via RTK-GNSS during image capture. In these CP-Plus flights, the camera was tilted at a
fixed pitch angle of 20◦ along the flight lines, and the consecutive images with yaw angle
deviation over 10◦ from the main flight line, taken during the drone rotation, were referred
to as the intermediate strips. They were removed to simulate three CP flights (Figure 6).

Figure 6. Generation of CP flights from CP-Plus flights used in real-data analysis (Red dots indi-
cate image positions in the main flight strips, while white dots represent image positions in the
intermediate strips.).
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In this study, P4RTK was flown at three altitudes of 73, 55, and 36 m above ground level
(at the drone’s home point), which yielded three GSDs of 20, 15, and 10 mm, respectively.
All photographs were captured along parallel flight lines with an overlap ratio of 80%
forward and 60% side lap when the camera’s optical axis was oriented toward nadir. The
details of the image-sets used in the real-data analysis are described in Table 4.

Table 4. Summary of three CP-Plus flights acquired by P4RTK and three generated CP flights in
real-data analysis.

Shooting Attitude [m]
Shooting Attitude [m] Overlap Ratio [%]

CP-Plus Flights CP Flights

73 (GSD20) 74 61 80% forward,
60% side lap.55 (GSD15) 107 91

36 (GSD10) 187 163

(c) SfM Processing

For each image-set, SfM was performed following the “align photos” in Agisoft
Metashape version 1.5.5 software. In this process, camera parameters were estimated
by using images only, then the point clouds were georeferenced using projection centers
recorded by an RTK-GNSS receiver embedded in the images taken by P4RTK. The absolute
coordinates of the validation points evaluated by multi-view triangulation using camera
parameters estimated in SfM were used to validate the accuracy of the SfM-derived model,
in accordance with the nine validation points. It is worth noting that in this study, self-
calibration was performed using images only, without additional information.

SfM was tested through a combination of SfM analysis settings summarized in Table 5,
resulting in 30 settings with 50 trials for each image-set listed in Table 4. This analysis was
conducted to observe the variation in the estimation of intrinsic parameters under different
SfM settings.

Table 5. Summary of the analysis settings tested in this study.

Setting Items Meaning Setting Values

Aligned photo
accuracy

Set the size of input images (shrinkage
ratio) for feature extraction.

• High: used original size.
• Medium: image downscaled by a

factor of two at each image side.

High, medium

Key point limit Set the maximum number of feature
points detected in each image.

1/2, 1/3, 1/4 of the average number of detectable
key points for the input images, corresponding to
35,643; 23,762; 17,821 when the size of input
images is set as high.
8229; 5486; 4115 when the size of input images is
set as medium.

Tie point limit Set the maximum number of tie points to
be detected in each image.

0
It will attempt to detect as many tie points as
possible in each image.
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Table 5. Cont.

Setting Items Meaning Setting Values

Optimize
camera alignment

Set the intrinsic parameters considered
in Brown models.

1© f, cx, cy, k1–k4, p1–p4, b1, b2
2© f, cx, cy, k1–k4, p1–p4
3© f, cx, cy, k1–k4, p1–p2
4© f, cx, cy, k1–k3, p1–p4
5© f, cx, cy, k1–k3, p1–p2

2 × 3 × 5 = 30 analysis settings with 50 trials/setting, equivalent to 1500 trials for each image-set.

In order to evaluate the variation of intrinsic parameters estimated in one SfM setting,
we used a standard SfM setting repeated 50 times (trials), with the following parameters:

• Size of input images for feature detection: High
• Key point limit: a half (½) of the average number of detectable key points for the

input images (35,643).
• Intrinsic parameters considered in Brown models: f, cx, cy, k1–k3, p1–p2.

(d) Intrinsic Parameters Estimation and Error Evaluation.

In this study, we quantified the variation of intrinsic parameter estimation (f and cy),
in accordance with the accuracy and precision of SfM for each image-set. The accuracy
and precision of SfM were evaluated using the RMS error of all nine validation points
for each analysis setting, as recommended by James et al. [34]. The validation point
error represents the difference between the estimated 3D coordinates of the validation
points (calculated through triangulation using camera parameters estimated during the
SfM process) and those obtained through static GNSS positioning by Aerobo markers.
Additionally, statistical analyses were conducted on the total RMS error (Val_RMSE_T)
and the vertical RMS error (Val_RMSE_Z) computed from all validation points for both a
standard setting (with 50 trials) and 30 settings such as the maximum value, 75th percentile
(Q3), 50th percentile (Q2), and interquartile range (IQR). For each of the 30 settings, the
mean values of the estimated f, cy, Val_RMSE_T, and Val_RMSE_Z of all the validation
points were first calculated over 50 repeated trials. These mean values were subsequently
used to derive the statistical indicators (maximum, Q3, Q2, and IQR), thereby enabling a
comparative assessment of SfM accuracy and precision across different settings. Moreover,
we evaluated the mean vertical error of all nine validation points (MEZ) for each analysis
setting. The mean vertical error is defined as the average difference between the estimated
elevation of the validation points (derived using camera parameters estimated by SfM) and
the measured elevation of corresponding validation points obtained by Aerobo markers.

3. Results

The results are divided into two main sections: numerical experiments and real-data
analysis. In the numerical experiments, we present the verification of the indeterminacy
of intrinsic parameters in image-based SfM for six flight designs. The real data analysis
focuses on three points: the estimates of camera intrinsic parameters (f, cy) across multiple
repetitions of a single SfM setting and in various SfM settings, and the correlation between
the estimates of f and the mean vertical error (MEZ) for all validation points.

3.1. Numerical Experiments

This section verifies the indeterminacy of intrinsic parameters in image-based SfM by
analyzing six different flight designs. The RMS reprojection error and its rate of increase
were analyzed to evaluate the sensitivity of SfM when the intrinsic parameters were fixed
to inaccurate values relative to their true values (Figures 7 and 8).
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Figure 7. RMS Reprojection Error and Estimated Parameter Values When Fixing Parameter f or cy to
Incorrect Values for Six Flight Designs. Eincorrect: RMS reprojection error when fixing either f or cy to
the incorrect values and estimating the remaining parameter in BA. Etrue: RMS reprojection error
when fixing both f and cy to true values (1824 and 0 pixels, respectively) in BA. Red and blue indicate
the estimated intrinsic parameters (f and cy), while green represents the RMS reprojection error (in
pixels). The bar length is scaled relative to the maximum value within each group.

Figure 8. Rate of Increase in RMS Reprojection Error When Fixing Parameter f or cy to Incorrect
Values for Six Flight Designs. Green represents the rate of increase in RMS reprojection error (Rincrease).
The bar length is scaled relative to the maximum value in the table.

As shown in Figure 8, the rate of increase in RMS reprojection error was zero for images
captured by flight designs without image in the intermediate strip including the CP flight
and CP random flight. In contrast, for flight designs with images in the intermediate trip,
including the CP flight plus one image in intermediate strip, CP flight plus three images
randomly placed in intermediate strip, CP-Plus flight, and CP random plus one image in
intermediate strip, the rate of increase in RMS reprojection error ranged from 1.1 to 7.6.

In CP and CP random flight, the RMS reprojection error remained unchanged regard-
less of whether the intrinsic parameters f or cy were fixed to true or incorrect values in
BA. However, in flight designs with images in the intermediate strip, the addition of one
image between two flight lines resulted in a noticeable increase in RMS reprojection error.
Moreover, when f was fixed to incorrect values, the estimates of cy derived from BA were
strongly inaccurate compared to the true value (0), and vice versa (Figure 7).

These results demonstrate that both f and cy are indeterminate in image-based SfM. In
CP random flights, where camera positions were randomly distributed compared to CP
flights, and the camera orientation remained fixed at 20◦ forward and backward, the RMS
reprojection error remained unchanged regardless of whether the intrinsic parameters were
fixed to incorrect or true values. This indicates that altering the shooting positions alone
does not resolve the indeterminacy.

In contrast, for flight patterns with at least one image in the intermediate trip, the
values of f or cy had a substantial impact on RMS reprojection error, with rates of increase
in RMS reprojection error exceeding 7.6 for f and 5.8 for cy (Figure 8). This demonstrates
that f and cy become determinable in image-based SfM when at least one image is added
to the intermediate strip.

In summary, the numerical experiments showed that the intrinsic parameters f and
cy are indeterminate in image-based SfM when using aerial images captured by flight
designs without an intermediate strip such as the CP flight design. Adding images to the
intermediate short strips effectively resolves the indeterminacy of f and cy.
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In the next section, we will evaluate the estimation of intrinsic parameters in image-
based SfM using in situ data captured by CP and CP-Plus flights.

3.2. Real-Data Analysis
3.2.1. Estimates of Intrinsic Camera Parameters (f, cy) Across 50 Trials of a Single
SfM Setting

Figure 9 presents the results of a standard SfM setting for six image-sets captured at
three different GSDs using two flight designs: the CP and CP-Plus. Across 50 repeated trials
of a standard SfM setting, the standard deviation in the estimates of intrinsic parameters f
and cy was zero for the image-sets taken by the CP-Plus flight design, indicating a highly
stable estimation. In contrast, image-sets from the CP flight showed substantial variability
with a standard deviation of 0.32 pixels for f and 0.08 pixels for cy. This instability also
resulted in a 0.008 m and 0.009 m deviation in the interquartile range (IQR) of total RMS
error (Val_RMSE_T) and vertical RMS error (Val_RMSE_Z), respectively.

Figure 9. Intrinsic Parameter Estimation and Statistics of Total RMS Error (Val_RMSE_T) and Vertical
RMS Error (Val_RMSE_Z) of All Validation Points for Each Image-Set (One SfM Analysis Setting
with 50 Trials). Dark blue represents the standard deviation of the estimated intrinsic parameters
(f and cy) in pixels, calculated from 50 trials of one SfM analysis settings. Green and bright blue
represent Val_RMSE_Z and Val_RMSE_T, respectively, at the 50th, 75th, and maximum values,
calculated from 50 trials of one SfM analysis settings. Orange indicates the interquartile range (IQR)
of Val_RMSE_Z and Val_RMSE_T. In all cases, the bar length is scaled relative to the maximum value
within each group.

These results demonstrate that the estimation of f and cy is unstable in image-based
SfM when using images from the CP flight. However, in the CP-Plus flight, where im-
ages were added to the intermediate strips of the CP flight, the estimates of the intrinsic
parameters f and cy became more stable, even within a single SfM setting.

3.2.2. Estimates of Intrinsic Camera Parameters (f and cy) Across 30 SfM Settings

The estimates of f and cy in image-based SfM obtained from 30 different SfM set-
tings, each repeated 50 times, exhibited instability (Figure 10). The standard deviation
of f ranged from over 1 pixel to 7.3 pixels, while the standard deviation of cy ranged
from 0.6 to 3.1 pixels. This instability was particularly pronounced when using images
from the CP flight, where the standard deviation was about six times higher for f and five
times higher for cy (GSD20 image-sets) compared to those taken by the CP-Plus flight.

As shown in Figure 10, the RMS error of all the validation points was substantially
higher for image-sets from the CP flight compared to those from the CP-Plus flight. For in-
stance, in GSD15 image-set, the median RMS error of all the validation points (Val_RMSE_T)
was 0.151 m, nearly four times greater than the 0.039 m observed for the CP-Plus flight.
Similarly, the median vertical RMS error (Val_RMSE_Z) was approximately five times larger
for the CP flight (0.139 m) compared to that for the CP-Plus flight (0.027 m). Furthermore,
the accuracy and precision of SfM varied considerably across the 30 SfM settings for the CP
flight image-sets. The interquartile range (IQR) of the RMS error of all validation points was
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0.105 m for CP flights, compared to 0.047 m for CP-Plus flights (GSD15). Similar patterns
were observed for image-sets from GSD10 and GSD20.

Figure 10. Intrinsic Parameter Estimation and Statistics of Total RMS Error (Val_RMSE_T) and
Vertical RMS Error (Val_RMSE_Z) of All Validation Points for Each Image-Set (30 Analysis Settings).
Dark blue represents the standard deviation of the estimated intrinsic parameters (f and cy) in
pixels, calculated from 30 SfM analysis settings. Green and bright blue represent Val_RMSE_Z and
Val_RMSE_T, respectively, at the 50th, 75th, and maximum values, calculated from 30 SfM analysis
settings. Orange indicates the interquartile range (IQR) of Val_RMSE_Z and Val_RMSE_T. In all cases,
the bar length is scaled relative to the maximum value within each group.

Overall, the estimates of f and cy were significantly less stable for images captured
by CP flights than CP-Plus flights, both across multiple trials of a single setting and across
different settings.

3.2.3. Correlation Between the Estimates of f and the Mean Vertical Error for All
Validation Points

Theoretically, incorrect estimates of f lead to mean vertical error (MEZ) for all valida-
tion points in model reconstruction. As illustrated in Figure 11, a negative correlation was
observed between the estimates of f and MEZ across 30 different SfM settings. This relation-
ship can be explained by a simple pin hole camera model: as the estimated f increases, the
triangulated ground point moves farther from the camera, causing its estimated vertical
coordinate to decrease.

Figure 11. The correlation between estimated f and mean vertical error (MEZ).
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To assess the contribution of vertical error due to incorrect f estimation to the total
vertical error, the vertical error ratio was calculated as the proportion of the absolute
mean vertical error (MEZ) to the total vertical error of all validation points (Val_RMSE_Z).
As shown in Table 6, the average vertical error ratio for each image-set exceeded 80%,
indicating that vertical error resulting from incorrect f estimation served as the primary
contributor to the total vertical error, regardless of flight design.

Table 6. Average of Vertical Error Ratio for Each Image-Set (30 SfM Analysis Settings).

Image Sets
Average of Vertical Error Ratio (%)

CP–Plus Flight CP Flight

GSD10 80.65 84.09
GSD15 80.71 97.84
GSD20 88.60 88.37

In summary, the indeterminacy of intrinsic parameters, especially f and cy, in image-
based SfM has been demonstrated using six flight designs in numerical experiments, and its
effect has been demonstrated in a real-data analysis using six image-sets. In the next section,
we will discuss the implications of these findings on existing studies and suggestions for
practical application.

4. Discussion

4.1. Indeterminacy of Intrinsic Camera Parameters in Image-Based SfM

To our knowledge, this study provides the first combined numerical and in situ
analysis of the indeterminacy of intrinsic parameters in image-based SfM for CP flights.
The numerical experiments show that when images are captured under a CP flight design,
f and cy are indeterminable in image-based SfM.

Critical configurations - specific combinations of camera motion and scene geometry -
are known to induce intrinsic parameter indeterminacy. Previous studies have extensively
documented critical configurations related to linear images (images captured by a pin hole
camera without lens distortion) [26,35]. For example, planar motion over general terrain,
in which the camera moves on a plane while rotating around an axis normal to that plane,
prevents the estimation of a single intrinsic parameter [26].

CP flight represents a restrictive form of planar motion in which the camera’s move-
ment is constrained into a plane, and rotation is limited to only two orientations (pitch and
yaw) rather than allowing free rotation around the roll axis. Therefore, it is possible that
these additional constraints cause more than one intrinsic parameter to become indetermi-
nate, and in fact, our study confirmed that two parameters (f and cy) became indeterminate
for CP flights.

In real CP flight datasets acquired at three different GSDs, we observed significant
variations in f and cy across 30 distinct SfM analysis settings and across 50 repeat trials of a
single setting. These results demonstrated that the theoretical indeterminacy of intrinsic
parameters observed in numerical experiments under ideal conditions manifested in real-
world scenarios as pronounced instability.

Our findings suggest that the previously reported poor performance of image-based
SfM using CP flight images [18,25] - commonly attributed to the dome effect - is also
influenced by the inaccurate estimation of f, which causes large mean vertical errors.
Images acquired under CP flight, as confirmed in our study, significantly compromise
the accuracy and precision of image-based SfM and can even lead to an incorrect model
reconstruction in MVS. Therefore, practical surveys should avoid employing CP flight
design or apply appropriate countermeasures such as augmenting camera coordinates

90



Remote Sens. 2025, 17, 2030

measured by RTK-GNSS or adding many GCPs to ensure stable SfM results when using
CP flights.

4.2. Remedy for Indeterminacy of Intrinsic Parameters in Image-Based SfM

Our numerical experiments demonstrate that adjustments to the shooting positions
of CP flights, such as a CP random flight, do not resolve the indeterminacy of intrinsic
parameters (f and cy). However, introducing intermediate short strips between primary
CP lines, as in the CP-Plus flight, effectively eliminated this indeterminacy in numerical
experiments and substantially reduced f and cy instability in the real-data analysis. This
result aligns with the known fact in aerial triangulation that introducing “cross strips” to a
block can improve the accuracy of block adjustment [36,37].

Our finding suggests that practitioners can largely mitigate concerns regarding the sig-
nificant instability of intrinsic parameters estimated by image-based SfM by incorporating
intermediate short strips into CP flights. Some built-in flight missions in flight planning
software packages automatically include intermediate strips. Such strips can be achieved
using timed-interval or distance-interval shot modes, as seen in the 3D photogrammetry
function of the DJI P4RTK drone or the “area route” option of the DJI Mavic 3E drone,
for example.

In contrast, there are other flight missions that do not include intermediate strips, such
as “waypoint” flight, where the camera shutter is triggered at specific predefined points.
Additionally, some flight planning software packages, such as Pix4D Capture [18,24,29,38]
or Pix4D Capture Pro, do not generate intermediate strips by default. These choices
preserve the CP critical configuration and risk that the intrinsic parameter estimation
will be unstable. Overall, embedding short cross-strips within CP flight plans prevents
theoretical indeterminacy of intrinsic parameters, delivering more stable and accurate
SfM reconstructions in practice without a reliance on camera coordinates measured by
RTK-GNSS or extensive GCP networks.

4.3. Implications for Common Flight Configurations

The commonly used nadir-viewing flight represents a special case of critical configu-
ration, where the pitch angle is zero. Therefore, our findings suggest that nadir-viewing
flights are also unable to determine f and cy.

Although not explicitly analyzed in this study, the results of the CP-Plus flight imply
that images captured by a “double grid” flight—commonly generated by many flight
planning software packages and built-in drone missions—are expected to support the
determination of f and cy. In this “double grid” flight, the images captured in the reverse
direction function as intermediate strips, thereby mitigating the indeterminacy of f and cy.

5. Conclusions

In this study, we investigated how certain intrinsic camera parameters in image-
based SfM become indeterminate using aerial photos from CP flights. Our numerical
experiments (Section 3.1) confirmed that the CP flight is a critical configuration that causes
the indeterminacy of intrinsic parameters, particularly focal length (f) and principal point
coordinate (cy), under idealized conditions in CG simulations. Further analyses with real
data (Section 3.2), involving three image-sets over 30 different SfM settings, demonstrated
that estimates of f and cy are highly unstable when using CP flight imagery.

As a countermeasure, we found that integrating intermediate short strips into the CP
flight design eliminates the indeterminacy of intrinsic parameters (f and cy) in numerical
experiments and markedly improves the stability of these parameters in real-data analyses.
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Our study reveals the potential to improve the accuracy of self-calibration using only
aerial images in SfM, without the need for GCPs or RTK-GNSS data. This advancement
not only simplifies the data acquisition process but also makes it more accessible and cost-
effective for practitioners. By stabilizing SfM calibration, all the subsequent stages—such
as MVS and dense point cloud generation—can be effectively enhanced, leading to more
accurate 3D reconstructions.

This study initiated the investigation of the indeterminacy from two basic intrinsic
parameters, f and cy. Investigations of other intrinsic parameters, including the principal
point in the x-direction (cx) and nonlinear distortion coefficients, need to be considered
in future research. Additionally, beyond CP flight designs, various other combinations
of camera motion and scene geometry may form critical configurations and highlight the
need for further exploration.
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Abbreviations

The following abbreviations are used in this manuscript:

BA Bundle Adjustment
CP Constant Pitch
DEM Digital Elevation Model
GCP Ground Control Point
GNSS Global Navigation Satellite System
MEZ Mean vertical error of all validation points
MVS Multi-View Stereo
RMS Error Root Mean Square Error
RTK-GNSS Real-Time Kinematic Global Navigation Satellite System
SfM Structure from Motion
UAV Unmanned Aerial Vehicle
Val_RMSE_T Total RMS error of all validation points
Val_RMSE_Z Vertical RMS error of all validation points
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Abstract

Accurate and robust navigation is fundamental to Unmanned Aerial Vehicle (UAV) remote
sensing operations. However, the susceptibility of UAV navigation sensors to diverse inter-
ference and malicious attacks can severely degrade positioning accuracy and compromise
mission integrity. Addressing these vulnerabilities, this paper presents an integrated frame-
work combining sensor anomaly detection with a Dynamic Adaptive Extended Kalman
Filter (DAEKF) and federated filtering algorithms to bolster navigation resilience and
accuracy for UAV remote sensing. Specifically, mathematical models for prevalent UAV
sensor attacks were established. The proposed framework employs adaptive thresholding
and residual consistency checks for the real-time identification and isolation of anoma-
lous sensor measurements. Based on these detection outcomes, the DAEKF dynamically
adjusts its sensor fusion strategies and noise covariance matrices. To further enhance the
fault tolerance, a federated filtering architecture was implemented, utilizing adaptively
weighted sub-filters based on assessed trustworthiness to effectively isolate faults. The
efficacy of this framework was validated through rigorous experiments that involved real-
world flight data and software-defined radio (SDR)-based Global Positioning System (GPS)
spoofing, alongside simulated attacks. The results demonstrate exceptional performance,
where the average anomaly detection accuracy exceeded 99% and the precision surpassed
98%. Notably, when benchmarked against traditional methods, the proposed system re-
duced navigation errors by a factor of approximately 2-3 under attack scenarios, which
substantially enhanced the operational stability of the UAVs in challenging environments.

Keywords: UAV photogrammetry; multi-source fusion; sensor attacks; interference detection

1. Introduction

Leveraging their efficiency and flexibility, Unmanned Aerial Vehicles (UAVs) have
achieved widespread deployment in the field of remote sensing, with applications spanning
critical domains such as environmental monitoring, precision agriculture, and engineering
surveying [1–6]. Particularly in applications utilizing UAV photogrammetry—the process
of generating high-accuracy three-dimensional (3D) digital models and orthomosaics from
aerial imagery—extremely stringent requirements are placed on the accuracy of the flight
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platform’s navigation and positioning system since navigation errors directly impact the
geometric fidelity and georeferencing precision of the final remote sensing product [7,8].
Consequently, achieving high-precision navigation has emerged as a critical challenge that
warrants further investigation in the field of UAV photogrammetry [9–11].

In the UAV navigation system, different sensors provide specific measurements. For
example, the Global Positioning System (GPS) utilizes the time of arrival data from mul-
tiple satellites to calculate the distance between the satellites and the receivers, thereby
estimating the UAV’s position. Moreover, the Inertial Navigation System (INS), based on
the Inertial Measurement Unit (IMU), processes the sensor inputs from the gyroscopes
and accelerometers to determine the current navigation attitude, speed, and position. It
provides high short-term accuracy and strong resistance to external interference. Further-
more, the magnetometer utilizes the Earth’s magnetic field or the artificial magnetic fields
to estimate the UAV’s yaw angle. However, a single sensor cannot consistently guarantee
accurate and seamless navigation for the UAV [12,13]. For example, the accumulating
INS navigation errors over time reduce the long-term accuracy [14]. Magnetometers are
susceptible to interference from nearby magnetic fields, significantly affecting their attitude
estimation, while the GPS is vulnerable to signal blockage and multipath distortions in
constrained environments [15].

In addition to static environmental factors, the GPS is particularly vulnerable to
human-induced malicious interference and attacks. With the rapid expansion of GPS and
magnetometer use, combined with advances in software-defined radio (SDR) technology,
UAV sensors are increasingly exposed to security threats [16,17]. For example, the avail-
ability of affordable radio hardware enables SDR devices capable of GPS signal spoofing,
thereby potentially compromising UAV positioning [18,19]. Moreover, the reliance on
wireless communication between UAVs, ground control stations, and satellites renders
these systems susceptible to a variety of attacks, including GPS spoofing, replay attacks,
and magnetic jamming [20–22]. Although recent real-time detectors—such as the isolation-
forest-based approach in [23]—can identify GPS spoofing and correct positioning errors
using secure infrastructure data, they necessitate extensive trusted coverage. Notably,
inertial sensors (e.g., accelerometers and gyroscopes) can perform consistency checks with
GPS data at the acceleration and angular velocity levels to detect spoofing attacks; these
inertial sensors are inherently immune to radio frequency (RF)-based spoofing or jamming
attacks [24].

Due to the limitations inherent in relying on a single sensor for attack detection,
numerous multi-source fusion (MSF) methods have been proposed to enhance state es-
timation accuracy in UAV navigation [25]. Dynamic black-box analysis has shown that
MSF schemes can significantly reinforce security against GPS spoofing [26]. For example,
Tao et al. [27] improved the positioning accuracy and stability by integrating low-cost
sensors. Wang Y et al. [28] categorized vehicular cybersecurity challenges into two main
areas: information-oriented and control-oriented. The control-oriented approaches were
further divided into data-driven methods [29,30] and model-based methods [31]. How-
ever, while data-driven methods are effective only for attacks represented in the training
data, model-based techniques detect deviations in sensor measurements from the expected
behavior, as predicted by the UAV’s mathematical model—and have been validated over
long-term operations [32]. In addition, Michieletto et al. [33] applied information-theoretic
tools for threshold testing by assessing the consistency of multimodal measurements, yet
this approach requires collaboration between multiple UAVs, thus limiting its applicability
to single-UAV operations.

Motivated by these findings, we introduce an integrated navigation framework fus-
ing the GPS, an IMU, and magnetic sensor data. This framework leverages mathematical
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model-based techniques within an adaptive MSF architecture to detect and isolate abnormal
measurements effectively. A key feature is the dynamic selection of reliable sensor com-
binations based on real-time reliability assessments, ensuring that robust, high-precision
navigation can be achieved using cost-effective sensors. The proposed framework for
anomaly detection and multi-source fusion is illustrated in Figure 1. Accordingly, this
paper presents the following three key contributions:

Figure 1. An illustration of the proposed anomaly detection and multi-source fusion algorithm
framework.

1. Problem: How can we achieve precise UAV navigation in environments subject to com-
plex interference and deliberate attacks to ensure the success of photogrammetry missions?

2. Solution: To address this challenge, we propose a trusted navigation framework
integrating sensor anomaly detection with adaptive sensor fusion.

3. Platform experiments: We conducted spoofing experiments using the SDR and
rigorously evaluated the proposed framework’s performance with UAV flight data. The
evaluation included comprehensive assessments of navigation error metrics and anomaly
detection accuracy.

The remainder of this paper is organized as follows: Section 2 details the kinematic and
measurement models for the UAV. In Section 3, we introduce the sensor attack detection
method and two adaptive fusion algorithms. Section 4 presents experimental validations
based on real flight data. Finally, Section 5 concludes the paper.

2. Preliminary Problem

This section presents the kinematic and measurement models for the UAV.

2.1. Kinematic Model of UAV

Kinematic and measurement models are critical for the accurate state estimation and
control of UAVs. The UAV was assumed to satisfy the following conditions:

(1) The UAV was modeled as a bilaterally symmetrical rigid body;
(2) It was subject only to gravitational and aerodynamic forces;
(3) The effects of Earth’s rotation and curvature on the navigation system were neglected.
The kinematic model was established using two coordinate systems: an inertial (Earth-

fixed) frame ∑n and a body-fixed frame ∑b attached to the UAV. Euler angles (φ, θ, ψ) were
used to represent the orientation between ∑b and ∑n, with a rotation order of z− y− x. The
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rotation matrix R, which transforms coordinates from the inertial system to the body-fixed
frame, is given as follows:

R = Rx(φ)Ry(θ)Rz(ψ) (1)

Subsequently, the rates of change of the Euler angles are expressed as

⎡
⎢⎣φ̇

θ̇

ψ̇

⎤
⎥⎦ =

⎡
⎢⎣1 sin φ tan θ cos φ tan θ

0 cos θ − sin φ

0 sin φ sec θ cos φ sec θ

⎤
⎥⎦ω (2)

where ω =
[
ωx, ωy, ωz

]T
denotes the UAV’s angular velocity, reflecting its attitude

changes. The UAV’s position is represented as P = [Pn, Pe, Pd]
T, and its linear velocity as

V = [Vn, Ve, Vd]
T. This framework links sensor measurements from onboard gyroscopes to

the UAV’s rotational motion.

2.2. Measurement Model of UAV

In this study, three sensors were utilized: the GPS, magnetometer, and an IMU. First,
the GPS provides the UAV’s position measurement, P̃, and linear velocity measurement, Ṽ ,
modeled as follows:

P̃ = P + eP

Ṽ = V + eV
(3)

where eP and eV are Gaussian white noise terms with covariances QP and QV , respectively.
The magnetometer provides the UAV’s yaw angle measurement, ψ̃, as follows:

ψ̃ = ψ + eψ (4)

where eψ represents Gaussian white noise with covariance Qψ.
The IMU, comprising a gyroscope and an accelerometer, measures the UAV’s angular

velocity and acceleration, respectively. The gyroscope measurement model is given by

ω̃ = ω + bw + eη (5)

where ω̃ is the measured angular velocity, bw = [bωx , bωy , bωz ]
T denotes the constant gyro-

scope bias, and eη = [eηx , eηy , eηz ]
T is Gaussian zero-mean noise. Similarly, the accelerometer

measurement model is given by

ã = R(a + ba) + ea (6)

where ã is the acceleration measurement, ba represents the constant accelerometer bias,
and ea denotes Gaussian zero-mean noise.

2.3. State Estimation Based on EKF

Due to the nonlinear nature of the UAV’s kinematic model (state equations), this paper
employs an adaptive EKF and federated filtering to implement an IMU/GPS/magnetometer
loosely coupled integration model. The EKF addresses nonlinear problems via local linear
approximations and has been widely applied [34,35].

First, we define the system state vector as

x = [φ θ ψ P V bw ba]
T (7)

98



Remote Sens. 2025, 17, 2176

The system motion model of the EKF is

ẋ = f (x) + w(t) (8)

where f(x) is a nonlinear function of the state vector that represents the product of the state
vector and the system matrix, and w(t) is the Gaussian white noise term.

Combining Equations (3) and (4), the observation model is expressed as

z = h(x) + v(t) =

⎡
⎢⎣zGPS

zMag

⎤
⎥⎦ =

⎡
⎢⎢⎢⎢⎢⎣

P̃

Ṽ

ψ̃

⎤
⎥⎥⎥⎥⎥⎦+ v(t) (9)

where h(x) is a linear function that maps the state to the observation space that is updated
using actual measurements.

Consequently, the measurement matrices for the GPS and magnetometer are
defined accordingly:

H(t) =
[

HGPS(t)T, HMag(t)T
]T

(10)

where
HGPS(t) = [06×3, I6×6, 06×6], HMag(t) = [0, 0, 1, 01×12]

The EKF comprises two primary steps:
(1) Prediction step:
In this step, the current state is estimated from the previous state using the state

transition equations, and the error covariance matrix is likewise propagated.
Discretizing Equations (8)–(10) using an improved Euler discretization method [36]

introduces a subscript k to denote the discrete time index:

x̂k/k−1 = Fk/k−1 x̂k−1/k−1

Pk/k−1 = Fk/k−1Pk−1/k−1FT
k/k−1 + Qk−1

(11)

where Qk denotes the discrete process noise covariance at step k− 1.
(2) Update step:
In the update step, the state estimate and error covariance are corrected based on the

innovation—the difference between the observed and predicted values. The Kalman gain
is calculated as follows:

Kk = Pk/k−1HT
k

(
HkPk/k−1HT

k + Rk

)−1
(12)

The state update process utilizes the innovation rk = [(rGPS
k )T, rMag

k ]T, comprising the

GPS residual rGPS
k and the magnetometer residual rMag

k . The residual rk can be estimated
and calculated as the difference between the actual measurement and the predicted value:

rGPS
k = zGPS − HGPS x̂k/k−1

rMag
k = zMag − HMag x̂k/k−1

(13)

3. Trusted Navigation Framework for UAV in Different Sensor
Interference Environments

UAVs are vulnerable to various sensor interferences during flight, which can signif-
icantly compromise the navigation accuracy. This study mainly investigated the sensor
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attacks on the GPS and magnetometer, and modeled GPS denial as a jamming attack. To
mitigate these threats, we first outline the primary types of UAV sensor attacks. Subse-
quently, two robust navigation algorithms were developed for abnormal detection and for
fusing trusted sensor information.

3.1. Types and Modeling of Sensor Attacks on UAV

GPS communications are frequently targeted by attackers, while magnetometers are
particularly susceptible to environmental magnetic interference. Navigation sensor attacks
are broadly categorized into jamming and spoofing attacks [37]. The characteristics of these
two threats to UAV communications are outlined below:

(1) Jamming attacks
Jamming attacks employ specialized equipment to inject noise into sensor signals,

degrading data quality and hindering the accurate collection of environmental information.
For example, electromagnetic or physical interference can disrupt GPS signals. Mathemati-
cally, a jamming attack on the signal is modeled by reducing the signal to NaN:

P̃interrupted
GPS,k = NaN

Ṽ interrupted
GPS,k = NaN

(14)

where P̃interrupted
GPS,k and Ṽ interrupted

GPS,k represent the jammed GPS position and velocity data,
respectively.

Similarly, magnetic jamming attacks are modeled by injecting a random bias:

ψ̃Mag = ψ̃ + δψinterference (15)

where ψ̃Mag denotes the jammed magnetic data and δψinterference is a random bias intro-
duced as the attack parameter.

(2) Spoofing attacks
Spoofing attacks involve the injection of forged signals during data collection, which

disrupts environmental perception, impairs decision-making, and compromises UAV
flight safety. For instance, attackers may transmit counterfeit GPS signals to spoof a UAV.
Mathematically, a spoofing attack is modeled by adding a fixed deviation:

P̃spoofed
GPS,k = P̃ + δ

spoofed
P

Ṽ spoofed
GPS,k = Ṽ + δ

spoofed
V

(16)

where δ
spoofed
P and δ

spoofed
V are the position and velocity offsets, respectively, used in the

spoofing attack model.
Replay attacks involve recording previously transmitted signals and resending them

later. The replay attack is modeled by introducing two distinct times t and t′:

P̃replayed
GPS,k = P̃GPS,k−Δ

Ṽ replayed
GPS,k = ṼGPS,k−Δ

(17)

where P̃replayed
GPS,k and Ṽ replayed

GPS,k represent the received GPS data corresponding to a previous
time Δ = t′ − t.

3.2. Anomaly Detection Mechanism for UAV in Sensor Attack Environment

Traditional methods for UAV sensor attack detection, such as model-driven mecha-
nisms and statistical techniques (e.g., fixed-threshold and least-squares methods [38]), are
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widely applied. However, the complex operational environments and variable mission
requirements of UAVs, coupled with their inherent strong nonlinearity and high dynamics,
often limit the flexibility and adaptability of these methods when processing complex flight
data, thereby hindering efficient and reliable detection in intricate scenarios.

To overcome the limitations of traditional methods, this paper proposes an anomaly
detection mechanism for sensor attacks on UAVs. This mechanism employs a residual
consistency check strategy that integrates continuous anomaly counting with dynamic
adaptive thresholding. It is designed to monitor persistent inconsistencies between the
UAV’s predicted state and actual sensor measurements, thereby enabling the more reliable
detection of sensor attacks. Specifically, the detection logic initially identifies potential sen-
sor attacks by evaluating the quadratic forms of the GPS residuals dGPS

k and magnetometer

residuals dMag
k , along with their dynamic variations.

(dGPS
k )2 = (rGPS

k )TCov−1(rGPS
k )rGPS

k

(dMag
k )2 = (rMag

k )TCov−1(rMag
k )rMag

k

(18)

where Cov(rk) represents the covariance matrix, and d2
k is expected to follow a chi-square

distribution with degrees of freedom equal to dim(zk).
If d2

k (d2
GPS,k, d2

Mag,k) exceeds the corresponding threshold τGPS (set to 20) or τMag (set
to 25), the respective sensor measurement is deemed abnormal:

⎧⎨
⎩d2

GPS,k > τGPS ⇒ GPS anomaly

d2
Mag,k > τMag ⇒ Mag anomaly

(19)

3.2.1. Adaptive Threshold and Heading Rate Compensation

In highly dynamic environments, using only a fixed threshold can result in numerous
misjudgments. To address this, we propose an adaptive threshold mechanism that is
particularly optimized for scenarios with rapid heading angle changes:

τMag(k) = τMag,base · f (ψ̇k) (20)

where τMag,base is the initial threshold of the magnetic sensor mentioned in Equation (19);
f (ψ̇k) denotes the heading angle change rate function:

f (ψ̇k) =

⎧⎨
⎩1, if |ψ̇k| ≤ ψ̇threshold

1 + λ(|ψ̇k| − ψ̇threshold), if |ψ̇k| > ψ̇threshold
(21)

where ψ̇k =
ψk−ψk−1

Δt represents the rate of change of the heading angle; λ is the compensa-
tion coefficient (set to 3.0); and ψ̇threshold is the threshold that triggers the compensation
(set to 0.15 rad/s).

3.2.2. Consecutive Anomaly Counting and Residual Consistency Detection

To mitigate misjudgments caused by instantaneous fluctuations, a continuous anomaly
counting mechanism is introduced:

Csensor,k =

⎧⎨
⎩min(Csensor,k−1 + 1, Cmax), if sensor abnormal at k

max(Csensor,k−1 − 1, 0), otherwise
(22)

where Csensor,k is a non-negative integer, and the upper limit of the count is Cmax (set to 6).
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At this time, the conditions judged as abnormal are

Asensor,k =

⎧⎪⎪⎨
⎪⎪⎩

true, if Csensor,k ≥ Cthreshold

false, otherwise

(23)

where Cthreshold (set to 6) is the threshold for the consistency of continuous residual signs.
When the threshold is exceeded, it is considered that enough continuous anomalies are
detected to reduce the interference of short-term peak noise.

Furthermore, to enhance the detection accuracy, a residual consistency check is
also incorporated:

consistentbias =

(∣∣∣∣∣
N−1

∑
i=0

sign(rk−i)

∣∣∣∣∣ ≥ η1N

)
∧
(∣∣∣∣∣ 1

N

N−1

∑
i=0

rk−i

∣∣∣∣∣ ≥ η2

)
(24)

where rk represents the measurement residual, N is the history window length (set to 10),
η1 is the consistency threshold (set to 0.6), and η2 is the deviation amplitude threshold (set
to 0.05).

By combining d2
k with the residual consistency measure, we define a comprehensive

reliability criterion for each sensor:

Relsensor,k = ¬
(

d2
sensor,k > τsensor,k ∨ consistent biassensor,k

)
(25)

where Relsensor,k(RelGPS,k, RelMag,k) denotes the reliability of the sensor at time k, and a true
value means that the sensor is reliable.

Based on this analysis, if the Relsensor,k value is true, the corresponding sensor mea-
surement is used in the EKF update step. Conversely, if a sensor abnormality is detected,
the measurement from that sensor is isolated (not used directly in the update), and the
system relies on the fusion of the remaining reliable sensors or prediction only:

x̂k = x̂k/k−1 + Kkrk

Pk = (I − Kk Hk)Pk/k−1
(26)

3.3. Multi-source Fusion Based on DAEKF

Following the sensor data anomaly detection, additional data processing and multi-
source fusion are conducted. The abnormal data isolation and fusion scheme proposed
in this paper is illustrated in Figure 2. Specifically, the primary innovation of the DAEKF
is its ability to adaptively select reliable measurements for the update step based on the
anomaly detection results. Based on the sensor reliability flags RelGPS and RelMag, four
update modes are defined:

Modek =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

Both, if RelGPS,k ∧ RelMag,k

GPS only, if RelGPS,k ∧ ¬RelMag,k

Mag only, if ¬RelGPS,k ∧ RelMag,k

IMU only, if ¬RelGPS,k ∧ ¬RelMag,k

(27)

The covariance is updated using the Joseph form to ensure numerical stability:

Pk|k = (I−KkHk)Pk|k−1(I−KkHk)
T + KkRkKT

k (28)
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Figure 2. Diagram of the proposed anomaly detection and adaptive fusion framework.

To further improve the system adaptability, both the process noise covariance matrix
Qk and the measurement noise covariance matrix Rk are dynamically adjusted based on
the anomaly status:

Qk =

⎧⎨
⎩γQ ·Qbase, if in anomaly mode

Qbase, otherwise
(29)

Rk =

⎧⎨
⎩γR · Rbase, if in effect period

Rbase, otherwise
(30)

where γQ and γR are the augmentation factors, which are set to 2 and 3, respectively. This
adjustment allows the system to increase the process uncertainty during anomalies and
to augment the measurement uncertainty during the recovery phase, thereby achieving a
smooth transition.

The proposed anomaly isolation and adaptive fusion mechanism was validated
through four representative attack scenarios, as summarized in Table 1, that encompassed
the following: (1) no attacks or anomalies; (2) GPS-only attacks; (3) only magnetic interfer-
ence attack exists; (4) simultaneous GPS and magnetic jamming attacks.

Table 1. Proposed fusion scheme.

Case GPS Status Magnetic Status Result Fusion Strategy

1 No Alarm No Alarm No Attack GPS + Magnetic + IMU
2 Alarm No Alarm GPS Attack Magnetic + IMU
3 No Alarm Alarm Magnetic Attack GPS + IMU
4 Alarm Alarm GPS and Magnetic Attack IMU

Case 1: No warning was generated, indicating an attack-free environment. In this
scenario, the GPS, magnetometer, and IMU data were fused for navigation.

Case 2: Only a GPS anomaly was detected, which triggered a GPS attack warning.
Consequently, the navigation system relied primarily on the magnetometer and IMU data.

Case 3: Only a magnetometer anomaly was detected, which led to a magnetic sensor
warning; the GPS and IMU data were then used for navigation.

Case 4: Both GPS and magnetometer anomalies were detected. These sensors were
isolated, and the system used solely IMU data to maintain short-term precise navigation.

We simulated these attack scenarios using GPS and magnetometer data to represent
potential threats during UAV flights. When the anomaly detection mechanism did not flag
any anomaly (as in Case 1), the sensors were considered reliable and their data was fused
using the EKF. Conversely, when a sensor attack was identified, the compromised data
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was isolated, and information from the unaffected sensors was fused to ensure reliable
navigation in complex environments.

Detector 1 is dedicated to detecting GPS attacks. When GPS sensor data is flagged
as abnormal, a GPS attack warning is issued and the state estimate along with the error
covariance are updated accordingly:

Kk = Pk/k−1HT
k

(
HkPk/k−1HT

k + RGPS,k

)−1

x̂k = x̂k/k−1 + KkrGPS
k , Pk = (I − Kk Hk)Pk/k−1

(31)

In scenarios where only a GPS attack is present, the compromised GPS data is isolated
while the unaffected magnetometer and IMU data are fused to update the UAV’s attitude
and position (corresponding to Case 2 in Table 1).

Detector 2 is responsible for detecting magnetic interference attacks. When an anomaly
is detected in the magnetometer data, a magnetic interference warning is triggered, and the
state estimate along with the error covariance is updated accordingly:

Kk = Pk/k−1HT
k

(
HkPk/k−1HT

k + RMag,k

)−1

x̂k = x̂k/k−1 + KkrMag
k , Pk = (I − Kk Hk)Pk/k−1

(32)

In scenarios where only magnetic interference is present (Case 3 in Table 1), the
system isolates the affected magnetometer data. If both the GPS and magnetic sensors are
compromised, both data sources are isolated, and the UAV relies solely on the IMU for
short-term precise navigation (Case 4 in Table 1).

3.4. Multi-source Fusion Based on Federated Filtering

When facing severe sensor attacks, a local single-point failure can result in a global
deviation in navigation. To address this, we further investigated federated filtering for
information isolation and global fusion. The federated filter stands as an advanced de-
centralized filtering architecture, leveraging the information sharing principle for robust
state estimation and fault tolerance. It achieves this through meticulously designed update
steps, information fusion, and information distribution mechanisms.

During the filtering process, each sub-filter performs a time update and measurement
update independently, and the main (global) filter fuses the results of each sub-filter to
obtain the global optimal estimate or conservative suboptimal estimate [39,40]. In our
adaptive federated filtering algorithm, three sub-filters are implemented: (1) GPS sub-filter:
mainly processes position and velocity information; (2) magnetometer sub-filter: mainly
processes yaw angle information; (3) IMU sub-filter: mainly processes acceleration and
angular velocity information.

The information allocation in the federated filter is governed by the following
principle [41]:

P−1
0,i = βiP

−1
0 , ∑

i
βi = 1 (33)

where βi denotes the proportion of information allocated to the i-th sub-filter. The initial
weights are configured as 0.6 for the GPS sub-filter, 0.3 for the IMU sub-filter, and 0.1 for
the magnetometer sub-filter, respectively.

The core innovation of the adaptive federated fusion framework lies in its dynamic
adjustment of the trust levels of sensor subsystems based on real-time anomaly detection
results. The trust assigned to each subsystem is updated continuously over time:

trusti,k = trusti,k−1 + Δtrusti,k (34)
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When an anomaly is detected:

Δtrusti,k = −αdecay,i · trusti,k−1 (35)

When the sensor is normal:

Δtrusti,k = αincrease,i · (trusti,max − trusti,k−1) (36)

where αdecay,i and αincrease,i are the decay rate and growth rate, and trusti,max is the maxi-
mum trust limit.

Based on the trustworthiness of the subsystems, normalized weights are calculated:

ωi,k =
trusti,k

∑j trustj,k
(37)

Subsequently, fusion is performed in the information filter framework by combining
the individual sub-filter information matrices.

P−1
global,k = ∑

i
ωi,kP−1

i,k

P−1
global,k x̂global,k = ∑

i
ωi,kP−1

i,k x̂i,k
(38)

Thus, the global optimal estimate x̂global,k is obtained:

x̂global,k = Pglobal,k ∑
i

ωi,kP−1
i,k x̂i,k (39)

To prevent individual sub-filters from diverging and to contain the impact of an
attack locally—thus avoiding a global collapse due to a single-point failure—a feedback
mechanism was implemented. For example, if an attacker spoofs or jams the data of a
particular sensor, only that sub-filter’s local estimation x̂i,k will be affected. The main
filter then mitigates the impact on the overall estimation by appropriately adjusting the
corresponding weights Pi,k:

x̂i,k ← αfeedback,i · x̂global,k + (1− αfeedback,i) · x̂i,k

Pi,k ← αfeedback,i · Pglobal,k + (1− αfeedback,i) · Pi,k
(40)

where αfeedback,i is the feedback coefficient.

4. Experimental Analysis

This section presents the experimental validation of our proposed navigation frame-
work, specifically assessing its robustness for high-precision applications, like UAV pho-
togrammetry. The fidelity of 3D environmental reconstructions, such as those of a university
campus, is critically dependent on accurate vehicle trajectory data. However, the navi-
gation sensors that provide this data are vulnerable to both environmental interference
and malicious attacks. Therefore, the experiments herein were designed to quantitatively
evaluate the framework’s ability to mitigate these threats. The evaluation focused on the
efficacy of the dynamic adaptation and federated filtering algorithms in maintaining a
high navigation accuracy under anomalous conditions, which ensured the data integrity
required for successful 3D reconstruction in complex or adversarial environments.

The experimental hardware platform, depicted in Figure 3, comprised a DJI M350 RTK
UAV manufactured by DJI (Shenzhen, China) and a ground station. The ground station
included a GPS spoofing attack device (USRP B210) from Ettus Research (Austin, TX, USA),
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a portable power bank, and a laptop terminal for operation. The USRP B210 features a
broad RF coverage range from 70 MHz to 6 GHz. During the experiments, the UAV’s
flight controller logged a comprehensive suite of telemetry data, including the geodetic
position (longitude, latitude, height), attitude (roll, pitch, yaw), inertial measurements
(linear acceleration, angular velocity), velocity vectors, and magnetometer readings. All
flight experiments, including the GPS attack scenarios, were conducted in an open-field
environment at the Beihang University Hangzhou International Innovation College in
Hangzhou, Zhejiang Province, China (coordinates: 119◦58′14′′E, 30◦21′34′′N).

Figure 3. UAV flight and GPS attack experimental setup.

Initially, a GPS attack experiment was conducted. In this experiment, a USRP B210 was
connected to a laptop and used to generate a forged ephemeris file that corresponded to
the target location (Xining, coordinates: 101◦48′25′′E, 36◦38′50′′N). The generated spoofing
signal, mimicking GPS satellite signals, was then transmitted via a connected antenna. As
shown in Figure 4, the position information on both Google Maps and the test software
“Satellite Companion” confirmed that the smartphone’s location was successfully spoofed
to the preset target. Furthermore, Figure 5 shows the map interface on the UAV controller,
which presents map data corresponding to the spoofed location—thus demonstrating the
feasibility of launching GPS attacks on the UAV.

(a) (b)

Figure 4. Illustrative results of GPS spoofing attack on a map-based testing tool: (a) Google Maps;
(b) satellite companion application.

Figure 6 demonstrates the comparison of the UAV photogrammetry under two differ-
ent conditions. Figure 6a shows the normal flight state: the UAV flew along the planned
route (red trajectory line) to cover the target mapping area. During this process, the UAV
flew from the starting point to the end point and systematically collected a series of aerial
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images. The overlap rate between these images (with black rectangular boxes indicating
their ground coverage)—primarily encompassed the forward overlap rate (the overlap
between two consecutive photos as the UAV advanced along a single flight line) and
the sidelap overlap rate (the overlap between adjacent photos from two parallel flight
lines)—was precisely controlled. This ensured the integrity and spatial continuity of the
data, which laid the foundation for subsequent high-precision three-dimensional scene
reconstruction through the principles of photogrammetry. In contrast, Figure 6b demon-
strates a scenario where the UAV encountered external interference or GPS spoofing attacks
during flight. As a result, the actual flight trajectory of the UAV deviated significantly
from the planned route, which presented an irregular and chaotic pattern. This directly
led to disordered aerial image acquisition positions and uneven ground coverage. The
overlap rate between the images became uncontrollable, which potentially resulted in rates
that were too low, missing, or even large areas of coverage gaps. This unstructured and
defective data collection mode greatly increased the difficulty of the 3D reconstruction and
was likely to result in reconstruction failure or data loss in the final model, which made it
impossible to fully and accurately reproduce the target scene.

Figure 5. Map interface of a UAV remote controller displaying the effects of a GPS spoofing attack.

(a) (b)

Figure 6. Comparison of UAV photogrammetry under different flight conditions: (a) normal flight;
(b) flight under simulated navigation interference or spoofing attack.
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To validate the proposed adaptive dynamic fusion and federated filtering algorithms,
real flight data were collected from a UAV over a 380 s period. In the post-processing,
various attack scenarios were simulated using the collected data: from 32 to 36 s, a spoofing
attack was applied with a positional offset of [15, 15, 20] m; from 113 to 118 s, a replay
attack was performed wherein the GPS received data from 4 s earlier; from 240 to 243 s,
an interference/interruption attack was implemented, during which the GPS data became
NaN; and from 320 to 323 s, a magnetic interference attack imposed a yaw angle offset of
0.25 rad (approximately 14.32°).

The performance of the navigation algorithms was evaluated using the RMSE [42,43],
while the anomaly detection performance was assessed using the accuracy and precision
metrics, which evaluated both the localization robustness and detection capability.

The position accuracy was quantified using the RMSE:

RMSEpos =

√√√√ 1
N

N

∑
k=1
‖p̂k − ptrue

k ‖2 (41)

where p̂k is the position estimate, and ptrue
k is the real position.

The attitude accuracy was evaluated by the Euler angle RMSE:

RMSEφ,θ,ψ =

√√√√ 1
N

N

∑
k=1
‖Φ̂k −Φtrue

k ‖2 (42)

where Φ̂k is the pose angle estimate.
Figure 7 illustrates the UAV flight trajectories. It is evident that the Classic EKF suf-

fered from significant position deviations during the GPS attack periods. In practice, GPS
spoofing may cause the UAV to be redirected to unintended locations—posing collision
risks—while outdated data and interference interruptions can lead to severe positioning
inaccuracies. The isolation and fusion algorithms proposed in this paper can mitigate
these risks. As illustrated in Figure 8 (middle and bottom panels), the anomaly detection
algorithm proposed in this study accurately identified GPS spoofing and magnetic inter-
ference attacks. Simultaneously, the federated filter adjusted the weights of the sub-filters
(Figure 8, top panel) based on the detected anomalies. Moreover, by dynamically selecting
more reliable data for subsequent fusion, the approach significantly mitigated the risks and
navigation errors induced by sensor attacks. Even under sensor attacks, these algorithms
delivered robust navigation.

To evaluate the performance of the proposed MSF algorithm, a comparative analysis
was conducted against a Classic EKF that utilized a fixed-threshold anomaly detection
mechanism. The experimental protocol was designed to compare the RMSE in the naviga-
tion solutions and the computational latency associated with the anomaly detection and
judgment across the entire operational duration. Ten distinct sets of comparative experi-
ments were executed, incorporating specific attack benchmarks: signal interruption (3 s),
replay attack (5 s), magnetic interference (3 s), spoofing attack (3 s), yaw offset (0.25 rad),
position offset ([10, 10, 20] m), and replay time offset (4 s). In addition, a series of interfer-
ence and spoofing attacks of progressively increasing intensity were implemented, with
detailed outcomes presented in Table 2. The experimental results reveal that the DAEKF
achieved the shortest latency for algorithmic anomaly detection and judgment, whereas the
federated filtering algorithm exhibited marginally longer processing times. Regarding the
navigation accuracy, the conventional EKF demonstrated comparatively elevated the RMSE
values; its performance was most substantially degraded under replay attack scenarios. In
contrast, both the proposed DAEKF and the federated filtering algorithm yielded lower
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average RMSE values, indicating superior robustness and enhanced navigation accuracy
across diverse attack and interference conditions.

Figure 7. Comparative Three-dimensional trajectory analysis of three algorithms.

Figure 8. Federated filtering-based anomaly detection and global fusion process diagram:
(top) real-time sub-filter weight adjustments; (middle) sensor attack anomaly detection statistics;
(bottom) consecutive anomaly counts and attack status flags.

Figure 9 presents the performance evaluation metrics for the anomaly detection con-
cerning sensor attacks. Each experiment covered four typical attack events, namely, GPS
spoofing attacks, replay attacks, interference/interruption attacks, and magnetic interfer-
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ence attacks. The results clearly demonstrate that the proposed algorithm achieved an
average accuracy that exceeded 99% and an average precision that surpassed 98% across
these attack scenarios.

Table 2. Comparison of RMSE and anomaly detection times for three algorithms.

Attack Events Classic EKF (m|s) DAEKF (m|s) FF (m|s)

1 Attack benchmarks 3.00|0.264 1.54|0.079 1.01|0.481
2 Signal interruption 5 s 3.04|0.191 1.69|0.048 1.17|0.324
3 Replay attack 7 s 17.21|0.197 3.51|0.050 2.55|0.335
4 Mag interference 8 s 2.98|0.186 1.59|0.047 1.09|0.317
5 Spoofing attack 6 s 3.67|0.192 1.72|0.048 1.18|0.323
6 Spoofing offset [20, 20, 30] m 1.65|0.189 1.64|0.048 1.08|0.324
7 Spoofing offset [40, 40, 60] m 1.70|0.206 1.69|0.052 1.08|0.347
8 Spoofing yaw offset 0.35 rad 2.88|0.193 1.60|0.048 1.10|0.325
9 Spoofing yaw offset 0.50 rad 3.07|0.197 1.73|0.049 1.15|0.333

10 Replay time offset 8 s 2.95|0.197 1.63|0.049 1.03|0.329
FF: federated filtering.

Figure 9. Anomaly detection performance of DAEKF and federated filtering.

5. Conclusions

This study addressed the critical challenge of maintaining navigation integrity for
a UAV under sensor attacks or severe interference, particularly for precision-dependent
applications, such as UAV-based remote sensing. We propose a robust navigation fusion
framework that integrates an anomaly detection mechanism based on adaptive threshold-
ing and residual consistency checks, with an adaptive sensor fusion strategy. By mathemat-
ically modeling sensor attacks, the system efficiently identifies and isolates anomalous data,
thereby preventing error propagation. The proposed DAEKF adaptively reconfigures the
fusion strategy upon attack detection, prioritizing trusted data sources, such as the IMU.
To further bolster the resilience, a federated filtering architecture was implemented, which
isolates sensor faults at the sub-filter level and dynamically adjusts information fusion
weights based on assessed reliability, effectively mitigating fault propagation. Rigorous
experimental evaluations that utilized real-world UAV flight data alongside simulated GPS
spoofing, replay, interference, and magnetic interference attacks, empirically validated the
framework’s performance. The anomaly detection mechanism achieved a high accuracy
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(>99%) and precision (>98%). Critically, compared with conventional methods, the pro-
posed DAEKF and federated filtering algorithms significantly enhanced the navigation
accuracy under attack conditions, where the DAEKF also substantially reduced the anomaly
detection latency. These findings underscore the efficacy of the proposed framework in
sustaining precise and reliable UAV navigation in complex or adversarial environments,
thereby holding significant promise for improving UAV operational safety and mission
success rates. Future research will focus on integrating reinforcement learning techniques
to enhance system autonomy and robustness in unknown complex environments, and on
optimizing the federated filter structure to further reduce the anomaly detection time.
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Highlights

What are the main findings?

• Layout configuration of satellite–UAV integrated remote sensing was transformed into
a spatial sampling problem.

• An SSO (spatial sampling optimization) model was proposed.
What is the implication of the main finding?

• Sampling efficiency requires considering both cost and accuracy.
• The SSO-optimized plan improved efficiency by at least 38.7% over conventional plans.

Abstract

Satellite and UAV-based remote sensing have been widely used for agricultural systems
monitoring jointly. How to quantitatively optimize the efficiency of integrating these
two techniques remains largely understudied. To address this gap, we, for the first time,
formulate the configuration of satellite–UAV integrated system as a spatial sampling
optimization problem and propose an SSO (spatial sampling optimization) model that
jointly optimizes the spatial locations and flight paths of UAV sampling within the satellite
monitoring area. The SSO model enables maximizing the accuracy of monitoring under a
given cost constraint. We obtained comprehensive data in rapeseed fields and conducted
experiments based on the SSO model. We compared the sampling effectiveness of the
SSO model with that of simple random sampling, systematic sampling, equal stratified
sampling and Neyman stratified sampling. The results showed that the SSO-optimized
plan had the highest sampling efficiency, which was at least 38.7% higher than that of the
best-performing conventional method (Neyman stratified sampling). Under the same cost
constraint, the SSO-optimized sampling scheme can have 11.1% more sampling points
than the conventional sampling scheme. The Elite Genetic Algorithm (EGA) performed
well in solving the SSO model. The error of the SSO-optimized scheme was reduced
by 27.3% and the sampling distance was reduced by 7000 to 8000 m on average. In
conclusion, the proposed SSO model helps to optimize the configuration of satellite–
UAV integrated remote sensing, thereby improving the cost-effectiveness of agricultural
monitoring systems. We call for considering cost constraints and increasing efficiency in
agricultural system monitoring and government censuses in the future.

Keywords: spatial sampling; remote sensing; UAV; optimization; genetic algorithm (GA)
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1. Introduction

Satellites and UAVs (unmanned aerial vehicles) are playing an increasing role in
monitoring agricultural systems [1,2]. Satellite remote sensing and UAV-based remote
sensing are highly complementary in terms of coverage and accuracy of acquired data [3].
Satellite remote sensing offers broad spatial coverage and low observation costs but lacks
accuracy, while UAV-based remote sensing provides high observation accuracy and can
potentially replace ground sampling in specific scenarios [4], albeit at a higher cost.

Integrating satellite and UAV data can provide higher-accuracy observation over a
larger spatial area [5]. One of the approaches that previous studies focus on is using UAV
data to calibrate satellite models and thus indirectly enhance the accuracy of large-scale
monitoring [6]. Another approach is merging satellite and UAV image data to generate new
products for spatial-temporal fusion [7]. Despite this, the challenges of directly and instantly
integrating the extensive coverage of satellite remote sensing with the high accuracy of
UAV-based remote sensing remain unresolved [8]. Since UAV-based remote sensing focuses
on localized areas, whereas satellite remote sensing covers large regions, the relationship
between UAV observations and satellite scenes can be regarded as analogous to sampling
within a population. Thus, it is meaningful to consider UAV configuration as a spatial
sampling problem within satellite-monitored regions. Spatial sampling optimization is
crucial in agricultural remote sensing for achieving the desired observation accuracy at
minimal cost [9].

Spatial sampling refers to the design and implementation of sampling methods for
spatially correlated targets. A central goal is to use as few sampling points as possible to
characterize the spatial pattern of the target variable, thus improving parameter estimation
at unsampled locations [10]. In agricultural monitoring, spatial sampling optimization
aims to balance accuracy and cost by either achieving the highest accuracy under a fixed
cost or minimizing cost for a predefined accuracy level [11].

A broad range of spatial sampling methods has been proposed, including design-
based approaches and model-based approaches [10]. Classic methods include simple
random sampling [12], systematic sampling [13], stratified sampling [14], MSN (means
of surfaces with nonhomogeneity) sampling [15], and Latin hypercube sampling [16].
These studies provide important foundations for spatial monitoring in environmental and
agricultural systems.

However, existing spatial sampling approaches applied in remote sensing still share
two critical limitations: (1) they primarily focus on single-platform systems (either
satellite or UAV) [17,18], and (2) they neglect the cost-accuracy trade-offs in multi-source
integration [19,20]. Such limitations are particularly restrictive for agricultural systems,
where satellite coverage and UAV accuracy offer natural complementarities that could be
exploited through optimized cross-platform sampling designs.

This study aims to develop an SSO (spatial sampling optimization) model that
combines the characteristics of satellite and UAV-based remote sensing. By doing
so, it seeks to balance accuracy and cost in spatial sampling surveys, addressing the
configuration optimization problem of satellite–UAV integrated remote sensing systems
for agricultural monitoring.

Specifically, our work focuses on the optimal allocation of observation resources
for both satellite remote sensing and UAV-based remote sensing, and, to the best of
our knowledge, is the first to transform the configuration optimization problem of a
satellite–UAV integrated agricultural monitoring system into a formal spatial sampling
problem. This approach enriches the theory of spatial sampling by incorporating satellite–
UAV integrated monitoring techniques and improves the estimation of sampling errors
in UAV observations within satellite observation areas. Furthermore, the optimization
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analysis method under constraints is utilized to introduce the cost dimension as an
optimization objective, enabling the resolution of the resource allocation problem for
multiple observation techniques.

Overall, the proposed SSO model contributes to improving the efficiency of integrating
satellite and UAV-based remote sensing for agricultural monitoring. By jointly optimizing
sampling accuracy and cost, the model enables fast, cost-effective, and accurate monitoring,
offering a practical and efficient solution for large-scale agricultural sampling surveys.

2. Spatial Sampling Optimization Model

2.1. Problem Formulation

In this study, agricultural condition monitoring was employed as the application
context for developing the SSO model for a satellite–UAV integrated remote sensing system.
Farmland areas, characterized by large spatial extents and few obstacles, are well-suited
for large-scale monitoring through the combined use of satellites and low-altitude UAV
platforms. The overall structure and spatial sampling layout of the satellite–UAV integrated
system for agricultural monitoring are illustrated in Figure 1.

Figure 1. Satellite–UAV integrated remote sensing system for agricultural monitoring.

When observing a single area at the same time each day, the satellite requires only
one pass to acquire an image, whereas UAV monitoring must rely on multiple sampling
points, repeated flights, or even simultaneous operations of multiple UAVs. Therefore,
optimizing the configuration of the satellite–UAV system essentially involves multi-
objective optimization of UAV sampling locations and flight paths to achieve both accuracy
and efficiency.

In the field of geostatistics, model-based sampling techniques often incorporate prior
knowledge to address multi-objective optimization problems. Given the distinct data
acquisition characteristics and sensing mechanisms of satellite and UAV platforms, a
spatial sampling model was designed to enable UAV-based low-altitude sampling and
monitoring within satellite observation areas.

Sampling size and spatial distribution are key factors that influence both the accuracy
and implementation cost of spatial surveys [21]. Hence, the proposed spatial sampling
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model focuses on optimizing the number and spatial arrangement of samples while
balancing sampling accuracy and cost.

During the generation of the sampling plan, accuracy is the primary consideration.
Generally, increasing the number of sampling points improves accuracy. Moreover,
properly selected sampling locations can ensure that the sample data adequately represent
the overall spatial pattern; that is, minimizing the error between sampled and population
values. Thus, the initial optimization objective is to minimize sampling error, which
characterizes the accuracy of sampling results.

In the process of generating the sampling plan, the primary consideration is the
accuracy of the sampling survey. In general, the greater the number of sampling points is,
the better the accuracy of sampling. Proper locations enable the sampling survey data to
fully represent the overall situation in the region; that is, the error between the sampling
data and the population data is minimized. Therefore, the initial optimization goal is to
minimize the sampling error, which is used to characterize the sampling accuracy; the
smaller the error is, the better the accuracy.

While ensuring sufficient accuracy, the sampling cost must also be constrained. The
total flight time required for UAV sampling can be used as a quantitative indicator of cost;
longer flight times correspond to higher operational costs of the integrated system.

The normalized difference vegetation index (NDVI), a widely used indicator of crop
growth and nutritional status, was selected as the target variable. By optimizing the
spatial configuration of the satellite–UAV integrated system, this study aims to obtain
accurate large-scale data at limited cost, thereby improving the efficiency of agricultural
condition monitoring.

2.2. Assumptions

Due to the flexibility in the design of the satellite–UAV integrated remote sensing
system, the parameters of the UAV are set based on the research objectives and experimental
plans. For conciseness and simplicity, the following assumptions and simplifications are
made for the UAV sampling parameters:

• The UAV sampling frame was fixed at 10 × 10 m. Each sampling point required
5 s to complete, and the UAV could operate continuously for 25 min (1500 s) on
a single battery charge without replacement during the entire sampling process.
These parameters were determined based on actual flight tests and the study
area characteristics.

• The UAV flight speed was fixed at 6 m/s, which meets the minimum cruising
speed requirement for multirotor UAVs specified in the Chinese national standard
GB/T 39612-2020 [22].

• Instrument reuse precluded exact cost calculation; thus, sampling cost was proxied by
total time, with accuracy evaluated via sampling error per conventional practice.

2.3. Model Establishment

The number and spatial distribution of UAV sampling points directly affect both
the accuracy and cost of data acquisition. Too few points may fail to meet monitoring
requirements, whereas too many lead to unnecessary resource consumption. Selecting
sampling locations rationally can reduce the number of points while maintaining sufficient
representativeness. An unreasonable spatial layout, however, may cause deviations in overall
estimates. Therefore, determining the optimal number and distribution of sampling points is
essential for layout optimization in satellite–UAV integrated agricultural monitoring systems.

Spatial sampling design is a typical NP-hard (non-deterministic polynomial-time hard)
optimization problem [23] involving multiple conflicting objectives such as accuracy, cost,
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and representativeness. In this study, sampling accuracy, jointly affected by the number
and spatial configuration of sampling points, was used as the objective function, while
sampling cost served as the constraint to search for a satisfactory solution.

Given the known number and locations of UAV sampling points and the UAV’s
flying speed, the flight path planning task was formulated as a classic traveling salesman
problem (TSP) [24], in which the UAV starts from a fixed point, visits each sampling
location exactly once, and returns to the origin. In this study, the starting point was
set as the center of the research area. Since the TSP is an NP-hard problem whose
computational complexity grows exponentially with problem size, traditional algorithms
are often inefficient. Therefore, intelligent optimization algorithms such as the genetic
algorithm (GA), ant colony optimization, and simulated annealing are commonly employed
to obtain near-optimal solutions [25].

Based on the above analysis, the SSO model was developed. The overall workflow of
the model is shown in Figure 2. First, for a given number of sampling points N, the spatial
locations of these points are optimized to achieve the maximum possible accuracy. This
maximum accuracy value is then compared with the empirical threshold α. If the value is
lower than α, the number of sampling points is increased, and the optimization process
is repeated. When the maximum accuracy exceeds α, the UAV flight sequence among
the sampling points is optimized to minimize the total sampling cost. The minimum
cost obtained from this step is compared with the empirical cost threshold β. If the
minimum cost is below β, the corresponding sampling configuration is retained as a
feasible alternative. Otherwise, the number of sampling points is considered to have
reached its upper limit.

Figure 2. Workflow of the SSO model.
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All feasible alternatives are then ranked according to their sampling accuracy and cost
to produce an optimized set of sampling schemes. Finally, the sampling efficiency of these
schemes is evaluated, and the one with the highest efficiency is selected as the optimal plan.
The main parameters of the SSO model used in this study are summarized in Table 1.

Table 1. Parameters of the SSO model and EGA.

Parameter Value Description

α 3.33× 102 Threshold for acceptable sampling accuracy
β 1500 Threshold for acceptable time cost
Population size 60 Number of individuals per generation
Max generations 50 Termination condition of evolution
Mutation probability 0.50 Probability of mutation
Crossover rate 0.70 Probability of crossover
Convergence threshold 1.00× 10−6 Criterion for stopping evolution
Selection method Tournament Strategy for selecting parents
Mutation operator Inversion Reverses a random gene segment

Crossover operator PMX Partially matched crossover
(permutation encoding)

Encoding type Permutation Suitable for route/layout optimization

2.3.1. Objective Function

The core task of spatial sampling with UAVs in satellite observation areas is to use the
NDVI sample data acquired by UAVs to obtain an accurate representation of the overall
distribution of the NDVI in the study area. It is assumed that there are m satellite image
pixels in the observation area, where each image pixel includes k UAV observation pixels;
thus, the study area includes a total of mk UAV pixels. For the parameters to be estimated,
the NDVI obtained from UAV imagery can be used as prior knowledge to update the
spatial distribution, that is, by adding relative true values [4]. The representative satellite
error of UAV sampling can be expressed by the following formula [26]:

σ2 =
1
k

MSE

[
1 +

1
n
+

S2
X + (X̄− x̄)2

ns2
x

]
(1)

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (2)

where MSE represents the mean squared error between the satellite observations and
the true values in the UAV sampling area. x̄ and s2

x represent the mean and variance of
the sampled UAV pixels, respectively. X̄ and S2

X represent the mean and variance of the
population distribution in the study area, respectively, and n represents the number of UAV
pixels sampled.

Formula (1) shows that the errors that affect sampling include the number n of
sampling points, the degree to which UAV sampling represents the population distribution
(X̄− x̄)2, and the standard deviation of the UAV sampling pixels sx. In addition, to
minimize the UAV sampling error, the following optimization conditions need to be
satisfied: the distribution of UAV sampling points needs to be as close to the population
distribution as possible, that is, X̄− x̄ → 0; the variance between the UAV sampling points
should be as large as possible, that is, sx → max; and the UAV sampling points should be
distributed as widely as possible in geographic space.

In Formula (1), the number of UAV observation pixels in each satellite image is a
constant value k. In the process of optimizing the sampling error, because the true value of
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the data in the area cannot be obtained in advance, only the satellite remote sensing data
are used as prior knowledge for sampling optimization, with all data weighted equally.
Therefore, the MSE is also regarded as a constant. In the process of using the algorithm for
error optimization, the following formula, which is used to assess the optimization result,

is used as the objective function for error optimization: Obj = 1
n +

S2
X+(X̄−x̄)2

ns2
x

.

2.3.2. Constraints

This study explores how to minimize survey error under a given cost constraint.
Compared with the cost function used in conventional sampling, the cost function applied
in spatial surveys is also affected by the distribution of sampling points, as well as the
sample size. The impact of the sampling point distribution on cost is mainly reflected in
the density of the sample distribution. With other factors unchanged, the looser the sample
distribution in space is, the greater the traffic cost incurred when transferring between
sampling points. We used sampling time to characterize the cost of the sampling survey,
and the sampling time could be calculated with the following formula:

T = N · t̄N+
min

(
N
∑

i=1
di

)
v

(3)

The total time required to complete the UAV sampling task T is composed of
two factors: the total time spent on data sampling at the sampling point and the flight time
between the sampling points. t̄N is the average time spent on UAV data sampling at a
single sampling point, and N is the number of sampling points for the UAV. di is the flight
speed of the UAV between the sampling points, v is the flight distance of the UAV from

sampling point i to sampling point i + 1, and min
(

N
∑

i=1
di

)
is the shortest path among all

the UAV sampling points.
When conducting spatial sampling surveys, surveyors usually move to the nearest

sampling point to continue data collection after completing data collection at each sampling
point. The transportation cost can be estimated by measuring the distance between each
sampling point. It is simple to implement and works well when there are few sampling
points. However, as the number of sampling points increases, the distance between
subsequent sampling points may increase sharply. The final total distance may be very long
due to the lack of global route planning. In this study, the UAV needs to traverse all the
sampling points, so the sum of the distances for all the sampling tasks must be minimized.
Based on the previous analysis, the problem of calculating the distance between sampling
points can be abstracted as a TSP, which is solved using an intelligent algorithm.

2.3.3. Solution Assessment

We used sampling efficiency to assess each sampling plan, that is, the sampling
accuracy that could be obtained per unit cost of input. The formula for calculating the
sampling efficiency is as follows:

E =
1

σ2

T
=

1
Tσ2 (4)

where σ2 is the sampling error, 1
σ2 characterizes the sampling accuracy, and T is the time

required for sampling.

2.4. Solution Algorithm

GA is a stochastic optimization method that simulates natural evolution [27]. The
evolution of biological populations depends on the crossover and mutation of chromosomes.
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Similarly, in the GA, genetic operators act on the population P(t) to perform selection,
crossover, and mutation operations, thereby generating a new population P(t + 1) and
gradually improving the fitness of solutions.

The key components of the GA are the following three operators:
Selection: Sampling locations with smaller sampling errors are preferentially selected

from the previous generation and retained in the next generation.
Crossover: Pairs of sampling locations are randomly matched, and portions of their

coordinate values are exchanged with a certain probability (the crossover rate).
Mutation: Some coordinate values within the sampling locations are replaced by those

of other locations with a given mutation probability, enhancing population diversity.
To avoid premature convergence and preserve optimal solutions, the elitist retention

strategy [28] is adopted. In this approach, the best individuals (elite solutions) found
during evolution are directly carried over to the next generation without crossover or
mutation. This modification significantly enhances the global convergence capability of the
standard GA.

Therefore, the elitist genetic algorithm (EGA), incorporating the elitist retention
mechanism, was applied in this study to solve the SSO model. During the optimization
process, the sampling configuration with the minimum sampling error is preserved for the
next iteration to ensure convergence toward the global optimum. The main parameters of
the EGA used in this study are summarized in Table 1.

3. Materials and Methods

3.1. Study Area

The experiment was conducted in a rapeseed field located in Baimasi Town, Jiangling
County, Hubei Province, China (Figure 3). The study area covers approximately 2.5 ha of
farmland characterized by flat terrain with gentle slopes and an elevation of 26.1–31.2 m. The
soil type is predominantly paddy soil with relatively uniform physical properties. At the time
of sampling, rapeseed was planted across all fields, exhibiting uniform growth conditions.
The mean NDVI for the entire farmland was 0.40, with a standard deviation of 0.22.

Figure 3. Overview map of the study area.
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Baimasi Town has an average annual temperature of 16.6 °C and a mean annual
precipitation of approximately 1045 mm. The main crops cultivated in this region include
rice, wheat, rapeseed, and cotton. Benefiting from sufficient water and thermal resources,
the area represents a typical farmland ecosystem of the Jianghan Plain. The site was
intentionally selected for its relatively homogeneous topography and soil conditions,
which minimize external variability and provide a suitable environment for evaluating the
effectiveness of the proposed SSO model in optimizing spatial sampling design.

3.2. Satellite Image Data

The Sentinel-2 satellite, composed of two high-resolution satellites (2A and 2B), has
a revisit period of 5 days. In this study, the Sentinel-2 satellite image data provided
was downloaded by Google Earth Engine at nearby time points in the study area for
processing. To avoid cloud pollution, images with less than 30% cloud coverage were
selected (8 November 2021). Each image was processed by cloud masking and median
synthesis to generate a resulting high-quality cloud-free image. The 10-m NDVI image was
calculated based on the B4 band (band centered at 665 nm) and B8 band (band centered
at 842 nm) of Sentinel-2 and was used as the initial information for optimization. The
Level-2A product, which provides surface reflectance corrected for atmospheric effects,
was used to ensure radiometric consistency with the UAV data.

3.3. UAV Image Data

UAV-based remote sensing mapping was performed in a large-scale field with uniform
rapeseed growth in Baimasi town, Jiangling County, Hubei Province, on 11 November 2021.
A Phantom 4 UAV (DJI Innovations, Shenzhen, China) was used for data collection under
clear and calm weather conditions from 10:00 to 14:00 (local time, UTC + 8), with the
heading overlap rate of 85.0%, and the side overlap rate of 70.0%. The imagery, with a
ground resolution of approximately 6 cm/pixel, was radiometrically calibrated to surface
reflectance using an on-site reflectance panel to ensure compatibility with the satellite
data. The orthorectified UAV images were co-registered to the Sentinel-2 NDVI image and
resampled to 10 m resolution using bilinear interpolation for pixel-level correspondence.
NDVI was then calculated from the red (650 nm) and near-infrared (840 nm) bands to
obtain relative ground-truth values for validation.

3.4. Assessment of the SSO Model

To demonstrate and validate the effect of the SSO model proposed in this paper,
different sampling plans were implemented for a representative area, and the accuracy of
data acquisition and the sampling cost of the different plans were compared and assessed.

Conventional spatial sampling methods are based on probability sampling and include
simple random sampling (samples are selected entirely at random without any prior
grouping of the population), systematic sampling (samples are selected at fixed intervals
determined by the required sample size), and stratified sampling (samples are randomly
selected from different strata of the population according to specified proportions).

One experimental group and four control groups were created to validate the
performance of the model. For the experimental group, the SSO-optimized sampling
plan was used. For the control group, the existing conventional sampling plans, namely,
simple random sampling, systematic sampling, and stratified sampling with an equal
distribution and a Neyman distribution, were used. The sampling cost and sampling
accuracy of the experimental group were compared with those of the control group to
verify the feasibility of the SSO-optimized plan.

For the simple random sampling control group, a certain number of coordinates were
randomly selected from the set of candidate coordinates that met the accuracy requirements
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to determine the locations of the UAV sampling points, and the sampling accuracy and the
cost required for the UAV to complete the flight sampling were calculated.

For the systematic sampling group, a certain number of coordinates were selected at
equal intervals from the set of candidate coordinates that met the accuracy requirements,
and the remaining steps were the same as those in simple random sampling. The spacing
of systematic sampling was determined based on the size of the candidate coordinate set
and the number of sampling points.

In this study, according to the number of sampling points in each stratum, stratified
sampling was subdivided into stratified sampling with an equal distribution and stratified
sampling with a Neyman distribution, yielding two different control groups. For an equal
distribution, the number of sampling points selected in each stratum is the same; the
Neyman distribution is the optimal distribution for sample units when the cost coefficient
of each stratum is the same. Suppose nh is the sample content of each stratum, n is the total
sample size, Sh is the standard deviation of samples from stratum h, Wh is the weight of
each stratum, Nh is the total number of units in stratum h, L is the total number of strata,
and under the Neyman distribution, the sample size is proportional to the stratum weight
(Wh) multiplying the strata standard deviation (Sh); thus, the sample size for each stratum
can be calculated by the following formula:

nh = n
WhSh

L
∑

h=1
WhSh

= n
NhSh

L
∑

h=1
NhSh

(5)

After successfully determining whether a coordinate could be a candidate coordinate,
the mean value of the NDVI at the selected coordinate point in the upper-left corner of the
sampling frame was calculated, and the candidate coordinates were divided into 6 strata
according to the NDVI value and labeled. In stratified sampling, different labels represent
different strata, and random sampling is performed for each stratum. Considering that the
sample size may vary among strata, the roulette wheel selection algorithm was introduced
to select among the strata, and the probability of being selected was proportional to the
value of the corresponding fitness function f (xh). For the stratum in which each sample
unit was located, the probability of being selected was:

P(xi) =
f (xi)

L
∑

h=1
f (xh)

(6)

f (xh) =
nh
n

(7)

Subsequently, the cumulative probability of each stratum was calculated and used to
represent the sum of the selection probabilities of all the strata. This was equivalent to the
‘span’ of samples, and the larger the ‘span’ was, the more likely a sample point in a given
stratum was of being selected.

Finally, a randomization function was used to randomly generate numbers between 0
and 1, and the results were compared to those obtained based on a cumulative probability
distribution. Sampling was performed in the stratum with which the randomly generated
number was associated. To reduce the stochasticity of sampling and algorithms, each
sampling method was implemented 20 times to compare the average sampling efficiency.

4. Results

In this study, we proposed an SSO model for optimizing the layout and configuration
of satellites and UAVs in a satellite–UAV integrated remote sensing agricultural monitoring
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system. This model aims to fully harness the potential of integration between satellites
and UAVs.

The SSO model was applied to the field survey data in the study area. It produced
16 optimized sampling plans that met the required accuracy levels for sampling. These plans
varied in sampling point numbers and locations. Next, we compared the SSO-optimized
sampling scheme with the conventional sampling schemes used in four control groups.

4.1. Sampling Optimization

Figures 4–8 show the results of spatial sampling optimization of the satellite–UAV
integrated remote sensing agricultural monitoring system.

Figure 4. Sampling error optimization curves for the study area (partial). (a–d) represent cases with
13 to 16 sampling points, respectively.

The subplots labeled a, b, c, and d in Figure 4 display the optimization curves for
the minimum sampling error. These curves represent the results obtained when we
have 13, 14, 15, and 16 sampling points, respectively. It is evident that the error values
consistently decrease as the EGA progresses through 50 generations, ultimately reaching
the minimum values. The average sampling error value of the population was reduced by
more than 27.3%. The error value for the best individual in the population was reduced by
about 16.1%.

The subplots labeled a, b, c, and d in Figure 5 show the optimization curves for the
total distance traveled when we have 13, 14, 15, and 16 sampling points, respectively. The
distance the UAV flies depends on the order in which it visits the sampling points. The
UAV’s flight distance is continuously improved and reduced using EGA. The average
sampling distance can be reduced by 7000 to 8000 m through EGA optimization. Most of
the final distances fall between 5000 m and 6000 m, less than half of the non-optimized
paths. The EGA is highly effective in solving this problem.

The subplots labeled a, b, c, and d in Figure 6 show the flight paths of the UAVs in the
study area when the number of sampling points is 13, 14, 15, and 16, respectively, where
point O is the center of the study area, which also serves as the takeoff point and recovery
point of the UAV. The sampling points of the UAV sampling survey in the figure are more
evenly distributed in the figure, and the sampling points in the northern region are slightly
denser, which is relatively in line with the actual cultivation situation in the study area.
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The crops grown in the study area are relatively homogeneous and uniform, and more
sampling points are needed to accurately monitor the growth of crops in the more variable
parts of the study area.

Figure 5. Total sampling distance optimization curves for the study area (partial). (a–d) represent
cases with 13 to 16 sampling points, respectively.

Figure 6. UAV flight path in the study area (partial). (a–d) represent cases with 13 to 16 sampling
points, respectively.

Figure 7 shows the cost-accuracy curve based on the set of sampling plans, where the
horizontal coordinate is the total time taken to complete the sampling task, the vertical
coordinate is the error used to sample the satellite data with UAV low-altitude remote
sensing, and the dot label is the number of sampling points. There are 16 sampling plans
in the sampling plans set for different numbers of sampling points. As the number of
sampling points increases, the total time to complete the sampling task increases. It takes
739 s to complete the sampling of 5 points, and it takes the most time to sample 20 sampling
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points, which is 1473 s. With the increase in the number of sampling points, the sampling
error shows a decreasing trend as a whole, and the lowest error value is that of setting up
17 sampling points, with an error value of 2.52× 10−5.

Figure 7. Sampling cost–accuracy curve for the study area.

Overall, the sampling plans with more sampling points consumed more time and cost,
but had less sampling error. It is in line with the general principle of sampling, i.e., the
accuracy of the estimation can be obtained by increasing costs or the number of samples.
The SSO model can obtain considerable accuracy improvement by increasing the cost.

The sampling efficiency of each sampling plan is calculated using Formula (4). We plot
the sampling efficiency curve for each sampling plan in the study area, as shown in Figure 8.
Among these plans, using 11 to 17 sampling points yields higher efficiency, and the peaks
occur at 11, 13, and 15 sampling points, all exceeding 22. The plan with 17 sampling points
has the highest efficiency at 28.509. Subsequently, the efficiency decreases. Therefore, the
plan with 17 sampling points is the final optimized result.

Figure 8. Sampling efficiency curves for each sampling plan in the study area.

4.2. Comparison of Sampling Methods
4.2.1. Maximum Number of Sampling Points

The maximum number of sampling points that can be provided by different sampling
methods under the cost constraint was shown in Figure 9. In complex schemes with
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multiple sampling points, the conventional sampling schemes can no longer meet the
predefined cost constraints and can only give 16 to 18 sampling points. The SSO model, on
the other hand, is able to minimize costs through planning, resulting in 20 sampling points.
This is at least 11.1% more than the number of sampling points given by the conventional
sampling schemes.

Figure 9. Maximum number of sampling points for each scheme.

4.2.2. Cost and Accuracy

Figure 10 shows the cost and accuracy of the SSO-optimized sampling scheme and the
conventional sampling schemes. Among the 12 systematic sampling plans that fulfill the
cost and accuracy requirements, the sampling error remains at approximately 2.28× 10−4

and does not manifestly change as the number of sampling points increases. A total of
14 plans meet the cost and accuracy requirements for simple random sampling, with a
sampling error maintained at around 1.45× 10−4, which is consistently lower than the error
of systematic sampling. For stratified sampling with Neyman’s allocation, 13 plans meet the
cost and accuracy requirements. The sampling error is significantly lower than systematic
and simple random sampling, with an average of 9.10 × 10−5 and slight fluctuations.
However, since the number of sampling points selected for the equal stratified sampling
must be a multiple of the number of strata, only three plans meet the requirements. These
three plans have lower overall error levels than the remaining three conventional sampling
plans, ranging from a minimum of 6.42× 10−5 with 18 sampling points to a maximum of
7.94× 10−5 with 12 sampling points.

The initial six SSO-optimized plans have higher error values and less obvious
optimization effects. Starting from the 11th sampling point, the sampling error is lower than
all the conventional sampling plans, and the complex situation of multiple sampling points
can effectively compress the cost and provide more alternatives, so the SSO-optimized
sampling scheme has a better optimization effect in the plan of the number of sampling
points is higher.

Figure 11 demonstrates the difference in sampling efficiency between the SSO-
optimized sampling scheme and the conventional sampling schemes. The efficiency of
systematic sampling is relatively low, with an average of 4.03, and does not improve
significantly when the number of sampling points increases. The efficiency of simple
random sampling fluctuates slightly, with a low overall level, the highest being 11.73 at
five sampling points. The efficiency of Neyman stratified sampling fluctuates manifestly
but is always higher than that of simple random sampling and systematic sampling,
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with the highest being 20.56 at five sampling points, while there is a wave at 10 and
14 sampling points. Equal stratified sampling has the highest efficiency at six sampling
points, followed by a decrease. The efficiency of the SSO-optimized sampling scheme
is higher than conventional sampling schemes in all plans with more than 11 sampling
points, with the highest efficiency of 28.51 at 17 sampling points. The highest efficiency
among the conventional sampling plans was achieved by Neyman stratified sampling with
5 sampling points, yielding an efficiency of 20.56. In contrast, the SSO-optimized plan
included 17 sampling points and achieved an efficiency of 28.51, corresponding to a 38.7%
improvement over the best-performing conventional scheme. Moreover, when the number
of sampling points exceeded 11, all conventional sampling methods performed worse than
the SSO-optimized plan.

Figure 10. Comparison of cost–accuracy curves for each plan.

Figure 11. Comparison of sampling efficiency curves for each plan.

To quantify the variability across the 20 repeated runs, we calculated the standard
deviation of sampling efficiency for each sampling method and each sampling size. Across all
methods, the standard deviations were generally small (coefficient of variation less than 5%),
indicating limited algorithmic stochasticity relative to the performance gaps among methods.
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4.2.3. SSO-Optimized Plan

Figure 12 shows the distribution of the 17 sampling points in the SSO-optimized plan
within the study area.

Figure 12. UAV flight route map for the SSO-optimized sampling plan, with red points connected by
lines indicating the sampling points along the flight path.

In the SSO-optimized sampling scheme, 11 sampling points were located in the
northern part of the study area, and 6 points were located in the southern part of the
study area, in addition to the UAV recovery point O. The sampling points are more
densely distributed in the northern region of the study area, which is in line with the
characteristics of crop growth changes in the study area, i.e., the northern growth condition
fluctuates more.

5. Discussion

5.1. The Unique Value of EGA in Solving SSO Model

EGA is one of the representative heuristic algorithms [29] that centers on finding the
optimal solution in the search space through genetic operations such as selection, crossover,
and mutation. Our results showed that EGA can solve the SSO model smoothly. Even in
the case of different sampling points, EGA can reduce the sampling error and sampling
distance very well. This study confirmed the stability of EGA in efficiently solving the
sampling task across various sampling points within the designated study area. Moreover,
our study found that EGA does not need to be driven by massive amounts of labeled
data [30]. It focuses on the objective function of the optimization problem rather than
relying on data for learning. Even with limited data, GAs can search for optimal solutions
through evolutionary operations. Compared to machine learning methods, it can not only
achieve parallelization acceleration through independent individual fitness evaluation.
Besides, EGA does not require any a priori modeling assumptions [31]. It directly evaluates
the merits of the solution through a fitness function, which allows it to be easily transferred
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to solving other problems [27]. These advantages make the SSO model a universally
applicable method that can be directly applied to spatial sampling design in different
study areas.

5.2. SSO Model Improved the Sampling Efficiency

The SSO model achieved better performance than conventional sampling schemes
(simple random sampling, systematic sampling, equal stratified sampling, and Neyman
stratified sampling), largely due to the spatial heterogeneity inherent in agroecosystems.
Crop growth rarely follows uniform spatial patterns because it is influenced by multiple
factors at the field scale, such as soil conditions, crop genotype, and agricultural
management. By incorporating prior spatial information and explicitly optimizing
sampling locations, the SSO model is better able to capture this heterogeneity than simple
random or systematic sampling. Consequently, in areas with strong spatial variability, the
SSO-optimized sampling plan naturally allocates more sampling points to regions with
larger NDVI variation. This spatial adaptiveness distinguishes the SSO approach from
conventional schemes [10]. Compared with equal and Neyman stratified sampling, the
SSO model can further improve sampling efficiency under the same cost constraints by
optimizing both the placement of sampling points and the UAV flight path. In addition,
conventional schemes showed only marginal accuracy improvements when sampling cost
increased in our study area, likely due to the cost constraints and the monoculture setting.

The superior performance of the SSO model can also be explained by the spatial
structure of NDVI in agricultural fields. NDVI typically exhibits clear spatial autocorrelation,
reflecting gradual changes caused by underlying biophysical processes. By jointly
optimizing the number and spatial configuration of UAV sampling points, the SSO model
captures these structured spatial patterns more effectively and reduces uncertainty in NDVI
estimation. The SSO-optimized sampling plan enhances the representativeness of UAV
observations and strengthens the complementarity between satellite and UAV-based remote
sensing. This mechanistic foundation explains why the SSO model consistently achieves
higher sampling efficiency and estimation accuracy within the satellite–UAV integrated
remote sensing framework.

5.3. Limitations and Future Directions

In solving the optimization problem of spatial sampling, the SSO model was capable of
generating sampling schemes with different numbers of sampling points that satisfied the
accuracy and cost requirements. However, the efficiency of the SSO-optimized sampling
scheme is lower than conventional sampling schemes when the number of sampling points
is small (≤10). This is mainly because the search space becomes highly discrete under small-
sample configurations, which limits the potential for layout optimization and increases
the sensitivity of GAs to initial population settings. As a result, the algorithm may more
easily become trapped in local optima [32]. To mitigate this issue, users may adjust the
algorithm settings, such as increasing population diversity, using multi-start initialization,
or employing hybrid optimization strategies, depending on the scale of the problem.

Additionally, although we have successfully optimized UAV sampling in rapeseed
fields, the generalizability of the proposed SSO model to different crops and heterogeneous
agricultural systems remains to be further validated. In the future, additional practical
factors, such as the number of UAVs, battery replacements, and instrument depreciation
rate are likely necessary to provide a more comprehensive measurement of the sampling
cost. Moreover, the same optimization logic can be extended to integrate ground-based
measurements by incorporating ground sampling efficiency as an additional cost layer.
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This extension will contribute to developing space–air–ground integrated networks in
future research.

6. Conclusions

In this paper, we conceptualized the configuration of the satellite–UAV integrated
agricultural monitoring system as a spatial sampling problem and proposed an SSO model
to optimize UAV sampling within the satellite monitoring coverage, thereby improving the
efficiency of satellite–UAV integration. In the study, we found the following:

• The SSO model can improve the efficiency of observations by optimizing the sampling
design. Under the same cost constraint, the SSO model increased the number of
sampling points by at least 11.1% and the sampling efficiency was at least 38.7%
higher than the conventional sampling plans.

• The heuristic algorithm helps to solve the multi-objective optimization problem. The
EGA can efficiently solve the SSO model optimally. The average sampling error of the
final SSO-optimized plan was reduced by about 27.3%, and the sampling distance was
shortened by 7000 to 8000 m.

• The problem of optimizing the layout of satellite remote sensing and UAV-based
remote sensing can be transformed into a spatial sampling problem. It is necessary to
consider cost constraints and increase efficiency by applying optimization methods in
agricultural monitoring and government census in the future.

Author Contributions: Conceptualization, Z.Z., H.X. and B.X.; methodology, Z.Z. and H.X.; software,
Z.Z.; validation, Y.Y. and J.Z.; formal analysis, H.X. and B.X.; investigation, J.Z.; resources, H.X.; data
curation, J.Z.; writing—original draft preparation, Z.Z.; writing—review and editing, H.X., Y.Y. and
B.X.; visualization, Z.Z.; supervision, H.X.; project administration, H.X.; funding acquisition, H.X. All
authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the Major Program of National Social Science Foundation of
China under Grant No. 22&ZD079.

Data Availability Statement: Data will be made available on request.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

UAV Unmanned aerial vehicles
EGA Elite genetic algorithm
GA Genetic algorithm
SSO Spatial sampling optimization
TSP Traveling salesman problem

References

1. Ghamisi, P.; Rasti, B.; Yokoya, N.; Wang, Q.; Hofle, B.; Bruzzone, L.; Bovolo, F.; Chi, M.; Anders, K.; Gloaguen, R.; et al.
Multisource and Multitemporal Data Fusion in Remote Sensing: A Comprehensive Review of the State of the Art. IEEE Geosci.
Remote Sens. Mag. 2019, 7, 6–39. [CrossRef]

2. Zhao, Z.; Wang, F.; Xiao, Y.; Liu, L.; Chen, N.; Weng, W.; Peng, D.; Zhang, X.; Shi, Z. Development and Evaluation of Remote
Sensing-Derived Relative Growth Rate (RGR) for Rice Yield Estimation. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2025,
18, 25735–25747. [CrossRef]

3. Alvarez-Vanhard, E.; Corpetti, T.; Houet, T. UAV & Satellite Synergies for Optical Remote Sensing Applications: A Literature
Review. Sci. Remote Sens. 2021, 3, 100019. [CrossRef]

4. Kattenborn, T.; Lopatin, J.; Förster, M.; Braun, A.C.; Fassnacht, F.E. UAV Data as Alternative to Field Sampling to Map Woody
Invasive Species Based on Combined Sentinel-1 and Sentinel-2 Data. Remote Sens. Environ. 2019, 227, 61–73. [CrossRef]

131



Remote Sens. 2025, 17, 3895

5. Bhardwaj, A.; Sam, L.; Akanksha; Martín-Torres, F.J.; Kumar, R. UAVs as Remote Sensing Platform in Glaciology: Present
Applications and Future Prospects. Remote Sens. Environ. 2016, 175, 196–204. [CrossRef]

6. Alvarez-Vanhard, E.; Houet, T.; Mony, C.; Lecoq, L.; Corpetti, T. Can UAVs Fill the Gap Between In Situ Surveys and Satellites for
Habitat Mapping? Remote Sens. Environ. 2020, 243, 111780. [CrossRef]

7. Gevaert, C.M.; Suomalainen, J.; Tang, J.; Kooistra, L. Generation of Spectral–Temporal Response Surfaces by Combining
Multispectral Satellite and Hyperspectral UAV Imagery for Precision Agriculture Applications. IEEE J. Sel. Top. Appl. Earth Obs.
Remote Sens. 2015, 8, 3140–3146. [CrossRef]

8. Bazrafkan, A.; Igathinathane, C.; Bandillo, N.; Flores, P. Optimizing Integration Techniques for UAS and Satellite Image Data in
Precision Agriculture—A Review. Front. Remote Sens. 2025, 6, 1622884. [CrossRef]

9. Kuenzer, C.; Dech, S.; Wagner, W. Remote Sensing Time Series Revealing Land Surface Dynamics: Status Quo and the Pathway
Ahead. In Remote Sensing Time Series: Revealing Land Surface Dynamics; Kuenzer, C., Dech, S., Wagner, W., Eds.; Remote Sensing
and Digital Image Processing; Springer International Publishing: Cham, Switzerland, 2015; pp. 1–24. [CrossRef]

10. Wang, J.F.; Stein, A.; Gao, B.B.; Ge, Y. A Review of Spatial Sampling. Spatial Stat. 2012, 2, 1–14. [CrossRef]
11. Stevens, D.L., Jr.; Olsen, A.R. Spatially Balanced Sampling of Natural Resources. J. Am. Stat. Assoc. 2004, 99, 262–278. [CrossRef]
12. Xiao, Y.; Zhao, Z.; Huang, J.; Huang, R.; Weng, W.; Liang, G.; Zhou, C.; Shao, Q.; Tian, Q. The Illusion of Success: Test Set Disproportion

Causes Inflated Accuracy in Remote Sensing Mapping Research. Int. J. Appl. Earth Obs. Geoinf. 2024, 135, 104256. [CrossRef]
13. Dunn, R.; Harrison, A.R. Two-Dimensional Systematic Sampling of Land Use. J. R. Stat. Soc. C (Appl. Stat.) 1993, 42, 585–601. [CrossRef]
14. Lu, Y.; Xie, H.; Zhang, J.; Jin, Y.; Feng, Y.; Gong, Y.; Han, W.; Zhang, H.; Tong, X. Fractal Theory Based Stratified Sampling

for Quality Assessment of Remote-Sensing-Derived Geospatial Data. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2023,
16, 7100–7111. [CrossRef]

15. Wang, J.F.; Christakos, G.; Hu, M.G. Modeling Spatial Means of Surfaces with Stratified Nonhomogeneity. IEEE Trans. Geosci.
Remote Sens. 2009, 47, 4167–4174. [CrossRef]

16. Yang, M.; Chen, S.; Xu, D.; Hong, Y.; Li, S.; Peng, J.; Ji, W.; Guo, X.; Zhao, X.; Shi, Z. Strategies for Predicting Soil Organic Matter
in the Field Using the Chinese Vis-NIR Soil Spectral Library. Geoderma 2023, 433, 116461. [CrossRef]

17. Lu, R.; Liao, R.; Meng, R.; Hu, Y.; Zhao, Y.; Guo, Y.; Zhang, Y.; Shi, Z.; Ye, S. Strategic Sampling for Training a Semantic Segmentation
Model in Operational Mapping: Case Studies on Cropland Parcel Extraction. Remote Sens. Environ. 2025, 331, 115034. [CrossRef]

18. Zhang, Z.; Zhu, L. A Review on Unmanned Aerial Vehicle Remote Sensing: Platforms, Sensors, Data Processing Methods, and
Applications. Drones 2023, 7, 398. [CrossRef]

19. Wang, L.; Zhang, X.; Qin, K.; Wang, Z.; Zhou, J.; Song, D. AoI Analysis of Satellite–UAV Synergy Real-Time Remote Sensing
System. Remote Sens. 2024, 16, 3305. [CrossRef]

20. Zhao, H.; Ji, F.; Wang, Y.; Yao, K.; Chen, F. Space–Air–Ground–Sea Integrated Network with Federated Learning. Remote Sens.
2024, 16, 1640. [CrossRef]

21. Haining, R. Spatial Data Analysis: Theory and Practice; Cambridge University Press: Cambridge, UK, 2003. [CrossRef]
22. GB/T 39612-2020; Specifications for Low-Altitude Digital Aerial Photography and Data Processing. Ministry of Natural Resources,

People’s Republic of China: Beijing, China, 2020.
23. Lyu, Y.; Wang, S.; Hu, T.; Pan, Q. UAV Coverage Path Planning of Multiple Disconnected Regions Based on Cooperative

Optimization Algorithms. IEEE Trans. Cogn. Dev. Syst. 2025, 17, 259–270. [CrossRef]
24. Alemayehu, T.S.; Kim, J.H. Efficient Nearest Neighbor Heuristic TSP Algorithms for Reducing Data Acquisition Latency of UAV

Relay WSN. Wirel. Pers. Commun. 2017, 95, 3271–3285. [CrossRef]
25. Dong, R.; Wang, S.; Wang, G.; Wang, X. Hybrid Optimization Algorithm Based on Wolf Pack Search and Local Search for Solving

Traveling Salesman Problem. J. Shanghai Jiaotong Univ. (Sci.) 2019, 24, 41–47. [CrossRef]
26. Zeng, Y.; Li, J.; Liu, Q.; Li, L.; Xu, B.; Yin, G.; Peng, J. A Sampling Strategy for Remotely Sensed LAI Product Validation over

Heterogeneous Land Surfaces. IEEE J. Sel. Top. Appl. Earth Obs. Remote Sens. 2014, 7, 3128–3142. [CrossRef]
27. Holland, J.H. Outline for a Logical Theory of Adaptive Systems. J. ACM 1962, 9, 297–314. [CrossRef]
28. Suzuki, J. A Markov Chain Analysis on Simple Genetic Algorithms. IEEE Trans. Syst. Man Cybern. 1995, 25, 655–659. [CrossRef]
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Abstract

Soil organic matter (SOM) is a fundamental indicator of soil health and a major component
of the global carbon cycle; its accurate quantification is essential for sustainable agriculture.
Conventional chemical assays yield only point-based soil measurements and miss the
spatial distribution of soil elements; airborne hyperspectral remote sensing has emerged
as a promising approach for the quantitative measurement and characterization of SOM.
Inversion models translate hyperspectral data into quantitative SOM estimates. However,
existing models rely solely on a single preprocessing pathway, limiting their ability to
fully exploit available spectral information. We address these limitations by develop-
ing a marginal contribution-driven spectral fusion network (MC-SFNet) that conducts
feature-level fusion of heterogeneous preprocessing outputs within a physics-guided deep
architecture. Moreover, the combination of data-driven fusion and the Kubelka–Munk
(KM) model yields more physically interpretable spectral features, advancing beyond prior
purely data-driven methods. We validated MC-SFNet on a self-constructed remote sensing,
high-throughput hyperspectral dataset comprising 200 black soil samples from Northeast-
ern China (400–1000 nm, 256 bands). Experimental results show that our network reduces
the RMSE by 10.7% relative to the prevailing generalized hyperspectral soil-inversion
model. The proposed method provides a novel preprocessing pathway for forthcoming air-
borne high-throughput hyperspectral missions to extract soil-specific spectral information
more effectively and further enhance large-scale SOM retrieval accuracy.

Keywords: remote sensing; SOM; soil; hyperspectral; marginal contribution

1. Introduction

Soil is a fundamental resource for agricultural production, and its quality directly
influences the sustainability of agricultural practices and the protection of the ecological
environment [1,2]. Among various soil attributes, soil organic matter (SOM) content is a
key indicator of soil fertility, microbial activity, and overall environmental function [3–6].
Accurate and rapid assessment of SOM is particularly important for precision agriculture, as
improper fertilization, whether excessive or insufficient, can lead to suboptimal crop yields
and negative environmental impacts. Therefore, accurate and timely measurements of soil
fertility are crucial for ensuring that fertilizers are applied in the right amounts, optimizing

Remote Sens. 2025, 17, 2806 https://doi.org/10.3390/rs17162806
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agricultural productivity, and minimizing the adverse effects of over-fertilization or under-
fertilization on the environment [7]. Emerging remote-sensing techniques, especially high-
throughput hyperspectral imaging, offer a viable route to invert spatially continuous SOM
information from field to regional scales [8]. Inversion methods, which utilize spectral data,
provide an efficient way to estimate SOM content across large areas. When these subtle
spectral signatures are regressed against laboratory-measured samples using multivariate
calibration or modern machine learning techniques, up to 80% of the variance in SOM
content can be explained under controlled conditions [9]. This laboratory relationship is
scalable: an airborne hyperspectral imager, when combined with a regional soil spectral
library, produced 1 m resolution maps of SOM stock in Italy’s Sele River Plain [10], while
Unmanned Aerial Vehicle (UAV) hyperspectral cubes, calibrated with only twenty soil
samples, achieved 1 m resolution field-scale SOM predictions, far surpassing the accuracy
of ordinary kriging interpolation [11].

Spaceborne imaging spectrometers have extended this capability from small plots
to large regions: a meta-learner improved prediction accuracy for Moroccan croplands
by approximately 48.8% compared to individual models like Random Forest, Support
Vector Regression, and PLSR. The model’s coefficient of determination, R2, reached 0.65,
with an RMSE of 0.194% and an RPIQ of 2.247 [12]. The first evaluation showed that
selecting thirty standard normal variate-corrected bands for 282 samples yielded more
accurate results, with R2 increasing to 0.68 and RMSE decreasing to 0.34%, compared
to the original full-band model, which had an R2 of 0.60 [13]. China’s GF-5 imagery,
after waveletpacket denoising, achieved similar accuracies for SOM mapping at a 30 m
resolution, with R2 increasing from 0.62 to 0.77 after applying wavelet denoising and
further improving to 0.84 with 0.6-order wavelet denoising, while RMSE decreased by
0.84 g·kg−1 [14]. Meanwhile, tractor-mounted spectrometers adapted to Brazilian Cerrado
soils by locally adjusting their calibration sets [15]. Combined hyperspectral analyses of
gypsum-rich terrains show that spectral indices with machine learning can simultaneously
estimate SOM and distinguish interfering minerals, paving the way for scalable, cloud-
based continental-scale digital soil-mapping pipelines [16]. Consequently, quantitative
inversion of SOM using hyperspectral data has become a burgeoning area of research in
soil science [17–21].

Initial studies predominantly employed linear models, such as partial least squares
regression (PLSR), for modeling soil hyperspectral data [22]. For example, Shi [23] success-
fully utilized PLSR to predict soil total nitrogen content. However, as the field matured,
nonlinear approaches gained prominence. Machine learning methods, such as Support
Vector Machines (SVMs) and Random Forest (RF), have been shown to outperform tra-
ditional linear regressions in hyperspectral SOM estimation. Feng et al. [24] achieved
superior results by applying SVM and Random Forest to invert soil arsenic content from
hyperspectral data, and other studies have also demonstrated that Random Forest often
provides higher accuracy in estimating SOM and soil moisture [25]. Similarly, Chung [26]
applied a RF model to invert soil mercury content from hyperspectral data, while Subi [27]
employed PLSR to predict chromium in arid zone.

More recently, deep learning techniques have been introduced into the field of SOM
inversion. Their capacity to model complex nonlinear relationships and handle large-scale
datasets has made them particularly attractive [28]. Kawamura et al. [29] proposed a
convolutional neural network (CNN)-based method to estimate phosphorus, while Wang
et al. [30] integrated deep learning approaches to predict soil moisture from hyperspectral
data. Li et al. [31] employed a 1D CNN to classify soil texture, and Cao et al. [32] used a
deep CNN to predict soil organic matter. Ajay [33] leveraged deep learning to analyze
hyperspectral data for total soil nitrogen prediction. Collectively, these efforts illustrate
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the potential of deep learning to improve the accuracy and efficiency of hyperspectral
inversion for soil properties, inspiring new directions in precision agriculture and soil
quality assessment.

Many studies have also explored hyperspectral data preprocessing strategies to
optimize inversion performance [34] further. Zhang [35] demonstrated that first-order
derivative preprocessing can effectively highlight key information in soil spectra. At the
same time, Jiachen [36] identified standard normal variate (SNV) as the most suitable
preprocessing method for hyperspectral soil inversion. In contrast, X. B. [37] argued that
deep learning, such as CNNs with end-to-end architectures, can eliminate the need for
explicit preprocessing.

Despite these advances, understanding of inverted SOM in hyperspectral wavelengths
under different preprocessing methods is still limited. To address this gap, we therefore
extend the marginal contribution feature importance (MCI) [38] paradigm, constructing a
bespoke analysis that tracks wavelength-wise marginal gains under varied treatments and
underscoring the risk of relying on any single treatment.

This paper makes three primary contributions: (1) We introduce a wavelength-wise,
marginal contribution framework that quantifies the predictive value of every spectral
band under each preprocessing operator, producing an interpretable importance map
for band selection and computational pruning; (2) we develop a hybrid preprocessing
scheme that couples the Kubelka–Munk (KM) optical model with data-driven treatments,
yielding features linked to intrinsic absorption while retaining the multivariate structure of
reflectance, thereby enhancing physical interpretability; (3) we propose a physics-guided
deep network that performs feature-level fusion of heterogeneous preprocessing outputs.
Fusion weights are initialized from the marginal contribution scores and refined end-to-end,
overcoming the limitations of single-preprocessing pipelines and enabling higher accuracy
with fewer, more informative bands.

2. Proposed Method

The overall workflow of this study is illustrated in Figure 1. The research procedure
includes the following steps: (1) collecting 200 black soil samples at 45.74◦N, 127.39◦E in
Northeastern China; (2) acquiring the original soil spectra and measuring the SOM content
using the potassium dichromate volumetric method; (3) applying various preprocessing
methods to the soil spectral data; (4) conducting marginal contribution analysis of different
preprocessing strategies using the marginal contribution approach within a unified frame-
work; (5) the design of a marginal contribution-driven spectral fusion network (MC-SFNet)
architecture for the inverse regression of soil spectra.

2.1. Spectral Preprocessing

To highlight spectral features and reduce noise, the MC-SFNet integrates several
preprocessing methods usually used in contemporary studies [23,24,34,36], with their visu-
alizations shown in Figure 2. Savitzky–Golay (SG) [39] Filter: Smooths and differentiates
the original spectra to reduce high-frequency noise while preserving key spectral features.
First-Order Derivative (SG1) [40]: Calculates the first-order difference in the spectral signals
to emphasize absorption wavelength edges and mitigate systematic errors caused by back-
ground shifts. Second-order Derivative (SG2): Further enhances subtle absorption features
while reducing nonlinear background interference. SNV [41]: Corrects spectral amplitude
variations due to differences in particle size, surface roughness, and scattering, ensuring
greater comparability in spectral amplitude and scale. In addition to the data-driven
preprocessing methods, this study incorporates the Kubelka–Munk soil spectral model
as a physical preprocessing approach [42], enabling the integration of data-driven and
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physical-modeling-based preprocessing. Kubelka–Munk (KM) Transformation: Converts
soil reflectance data into absorption coefficients (K values) using the Kubelka–Munk model
to relate the spectral data more closely to intrinsic optical properties, thereby improving
the interpretability and stability of SOM inversion.

Figure 1. Workflow of the data analysis methodology applied in this study.

The KM model, introduced by Kubelka and Munk in 1931 [42], relies on two key
assumptions: (1) light propagates only forward and backward within the material, and
(2) the material is homogeneous at a macroscopic scale. Using the KM model, reflectance
(R) is transformed into the absorption coefficient (K) in Equation (1).

K =
(1− R)2

2R
(1)

In this study, the MC-SFNet integrates both data-driven preprocessing and the KM
physical model. First, multiple preprocessing steps generate a diverse set of spectral
features. Then, the KM model is applied to compute the K, which is fused with the
preprocessed reflectance data to form feature sets that are richer and more physically
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meaningful. This hybrid strategy retains the multivariate feature information inherent in
the spectral data, while the incorporation of the KM model enhances interpretability.
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Figure 2. Visualization of different preprocessing methods: (a) KM preprocessing, (b) SNV prepro-
cessing, (c) SG1 preprocessing, (d) SG2 preprocessing, (e) SG preprocessing.

2.2. Unified Permutation–Gain Analysis for Multi-Preprocessed Spectra

In practical soil spectroscopy applications, strong inter-band collinearity produces
substantial wavelength redundancy; this not only enlarges the feature space and elevates on-
board computational cost, but can also induce a slight accuracy decline when the estimator
is over-parameterised [43–45]. Existing band reduction studies typically mitigate redun-
dancy by running a single preprocessing route and then clustering the spectra—K-means,
spectral clustering or similar—to keep one representative wavelength per cluster [46–48].
Although these unsupervised heuristics offer only coarse dimensionality control, they still
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fail to clarify how individual bands affect inversion accuracy and provide no physical
interpretability, thereby constraining subsequent model extensibility [49].

Because the MC-SFNet architecture concatenates K heterogeneous preprocessing
streams, the effective number of input channels grows from N to KN; redundancy is
therefore magnified rather than suppressed. To address this issue, we introduce a marginal
contribution permutation–gain analysis that assigns an explicit importance score to every
“preprocess-band” pair and enables fine-grained pruning before the network is deployed.
MCI overcomes the limitations of traditional importance measures such as Shapley-value-
based methods [50] and mitigates covariance-induced attribution bias among correlated
features.

Let R = [rmn] ∈ RM×N denote the matrix of raw bidirectional reflectance, where M
is the number of soil samples and N indexes the discrete wavelengths between 400 nm
and 1000 nm. Consider a set of K complementary preprocessing operators {P1, . . . ,PK} in
Equation (2). Applying each operator independently to R yields the following:

X(k) = Pk(R) ∈ R
M×N , k = 1, . . . , K (2)

And concatenating these matrices along the spectral dimension produces X in Equation (3).

X =
[
X(1)

∣∣∣. . .
∣∣∣X(K)

]
∈ R

M×D, D = KN (3)

Let y = [y1, . . . , yM]� be the chemically determined SOM vector. A one-dimensional
convolutional regressor gθ : RD → R is trained by minimizing the empirical mean-square
error in Equation (4).

θ∗ = argmin
θ

1
M

m=1

∑
M

(gθ(xm)− ym)
2 (4)

with xm denoting the m-th row of X.
The resulting baseline error over the complete feature set F = {1, . . . , D} is as in

Equation (5).

v0 =
1
M

m=1

∑
M

(gθ∗(xm)− ym)
2 (5)

To quantify the contribution of an individual feature j ∈ F , introduce a permutation
operator Πj that randomly shuffles column j across the sample dimension while keeping all
other columns intact. Πj,p is a permutation drawn uniformly at random from the symmetric
group on M elements. For the p-th independent permutation, the prediction error becomes
the quantity in Equation (6).

vj,p =
1
M

m=1

∑
M

(
gθ∗
(
Πj,pxm

)
− ym

)2, p = 1, . . . , P (6)

where P denotes the number of repetitions. Because the permutation disrupts the statistical
dependence between feature j and the target, one necessarily has vj,p ≥ v0.

Averaging the error increments over all permutations defines the permutation–gain
score in Equation (7).

Ij =
1
P

p=1

∑
P

(
vj,p − v0

)
≥ 0 (7)

which serves as an unbiased Monte Carlo estimate of the marginal predictive value of
feature j while requiring only a single model fit. Index j can be uniquely decomposed as
j = (k− 1)N + n with k ∈ {1, . . . , K} and n ∈ {1, . . . , N}.
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Collecting these scores produces the importance matrix in Equation (8).

I =

⎡
⎢⎢⎣

I1,1 . . . I1,N
...

...
IK,1 . . . IK,N

⎤
⎥⎥⎦ ∈ R

K×N (8)

whose (k,n)-th entry reflects the independent gain obtained by injecting wavelength λn

after preprocessing route Pk. Equation (8) therefore delivers a fully quantified importance
landscape spanning all preprocessing streams and spectral channels; this matrix simultane-
ously provides the ranking basis for wavelength selection and supplies the prior weight
initialization for the subsequent spectral fusion network.

2.3. Marginal Contribution-Driven Spectral Fusion Network

To optimally integrate multiple preprocessing pathways into a unified network that
is informed by both data-driven and physics-based models, we propose two comple-
mentary approaches for spectral fusion: MC-SFNet-WIN (wavelength-level integration)
and MC-SFNet-FIN (feature-level integration). Both architectures employ a lightweight
1D-CNN [51] backbone for feature extraction and dimensionality reduction, with the pri-
mary difference lying in how the spectral features are fused—at the wavelength level in
MC-SFNet-WIN and at the feature level in MC-SFNet-FIN.

In the MC-SFNet-WIN approach, the raw spectral data, denoted as R = [rmn] ∈ RM×N ,
where M represents the number of soil samples and N corresponds to the number of spectral
bands, is processed through K complementary preprocessing operators {P1, P2, . . . , PK}.
These preprocessing methods include standard approaches like SG, SG1 and SG2, SNV,
and the KM physical model. After applying these operators, each produces a preprocessed
spectral matrix. This integrated feature set is then used as an input to MC-SFNet for
modeling in Figure 3a, where the marginal contribution importance analysis plays a crucial
role in selecting the most relevant spectral bands.

First, the MC-SFNet extracts a feature subset from the original spectral data based on
marginal contribution. This subset is then passed through the 1D-CNN, which consists of
two convolutional layers (with 16 and 32 kernels, respectively, and a kernel size of 3) and
corresponding pooling layers. These layers capture multiscale spectral information through
hierarchical feature extraction and dimensionality reduction [52]. After concatenating the
output feature vectors from all branches, a global convolutional layer (16 kernels) and
subsequent max-pooling further compress and refine the features. Finally, the fused features
are passed through a fully connected network with one hidden layer (100 ReLU-activated
neurons) and a linear output layer, enabling SOM content prediction.

In contrast, the MC-SFNet-FIN approach processes each preprocessing stream in-
dependently at the feature level. In this case, each preprocessed spectral matrix X is
passed through a shallow 1D-CNN to generate compact feature vectors for each prepro-
cessing method in Figure 3b. The resulting features are then combined using a multi-head
weighting block, where the weights for each feature are initialized based on the previously
computed MCI scores and refined during training. This fusion strategy ensures that the
most significant spectral features, as identified through MCI, are given more weight in the
final prediction.

The aggregated feature vector, which combines information from all preprocessing
methods, is passed through a fully connected network to predict the SOM content. The
key difference between MC-SFNet-WIN and MC-SFNet-FIN lies in the way features are
combined: the former fuses at the wavelength level, while the latter operates at the feature
level, allowing for a more flexible fusion mechanism.
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(a)

(b)

Figure 3. Marginal contribution-driven spectral fusion network: (a) wavelength-level spectral fusion;
(b) feature-level spectral fusion.

One of the unique aspects of our approach is the inclusion of the KM model in the
preprocessing stage. The KM transformation, as previously defined in our formula, relates
the spectral reflectance data to absorption coefficients. This physical preprocessing step
enhances the interpretability of the model by ensuring that the spectral features are not only
statistically relevant but also physically meaningful. Specifically, the transformation from
reflectance to absorption using the Kubelka–Munk model facilitates a more direct link between
the spectral data and the intrinsic properties of the soil. This fusion of data-driven and physical
models contributes to the robustness and stability of the spectral inversion process.

Finally, the deep learning model is trained to minimize the error in predicting the
SOM content. The training process is based on minimizing the empirical mean-square error
θ∗ This approach ensures that the model learns to predict SOM content with high accuracy.

In summary, the MC-SFNet-WIN and MC-SFNet-FIN architectures, through the inte-
gration of multiple preprocessing streams and the application of marginal contribution-
driven feature selection, provide a powerful framework for the inversion of SOM from
hyperspectral soil data. By combining data-driven machine learning techniques with
physics-based models like Kubelka–Munk, we achieve a robust and interpretable solution
for large-scale soil mapping. The use of marginal contribution analysis for feature selection
and the incorporation of a 1D-CNN backbone allows for the efficient extraction of relevant
spectral features, leading to improved SOM estimation accuracy.

The MC-SFNet network architecture is detailed in Table 1, with the following layer
specifications. In Table 1, the parameters are defined as follows: batch_size refers to the
number of samples processed in each training step, preprocess indicates the preprocessing
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method applied to the data, features corresponds to the number of spectral bands or input
features, and global_output is the output size of the Global Conv1d layer, set to 128 in this
model. These parameters determine the dimensions of the input and output at each layer,
ensuring proper data flow and model functionality.

Table 1. MC-SFNet network architecture.

Layer Type Output Shape

Input (batch_size, preprocess, features)

Conv1d (batch_size, 16, features)

Max Pooling (batch_size, 16, features/2)

Conv1d (batch_size, 32, features/2)

Max Pooling (batch_size, 32, features/4)

Adaptive Pooling (batch_size, 32, 128)

Global Conv1d (batch_size, 32, global_output)

Linear Layer 1 (batch_size, 400)

ReLU (batch_size, 400)

Linear Layer 2 (batch_size, 100)

ReLU (batch_size, 100)

Output (batch_size, 1)

3. Experiments

3.1. Experimental Settings

As shown in Figure 4, our team previously collected 200 black soil samples as part of
a prior study conducted in Northeastern China at the coordinates 45.758◦N to 45.772◦N
and 127.39◦E to 127.40◦E. Sampling took place across two agricultural fields in the region,
with 100 samples collected from each field. The samples were arranged in a 10×10 grid,
with each sampling point spaced 15 to 20 m apart. At every point, soil samples were
gathered from five cores—four positioned at the corners and one at the center of a 2 m by
2 m area, all spaced more than 1 m apart—and subsequently mixed [4]. In Figure 5, the
statistical characteristics of the SOM content are summarized: the mean is 23.77 g kg−1,
with a standard deviation of 4.75 g kg−1, a maximum of 27.81 g kg−1, and a minimum of
18.92 g kg−1. The y-axis represents the number of soil samples in each category. To ensure
objective and reliable results, the 200 soil samples were randomly divided into five folds
for cross-validation. Soil spectral cubes were collected with a GaiaField Pro-V10 push-
broom hyperspectral imager (400–1000 nm, 256 bands, 3.5 nm resolution). Because this
instrument captures spatially contiguous hyperspectral images in a single scan, it delivers
high-throughput, imaging-based data rather than the point measurements produced by
traditional non-imaging spectrometers, thereby closely emulating the data characteristics
of airborne hyperspectral remote-sensing platforms and providing a more realistic test bed
for SOM-inversion algorithms.
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Figure 4. Soil sample collection sites.

Figure 5. Distribution of soil samples.

3.2. Evaluation Criteria

To assess the performance of SOM inversion using corrected spectra, this study em-
ployed three indicators: the coefficient of determination (R2) [53], the root mean square
error (RMSE), and the Pearson correlation coefficient (PCC) [54]. Among these, R2 measures
the goodness of fit between predicted and observed values, ranging from 0 to 1, with values
closer to 1 indicating higher predictive accuracy. Let y denote the observed values, ŷ the
predicted values, and y the mean of the observed values; the formula for R2 is defined as
Equation (9):

R2 = 1− ∑ (y− ŷ)2

∑ (y− y)2 (9)

The RMSE is calculated as Equation (10):

RMSE =

√
1
n

i=1

∑
n
(yi − ŷi)

2 (10)

In addition, the PCC quantifies the linear correlation between predicted and observed
values. Its range extends from −1 to 1, where larger positive values indicate stronger
positive correlations. By employing these three metrics—R2, RMSE, and PCC—this study
comprehensively evaluates the model’s performance in SOM inversion [44].
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3.3. Interpretation of Wavelength Marginal Contributions

Previous research on soil hyperspectral preprocessing has often focused on individual
preprocessing methods in isolation [44–46,52], lacking a systematic analysis of their com-
bined effects within a unified framework. To address this gap, the present study integrates
multiple preprocessing methods and evaluate the marginal contributions of different pre-
processing across all spectral wavelengths. This approach allows for a direct comparison of
the strengths and weaknesses of various preprocessing techniques from the perspective of
their wavelength-level marginal contributions, providing more precise insights into their
effects on SOM inversion accuracy.

In Figure 6, the y-axis is labeled the importance score, representing the relative signifi-
cance of each wavelength in the applied preprocessing methods. The figure also includes a
legend to distinguish between methods like KM, SNV, SG, SG1, and SG2, providing insight
into their impact on marginal contributions. The marginal contributions associated with
SNV at approximately 550 nm, 750 nm, and 950 nm are considerably higher than those
of other preprocessing methods at their respective wavelengths. These wavelengths are
notably associated with key functional groups in SOM. The 550 nm feature corresponds
to the C-H stretching overtone, while 750 nm is linked to the O-H stretching vibration.
Additionally, 950 nm is associated with the O-H stretch in carboxylic acids and phenolic
compounds. These functional groups, which are crucial to SOM content, contribute sig-
nificantly to the spectral response and, consequently, to the inversion accuracy. The high
marginal contribution at these wavelengths suggests that SNV preprocessing effectively
highlights the absorption features related to these functional groups, thus enhancing SOM
inversion performance in these spectral regions. Moreover, integrating multiple prepro-
cessing strategies facilitates complementary advantages, allowing the effects of different
preprocessing methods to be superimposed. For example, although SNV preprocessing
enhances the useful signals for inverting SOM in general, the signal enhanced by SG2
preprocessing and SG1 preprocessing between 400 nm and 700 nm contributes more to the
SOM inversion than SNV, which proves that the different wavelength bands contribute
to the accuracy of the SOM inversion in a different and complementary way under dif-
ferent preprocessing. By applying marginal contribution analysis to uniformly evaluate
the importance of each spectral band across different preprocessing methods, this study
confirms the synergistic gains achievable through combined preprocessing. This reinforces
the notion that multi-preprocessing approaches, which leverage the strengths of individual
methods, offer superior performance compared to single preprocessing techniques. Thus,
this study lays a foundation for the strategic selection and combination of preprocessing
approaches, ensuring more accurate and reliable SOM inversion.

In Figure 7, the y-axis is labeled normalized intensity, indicating the intensity values of
each wavelength after normalization. Figure 7 visualizes the wavelengths identified by the
marginal sharing criterion as particularly influential after each preprocessing step, thereby
clearly demonstrating how marginal contribution analysis guides the selection of concise
yet highly informative wavelength subsets for subsequent modeling and interpretation.

3.4. Comparative Performance Analysis of MC-SFNet

A stratified five-fold cross-validation protocol was applied to the 200 black soil spectra
to quantify the advantage of the proposed MC-SFNet. In each fold, 160 spectra formed the
training subset and 40 spectra served as an unseen test subset. To ensure a fair benchmark,
every competing approach— RF [55], PLSR [56], SVM [57], 1D-CNN [58]—and the trans-
former model [59] were trained and evaluated on exactly the same folds. The Transformer
architecture used in this study is configured as follows: The Transformer module consists
of 1 encoder layer with 4 attention heads. The convolutional part comprises 2 convolutional
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layers with a kernel size of 3 and a stride of 1. Positional encoding is implemented using
sine–cosine encoding, and the outputs from both the CNN, which captures local features,
and the Transformer, which models long-range dependencies, are fused through fully
connected layers for prediction [59]. For the parameter optimization, grid search was used
to find the best hyperparameters for the classical models, and band selection did not show
significant improvement under single preprocessing methods in the dataset. For the SVM
model, we used radial basis function as kernel function and the parameter gamma from
scale [58]. For the PLSR model, we selected the optimal 10 components based on current
best practices in the field [60].

(a) (b)

(c) (d)

(e)

Figure 6. Marginal contributions of wavelengths: (a) importance of KM wavelength, (b) importance of
SNV wavelength, (c) importance of SG wavelength, (d) importance of SG2 wavelength, (e) importance
of SG1 wavelength.
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(a) (b) 

 
(c) (d) 

 
(e) 

Figure 7. Visualization of wavelength selection: (a) wavelength selection for KM, (b) wavelength
selection for snv, (c) wavelength selection for sg, (d) wavelength selection for sg2, (e) wavelength
selection for sg1.

MC-SFNet is trained using the Adam optimizer (learning rate = 0.0001) and MSELoss
for 300 epochs with a batch size of 16, where input data is passed through the model, loss is
computed, gradients are backpropagated, and model parameters are updated to minimize
the loss, ensuring reproducibility of the results. Table 2 aggregates the cross-validated
metrics. MC-SFNet-FIN attained an R2 of 0.80, an RMSE of 0.97 g kg−1, and a PCC of
0.90, thereby outperforming all competing methods. Due to the relatively sample size of
200 in this dataset, the range of wavelengths observed in the results is relatively broad;
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however, a two-tailed paired t-test confirms that the improvements achieved by MC-SFNet
are statistically significant at the 1% level. While RF and SVM are computationally efficient,
MC-SFNetFIN significantly outperforms them, achieving higher accuracy by capturing
complex feature interactions. Its ability to enhance model precision makes it particularly
valuable in applications where predictive accuracy is critical. While traditional models such
as RF and SVM are highly efficient and often perform well on simpler tasks, they may not
capture the intricate patterns. MC-SFNetFIN, leveraging multi-preprocessing fusion and
deep learning, is designed to better capture complex feature interactions and long-range
dependencies, which are especially useful when dealing with the nonlinear relationships
and noise inherent in spectral data.

Table 2. Comparison of the inversion accuracy of MC-SFNet.

Model

RF [55] plsr [56] svm [57]
1D-CNN

[58]
Transformer

[59]
MC-SFNet-

WIN
MC-

SFNetFIN

R2 0.73 ± 0.09 0.59 ± 0.08 0.72 ± 0.10 0.71 ± 0.15 0.75 ± 0.14 0.78 ± 0.09 0.80 ± 0.08
RMSE 1.11 ± 0.19 1.37 ± 0.07 1.13 ± 0.17 1.15 ± 0.27 1.07 ± 0.26 1.00 ± 0.16 0.97 ± 0.15
PCC 0.86 ± 0.05 0.78 ± 0.05 0.86 ± 0.06 0.85 ± 0.05 0.89 ± 0.06 0.90 ± 0.05 0.90 ± 0.05

3.5. Generalization of Marginal Contribution-Driven Preprocessing for Enhanced Performance
Across Machine Learning Models

In this section, we extend the marginal contribution-driven preprocessing framework,
originally developed for the MC-SFNet, to various other machine learning models, demon-
strating its generalizability and efficacy in enhancing predictive accuracy. By coupling the
MC-SFNet preprocessing pipeline with classical machine learning algorithms, we observe
substantial improvements in model performance, confirming the broader applicability of
the marginal contribution-guided feature-level fusion strategy.

When the MC-SFNet preprocessing was combined with a RF regressor, performance
metrics were significantly improved: the R2 rose to 0.75, the RMSE dropped to 1.08, and
the PCC reached 0.87. Similarly, for the SVM baseline, MC-SFNet preprocessing boosted
R2 to 0.75, reduced RMSE to 1.07, and increased PCC to 0.88. Even the traditional PLSR
model benefited from the marginal contribution-guided preprocessing, with R2 increasing
to 0.61, RMSE decreasing to 1.33, and PCC climbing to 0.79. However, the improvement for
PLSR was modest—aligning with previous findings by Lin [61], who highlighted PLSR’s
limitations for hyperspectral soil inversion. The overall pattern clearly shows that the
MC-SFNet preprocessing approach enhances predictive accuracy across both machine
learning and deep learning models.

In contrast, the proposed MC-SFNet-based framework, which integrates physical
modeling with marginal-contribution analysis, consistently achieved better performance
compared to traditional preprocessing methods across all tested models. These results
suggest that incorporating physical constraints and marginal contribution guidance may
enhance feature informativeness and model generalization, particularly for hyperspectral
soil organic matter prediction.

Table 3 provides a detailed comparison of the performance of various machine learning
models using different preprocessing techniques. The integration of MC-SFNet preprocess-
ing consistently outperforms the traditional preprocessing methods across all evaluated
models. Single preprocessing with the 1D-CNN serves as the baseline, while the MC-SFNet,
which utilizes MCI-driven preprocessing, represents the proposed method that incorporates
more advanced multi-preprocessing strategies. Single preprocessing techniques are often
computationally less intensive, as they involve simpler transformations of the raw data,
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which can lead to faster model training times. However, these methods may not capture
the complex relationships in the data as effectively as multi-preprocessing strategies. This
can limit their predictive accuracy, particularly in cases involving high-dimensional data
such as hyperspectral soil inversion, where more nuanced features are needed to achieve
robust predictions. On the other hand, MC-SFNet’s multi-preprocessing fusion, which
combines marginal contribution-driven feature selection with deep learning, significantly
enhances model performance by incorporating physical modeling constraints and feature-
level fusion. Although this approach demands more computational resources, especially
in terms of preprocessing time and memory usage, it leads to a more informative feature
set, which in turn improves the model’s ability to generalize across diverse conditions.
The MCI-driven band selection approach, used in MC-SFNet, significantly reduces the
computational resources required by selecting the most relevant wavelengths, yet it still
provides higher inversion accuracy compared to single preprocessing methods.

Table 3. Performance comparison of different preprocessing techniques for various machine learning
models.

Preprocessing

SG [39] SG1 [40] SG2 SNV [41] MCI-Driven

RF [55]
R2 0.41 0.50 0.17 0.71 0.75

RMSE 1.66 1.52 1.95 1.15 1.08
PCC 0.66 0.73 0.42 0.85 0.87

plsr [56]
R2 0.56 0.23 −0.27 0.48 0.61

RMSE 1.41 1.87 2.41 1.53 1.33
PCC 0.77 0.63 0.43 0.74 0.79

svm [57]
R2 0.29 0.71 0.15 0.73 0.75

RMSE 1.81 1.16 1.99 1.12 1.07
PCC 0.56 0.85 0.41 0.86 0.88

1D-CNN [58]
R2 0.27 0.59 0.16 0.71 0.78

RMSE 1.83 1.38 1.96 1.17 1.00
PCC 0.55 0.78 0.45 0.84 0.89

3.6. Generalizability Experiments

To assess the MC-SFNet’s generalization capability, this study performed inverse
measurements using MC-SFNet on different soil elements from various regions, and
compared the results with those of the current algorithm. Specifically, the LUCAS dataset,
which includes 19860 geo-referenced 20 cm soil samples from across the EU collected in
2009, was utilized to measure total nitrogen content. Based on the results presented in
Table 4, the MC-SFNet model outperformed the other models across various performance
metrics, including R2, RMSE, and PCC, demonstrating its superior ability to accurately
measure total nitrogen content in the LUCAS dataset. Despite being tested on a different
soil chemical element and a different geographic region, the model consistently delivered
the best results, especially in comparison to traditional methods like RF, PLSR, SVM, and
even advanced deep learning models such as Transformer and 1D-CNN. This highlights
the robustness and generalizability of the model, further validating the proposed theory’s
ability to adapt across diverse conditions and soil elements.
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Table 4. Inverse measurement of total nitrogen content on the LUCAS dataset.

Model

RF [55] plsr [56] svm [57]
1D-CNN

[58]
Transformer

[59]
MC-SFNet-WIN MC-SFNetFIN

R2 0.89 0.85 0.81 0.89 0.93 0.94 0.95
RMSE 1.21 1.40 1.57 1.19 0.97 0.45 0.41
PCC 0.94 0.92 0.90 0.95 0.96 0.97 0.97

4. Future Work

Future research should first verify the applicability and generalizability of MC-SFNet
across a broader range of soil types, geographic regions, and inversion algorithms to
establish its robustness under diverse field conditions. We will also investigate the per-
formance of MC-SFNet under complex topography, such as mountainous areas, and low
SNR conditions. Strategies for mitigating topographic and shadow effects will be explored.
Additionally, addressing airborne platform adaptation by accounting for sensor-specific
spectral responses and atmospheric corrections will be crucial to ensure MC-SFNet’s robust-
ness across both field and airborne applications. Embedding advanced feature integration
techniques, such as self-attention mechanisms [62] and multi-head fusion strategies [63],
will further enhance the quality of feature fusion and predictive performance. Continued
exploration in these directions will strengthen the accuracy and robustness of soil hyper-
spectral inversion, providing more reliable data support for agricultural management,
environmental monitoring, and related applications.

5. Conclusions

This study utilized the marginal contribution to integrate multiple soil spectral pre-
processing strategies, enabling a unified analysis and interpretation of each spectral wave-
length’s marginal contribution to SOM inversion performance. The findings revealed a
synergistic effect among various preprocessing methods. We designed the MC-SFNet: a
physics-guided, feature-level fusion architecture that couples data-driven preprocessing
with the Kubelka–Munk optical model. We developed wavelength-level and feature-level
fusion strategies within the MC-SFNet. The dataset consisted of imaging hyperspectral data
suitable for UAV applications, comprising 200 black soil samples collected from agricultural
regions in Northeastern China, rather than laboratory-based non-imaging hyperspectral data.
Experimental validations demonstrated significant performance improvements, achieving
a reduction in RMSE by 10.7% compared with the prevalent generalized hyperspectral soil
inversion models. Furthermore, MC-SFNet surpassed established models, including PLSR,
SVM, RF, 1D-CNN, and Transformer, confirming its robustness and applicability.
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Highlights

What are the main findings?

• EmbFreq-Net achieves 77.68% mAP@0.5 for embankment hazard detection, outperform-
ing the baseline by 4.19 percentage points while reducing computational cost by 27.0%
and parameters by 21.7%.

• Frequency-domain dynamic convolution enhances detection sensitivity to subtle piping
and leakage textural features by 23.4% compared to conventional spatial convolution
methods.

What is the implication of the main findings?

• Edge computing deployment enables real-time monitoring and early warning systems,
facilitating rapid on-site verification by personnel and supporting timely emergency
decision-making for embankment safety management.

• The 23.4% improvement in detecting subtle piping and leakage textural features pro-
vides a cost-effective and more accurate embankment detection algorithm, promoting
widespread adoption and better supporting emergency decision-making processes.

Abstract

Embankment piping and leakage are primary causes of flood control infrastructure failure,
accounting for more than 90% of embankment failures worldwide and posing significant
threats to public safety and economic stability. Current manual inspection methods are
labor-intensive, hazardous, and inadequate for emergency flood season monitoring, while
existing automated approaches using thermal infrared imaging face limitations in cost,
weather dependency, and deployment flexibility. This study addresses the critical scientific
challenge of developing reliable, cost-effective automated detection systems for embank-
ment safety monitoring using Unmanned Aerial Vehicle (UAV)-based visible light imagery.
The fundamental problem lies in extracting subtle textural signatures of piping and leakage
from complex embankment surface patterns under varying environmental conditions. To
solve this challenge, we propose the Embankment-Frequency Network (EmbFreq-Net), a
frequency-enhanced deep learning framework that leverages frequency-domain analysis to
amplify hazard-related features while suppressing environmental noise. The architecture
integrates dynamic frequency-domain feature extraction, multi-scale attention mechanisms,
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and lightweight design principles to achieve real-time detection capabilities suitable for
emergency deployment and edge computing applications. This approach transforms
traditional post-processing workflows into an efficient real-time edge computing solu-
tion, significantly improving computational efficiency and enabling immediate on-site
hazard assessment. Comprehensive evaluations on a specialized embankment hazard
dataset demonstrate that EmbFreq-Net achieves 77.68% mAP@0.5, representing a 4.19 per-
centage point improvement over state-of-the-art methods, while reducing computational
requirements by 27.0% (4.6 vs. 6.3 Giga Floating-Point Operations (GFLOPs)) and model
parameters by 21.7% (2.02M vs. 2.58M). These results demonstrate the method’s potential
for transforming embankment safety monitoring from reactive manual inspection to proac-
tive automated surveillance, thereby contributing to enhanced flood risk management and
infrastructure resilience.

Keywords: embankment safety; piping and leakage detection; flood risk management;
UAV remote sensing; frequency-domain deep learning; infrastructure monitoring

1. Introduction

Embankments constitute critical flood prevention infrastructure, whose structural
integrity directly determines the effectiveness of flood control. Constructed primarily from
earth and stone materials [1–3], these structures remain vulnerable to piping, leakage,
and seepage phenomena that can precipitate catastrophic breaches during flood events.
Statistical evidence from multiple regions demonstrates that piping and leakage contribute
to approximately 30% of embankment damage incidents [4,5] and account for over 90% of
embankment failures [4,6,7]. When piping-induced breaches occur, embankment failure
can progress within hours if not promptly addressed [1,2], resulting in casualties, property
damage, and widespread social disruption. Consequently, early detection and intervention
for embankment hazards represent a fundamental requirements for flood safety manage-
ment. Given that the critical time window for effective intervention is typically 2–6 h after
initial hazard development, rapid automated detection becomes essential for preventing
catastrophic failures and protecting downstream communities.

Traditional detection methodologies include manual inspection and instrumental
approaches, each with distinct limitations. Manual detection, while still widely utilized in
practice [5,8], poses significant safety risks and exhibits limited operational efficiency. Instru-
mental methods fall into four primary categories: surface geophysical techniques (such as
resistivity detection [9–11], ground-penetrating radar [12], electromagnetic methods [13]),
underwater detection systems, subsurface fiber optic monitoring [14], and aerial surveil-
lance platforms. However, these approaches face deployment constraints such as de-
manding accessibility, pre-installation requirements, and performance degradation during
emergency conditions. Most critically, traditional methods require days for comprehensive
assessment, whereas emergency response decisions must be made within hours, creating a
fundamental mismatch between detection capabilities and operational requirements.

The integration of artificial intelligence into infrastructure monitoring has funda-
mentally transformed our approach to safety assessment and risk management. Recent
advancements have shifted the field from traditional sensor-based monitoring to com-
prehensive smart systems that integrate multiple data sources and advanced analytical
capabilities [15]. Notable examples include smart dam automation systems employing
deep learning for structural health assessment, where high-precision YOLOv5-based crack
detection has been demonstrated [16], and vision-guided underwater inspection systems

153



Remote Sens. 2025, 17, 3602

that deliver 98.6% precision at 68 FPS [17]. This technological evolution aligns with broader
progress in geotechnical monitoring and disaster risk reduction, where remote sensing
capabilities now support proactive infrastructure management and early warning systems
essential for enhancing climate resilience. These achievements highlight the significant
potential of AI-enhanced approaches to transform infrastructure safety management from
a reactive to a predictive paradigm.

Within the context of AI-driven infrastructure monitoring, aerial detection platforms
have emerged as particularly promising solutions for embankment safety assessment.
Among the available aerial detection modalities, visible light systems offer significant
advantages over thermal infrared alternatives. While thermal detection effectively identifies
temperature anomalies [8,18], visible light systems provide superior cost-effectiveness,
enhanced spatial resolution, and rich spectral information suitable for advanced computer
vision algorithms [19,20]. RGB imagery captures diverse visual features—such as texture
variations, color gradients, and spatial patterns—that enable deep learning models to
develop sophisticated discriminative features for hazard identification.

Despite these technological advances, visible light-based embankment hazard de-
tection remains critically underexplored, representing a significant gap in cost-effective,
weather-independent monitoring solutions essential for widespread deployment. This
presents several key challenges: (1) hazard signatures exhibit lower contrast compared to in-
frared manifestations, necessitating enhanced feature extraction methodologies; (2) variable
illumination conditions compromise detection consistency; (3) limited emergency response
datasets constrain comprehensive model development; and (4) complex surface textures in-
crease false positive rates. Furthermore, while frequency domain enhancement techniques
have demonstrated exceptional performance in infrared small target detection [21,22] and
remote sensing applications [23], their application to visible light embankment monitoring
remains unexplored, presenting a novel research direction. Addressing this research gap is
crucial for developing cost-effective, highly reliable, and weather-independent detection
systems suitable for real-time emergency deployment. To tackle these challenges, this study
introduces the Embankment-Frequency Network (EmbFreq-Net), a frequency-enhanced
deep learning architecture specifically designed for UAV-based embankment hazard detec-
tion using visible light imagery. The primary contributions include the following:

• An Integrated Architecture for Embankment Safety Applications: This study presents
a lightweight detection architecture tailored for addressing the inherent challenges
of embankment inspection. The architecture comprises four core modules: the Local
Frequency Enhancement Module (LFE Module), a frequency-enhanced backbone de-
signed to extract subtle hazard features; the Multi-Scale Intrinsic Saliency Block (MSIS-
Block), a multi-scale attention module that captures spatial correlations and struc-
tural information across scales; the Multi-Scale Frequency Feature Pyramid Network
(MFFPN), a frequency-aware feature fusion neck that preserves high-frequency de-
tails during multi-scale fusion; and the Multi-Scale Shared Detection Head (MSSDH),
a scale-invariant shared detection head. This design offers an end-to-end solution
optimized for embankment hazard identification.

• Dynamic Frequency-Domain Feature Extraction: To address the challenge of faint
hazard features (e.g., seepage and piping) in visible light imagery being conflated with
background textures, this research develops dynamic frequency-domain modeling
that extends beyond traditional spatial convolutions. The Local Frequency Enhance-
ment (LFE) modules and Frequency Adaptive Fusion (FAFusion) modules utilize the
Fourier transform to dynamically generate input-adaptive convolutional kernels. This
approach enhances the model’s sensitivity to high-frequency textural details charac-
teristic of embankment surface leakage by 23.4% compared to conventional spatial
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convolution methods. The frequency-aware mechanism improves the model’s capa-
bility to discriminate between hazard signals and background noise under varying
lighting and textural conditions.

• Performance and Efficiency Improvements: Empirical evaluations on the constructed
embankment hazard dataset demonstrate that EmbFreq-Net achieves a mAP50 of
77.68%, representing a 4.19 percentage point improvement over YOLOv11n (73.49%).
The model attains this performance while reducing the number of parameters by
21.7% (from 2.58M to 2.02M) and computational complexity by 27.0% (from 6.3 to
4.6 GFLOPs). These results indicate that the proposed method offers an improved
accuracy-efficiency trade-off suitable for real-time deployment on UAV platforms.

This research addresses a critical infrastructure safety need, as current detection
limitations contribute to preventable embankment failures that cause significant casualties
and economic losses worldwide.

2. Related Works

With the advancement of deep learning technology, object detection algorithms based
on Convolutional Neural Networks (CNNs) have made significant progress in image fea-
ture extraction and target recognition. Among these, the You Only Look Once (YOLO)
series algorithms have been widely applied in real-time detection scenarios due to their
optimal balance between accuracy and efficiency. YOLO has demonstrated effectiveness in
infrastructure monitoring applications [15–17], making it well-suited for emergency em-
bankment monitoring. In contrast, Faster R-CNN exhibits higher computational complexity
and inference latency making it generally unsuitable for real-time UAV deployment, while
RetinaNet requires substantially more computational resources than YOLO to achieve
similar accuracy performance [24]. However, the internal component design of existing
YOLO algorithms is primarily oriented toward general-purpose scenarios, and limitations
arise when applied to domain-specific datasets, which has driven the development of
enhancement techniques for YOLO-class algorithms.

In feature extraction approaches, Li et al. [25] proposed the Ghost bottleneck module
to replace the bottleneck module in the original model and adopted grouped convolu-
tion instead of ordinary convolution, enabling lightweight applications for edge comput-
ing. Other authors introduced feature map attention mechanisms [26] to enhance feature
extraction capabilities.

In feature fusion approaches, researchers have enhanced Feature Pyramid Network-
Path Aggregation Network (FPN-PANet)-based feature fusion methods. For example,the
Bidirectional Feature Pyramid Network (BiFPN) [27] replaced the concatenation method
with an addition method, thereby reducing computational complexity and improving com-
putational efficiency. Additionally, the Multi-Branch Auxiliary Feature Pyramid Network
(MAFPN) [28] explored how to utilize P2 layer feature maps for small target detection and
proposed a lightweight architecture tailored for this purpose.

Regarding detection heads, research on detection heads adapted to specific datasets
represents an important research direction. A common approach for small target detection
is to introduce P2 layer feature maps and add small target detection heads; however this
increases the computational complexity of the model. Introducing lightweight attention
mechanisms, such as Squeeze-and-Excitation (SE) attention [29] into detection heads is a
common practice to improve detection accuracy. Recent advances in attention mechanisms
have demonstrated that single feature enhancement strategies can outperform complex
multi-scale fusion approaches, with Saliency Context Enhancement and temporal attention
transmission mechanisms showing superior performance in feature modeling tasks [30].
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Frequency-domain analysis techniques offer an alternative perspective for image
feature extraction, with recent advances demonstrating exceptional capabilities in chal-
lenging detection scenarios. Adaptive frequency separation enhancement networks have
achieved superior performance in infrared small target detection by decomposing images
into multiple frequency components using FFT transforms [21], while spatial-frequency
domain transformation approaches have attained state-of-the-art results through U-Net
architectures combined with frequency domain self-attention mechanisms [22]. In re-
mote sensing applications, frequency and spatial domain-based enhancement networks
have shown significant improvements by integrating Fast Fourier Transform with Haar
wavelet processing [23], effectively addressing challenges related to shadow regions, low-
contrast areas, and boundary ambiguity common in infrastructure monitoring scenarios.
Fast Fourier Convolution (FFC) [31] utilizes global FFT operations to capture long-range
dependencies but introduces computational overhead unsuitable for real-time UAV de-
ployment. The Discrete Fourier Transform (DFT) converts spatial domain information
into a frequency-domain representation, capturing texture and periodic features in images.
Recent integration of frequency-domain processing into deep learning models has en-
hanced the perception of subtle texture features [32,33], making this approach particularly
applicable for target detection tasks relying on subtle texture changes, such as embankment
leakage detection.

Dynamic convolution techniques adaptively adjust convolution kernel parameters,
enabling the feature extraction process to be dynamically modified based on input features.
Combining dynamic convolution with frequency-domain analysis allows for adaptive pro-
cessing of different frequency components, which holds significant potential for extracting
subtle visual features in embankment hazard detection.

However, in actual flood control and emergency rescue operations, conventional
embankment inspection and monitoring primarily focus on identifying water outlets on
the embankment slope and at its toe to detect and assess leakage risks, with the severity of
the risk determined by the size and turbidity of the water outlet. Observing the swirl and
turbidity of the water surface at the outlet is the most direct method for detecting leakage
and piping [5]. This was also been verified during our data collection efforts.

Therefore, three key limitations can be identified in the current research:

• Limited utilization of visual features: Existing methods predominantly rely on the
infrared thermal imaging, with insufficient research on visual features of leakage and
piping in visible light images.

• Limited capability in detecting small targets: Embankment hazards often appear as
small-scale targets, and existing general-purpose detection algorithms demonstrate
limitations in these scenarios, despite YOLO’s proven success in similar infrastructure
applications [16,17].

• Limited texture feature extraction: Critical discriminative information related to
leakage hazards often lies in subtle texture variations, which traditional convolutional
methods struggle to capture effectively.

Table 1 summarizes existing embankment hazard detection methods and frequency-
domain enhancement techniques across various technological categories. This systematic
comparison reveals that, although significant progress has been made in thermal-based
detection and general-purpose frequency enhancement, critical gaps remain in visible
light embankment monitoring and task-specific frequency-domain applications for UAV
deployment scenarios.

Based on the above analysis, this study explores the application of deep learning
algorithms for visible light-based embankment hazard detection and proposes the EmbFreq-
Net model. Utilizing techniques such as frequency-domain dynamic convolution and
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multi-scale frequency-domain feature fusion, this model is optimized to capture the visual
characteristics of embankment piping and leakage, effectively addressing the technical gap
in intelligent detection of embankment hazards using visible light.

Table 1. Comprehensive comparison of embankment hazard detection methods and frequency-
domain enhancement techniques. The table systematically reviews existing approaches across
different categories, highlighting technological evolution and identifying research gaps that motivate
our frequency-enhanced approach for UAV-based visible light embankment monitoring.

Category Method/Study Year Detection Technology Platform Target Hazards Key Innovation

Traditional Methods
Manual Inspection - Visual observation Ground-based Leakage, Piping Direct observation

Resistivity Detection [9] 2014 Geophysical Ground-based Subsurface anomalies Non-invasive detection

Ground-Penetrating Radar [12] 1981 Electromagnetic Ground-based Subsurface structures Deep penetration capability

Thermal-based Methods Thermal Infrared Detection [18] 2023 Thermal imaging UAV/Ground Temperature anomalies Temperature contrast detection

Automatic Recognition [8] 2022 Thermal + AI UAV Surface anomalies Automated thermal processing

AI Infrastructure Monitoring
Smart Dam Automation [16] 2024 YOLOv5 + Deep Learning Fixed sensors Structural cracks High precision crack detection

Vision-guided Inspection [17] 2024 Computer Vision Underwater ROV Underwater defects 98.6% precision at 68 FPS

AI Applications Review [15] 2025 Comprehensive AI Multi-platform Various hazards Systematic AI overview

Frequency-Domain Methods
Adaptive Frequency Enhancement [21] 2025 FFT + Deep Learning - Infrared small targets Multi-frequency decomposition

Spatial-Frequency Transform [22] 2025 U-Net + Frequency Attention - Small targets Self-attention mechanism

Frequency-Spatial Enhancement [23] 2025 FFT + Haar Wavelet Remote sensing Shadow/low-contrast areas Dual-domain processing

YOLO-based Enhancements

PAR-YOLO [25] 2025 Ghost bottleneck + YOLO Edge computing General objects Lightweight design

Improved YOLO [26] 2021 Attention + YOLO - General objects Feature map attention

BiFPN Enhancement [27] 2020 Modified FPN-PANet - General objects Reduced computational complexity

MAFPN [28] 2024 Multi-branch FPN - Small targets P2 layer utilization

Our Approach EmbFreq-Net 2025 Frequency + YOLO UAV Embankment hazards Task-specific frequency enhancement

3. Methodology

3.1. Dataset

The dataset used in this study was constructed based on data collected by drones
during the flood season for embankment inspection at four locations by the National
Institute of Natural Hazards. The location of the original dataset, the time of collection,
and the information related to the images are shown in Table 2. The dataset included
two hazard types: leakage and piping. This raw dataset contained 804 images and more
than 1600 instances, among which there were approximately 1200 leakage instances and
about 400 piping instances. The characteristics of this dataset include class imbalance
and a relatively large proportion of small objects. The dataset was divided with 60%
for training, 20% for validation, and 20% for testing.The dataset size (804 images) and
class imbalance (3:1 leakage to piping ratio) present challenges common in specialized
infrastructure monitoring applications where data collection is constrained by safety and
accessibility factors. Additionally, the current dataset has limited geographical and seasonal
diversity, with data primarily collected from temperate climate regions during specific
seasonal conditions (spring and summer monitoring periods), which represents a constraint
for broader generalization across different environmental conditions. To mitigate these
limitations, several strategies were implemented: (1) comprehensive data augmentation
including geometric transformations and environmental simulations to enhance dataset
diversity; (2) the SlideLoss [34] function was specifically used to address class imbalance
by dynamically adjusting loss weights based on prediction confidence.

Table 2. Details of the self-collected dataset. The table lists the geographical locations, data volume
(number of images), collection time, image resolution, and the acquisition equipment used.

Location Data Volume Collection Time Resolution
Acquisition
Equipment

Songhua River, Nong’an, Jilin 125 August 2024 6252 × 4168 Zhixun AR10

Baigou River, Zhuozhou, Hebei 336 August 2023 4056 × 3040 DJI ZH20T
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Table 2. Cont.

Location Data Volume Collection Time Resolution
Acquisition
Equipment

Fogang,
Qingyuan,
Guangdong

64 April 2024 4032 × 3024 DJI H30T
77 June 2024 4056 × 3040 DJI ZH20T
149 August 2024 4056 × 3040 DJI ZH20T

Changping, Beijing 53 December 2024 4032 × 3024 DJI M4T

To improve the complexity and sample size of the dataset, data augmentation was
performed on the training set using albumentations [35]. Data augmentation consisted of
two categories: pixel-level transforms that modify geometric properties (such as Affine
transformations for rotation and scaling, and various flipping operations), and spatial-level
transforms that simulate environmental conditions (such as ISONoise for camera sensor
noise, weather effects like rain and snow, and lighting variations). These augmentations
enhance model robustness to real-world deployment conditions where embankment im-
agery may be captured under diverse weather, lighting, and camera angle scenarios. The
data augmentation methods can be categorized into several functional groups: geometric
transformations (Affine, flips, perspective changes) simulate different viewing angles and
orientations; weather simulations (fog, rain, snow effects) prepare the model for adverse
conditions; lighting variations (brightness, contrast, shadows) enhance robustness to differ-
ent illumination scenarios; and noise modeling (Gaussian and ISO noise) improve resilience
to camera sensor variations. The specific enhancement modes and ratios are shown in
Table 3, and the distribution of the enhanced data instances and instance sizes is shown in
Figure 1. The validation set and the test set were not subjected to any data augmentation.

Table 3. Configuration of data augmentation techniques applied to the training set. The table details
two categories of augmentations: pixel-level and spatial-level transforms, along with their respective
application probabilities and plain-language descriptions.

Augment Type Augment Name Method Description Probability/%

Pixel-level

Affine Rotation, scaling, translation 50
BBoxSafeRandomCrop Safe cropping preserving targets 10

D4 Eight-fold symmetry transforms 10
ElasticTransform Non-linear shape deformation 10
HorizontalFlip Left-right mirroring 10

VerticalFlip Up-down mirroring 10
GridDistortion Grid-based distortion 10

Perspective Viewpoint angle changes 10

Spatial-level

GaussNoise Gaussian noise simulation 10
ISONoise Camera sensor noise 10

ImageCompression JPEG compression artifacts 10
RandomBrightnessContrast Lighting variations 10

RandomFog Fog weather simulation 10
RandomRain Rain weather simulation 10
RandomSnow Snow weather simulation 10

RandomShadow Shadow effects 10
RandomSunFlare Sun glare effects 10

ToGray Grayscale conversion 10
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(a) (b)

Figure 1. The instances and size distribution of the augmentation dataset. (a) The class distribution
of the augmentation dataset; (b) the size distribution of the augmentation dataset.

3.2. Embankment-Frequency Network Architecture

To address the unique challenges in embankment piping and leakage risk detec-
tion—namely, small object sizes, inconspicuous features, and a high dependency on tex-
ture information—this study presents an end-to-end deep detection architecture, named
EmbFreq-Net. The overall architecture of this network is shown in Figure 2, and it is
designed to enhance the detection performance and efficiency for subtle risk targets in
complex scenarios through a series of modules and structural designs.

Figure 2. A general overview of the network architecture.

The architecture of EmbFreq-Net is primarily composed of three core components: a
frequency-enhanced backbone, a multi-scale fusion neck, and a lightweight detection head.

In the backbone, the Local Frequency Enhancement (LFE) module is introduced.
This module dynamically modulates the convolution kernel in the frequency-domain
via Discrete Fourier Transform (DFT) and its inverse (IDFT), while also integrating the
principles of partitioned convolution. This design enables it to extract deep textural features
from images, which are necessary for identifying embankment leakage risks that rely on
subtle texture variations.

In the feature fusion neck, the Frequency Adaptive Fusion (FAFusion) module is
employed. This module also utilizes frequency-domain analysis to interact with spectral
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information during the fusion of multi-scale features, further strengthening the model’s
perception and integration of texture features at different scales.

Furthermore, to enhance the model’s feature representation capabilities, the Multi-
Scale Intrinsic Saliency (MSIS) module is proposed. This is an integrated unit that combines
Intrinsic Saliency Attention, a Dynamic Tanh activation function [36], an Efficient Frequency
Feed-Forward Network (EFFFN), and a Multi-scale Aggregation (MsA) Layer. The MSIS
module is designed to capture key information from complex data, thereby enhancing the
model’s expressive power.

It is worth emphasizing that EmbFreq-Net features a key innovation in its detection
head: a lightweight, shared-weight detection head with Group Normalization. This de-
sign improves the model’s stability during small-batch training and reduces the model’s
parameter count by 21.7% while maintaining detection accuracy.

To validate the effectiveness of the proposed architecture, it is compared against a
representative lightweight detection model (Computation: 6.3 GFLOPs, Params: 2.58 M,
mAP50: 73.49%). Experimental results show that EmbFreq-Net achieves comparable or
better performance while being more lightweight: its total computation is reduced to 4.6
GFLOPs, and its parameter count is decreased to 2.02 M. More importantly, on the custom
dataset, EmbFreq-Net achieves an mAP50 of 77.68%, demonstrating the efficacy of the
design and providing an efficient solution for practical deployment.

3.3. C3k2 with Local Frequency Enhancement

In the domain of embankment hazard detection using spectral data, identifying piping
leakage poses a significant challenge. The spectral signatures indicative of such haz-
ards—subtle variations in soil moisture, vegetation stress, and thermal gradients—often
manifest as faint, low-amplitude signals embedded within a complex and noisy background.
Traditional convolutional neural networks (CNNs), which typically employ static kernels,
often struggle to capture these nuanced and spatially varying features. Their uniform
feature extraction process can dilute the critical information carried by specific frequency
components, leading to diminished sensitivity for early-stage hazard identification.

To overcome this limitation, this study introduces a novel feature extraction paradigm,
the LFE module. The detailed module structure is shown in Figure 3. The LFE module
is designed to replace conventional convolutional blocks within the network’s backbone,
endowing the model with a dynamic and data-dependent feature extraction capability.
Unlike its static counterparts, the LFE module adaptively recalibrates its receptive field
and spectral sensitivity in response to the input feature map. This is achieved by dy-
namically generating convolutional kernels that are specifically tailored to accentuate the
most informative local textures and frequency bands. For our research in embankment
stability analysis, this translates to a heightened ability to amplify the weak spectral signals
associated with underground seepage while simultaneously suppressing irrelevant envi-
ronmental noise. Consequently, the LFE module facilitates the learning of discriminative
feature representations, which support the detection of subtle piping leakage hazards from
complex spectral imagery.

The operational core of the LFE module is a synergistic integration of three distinct
yet complementary mechanisms: Global Kernel Spatial Modulation, Local Kernel Spatial
Modulation, and Frequency Band Enhancement. The overarching principle is to synthesize
an adaptive convolution kernel, Wadaptive, for each input feature map, X ∈ RB×Cin×H×W ,
where B, Cin, H, W represent the batch size, input channels, height, and width, respectively.
The workflow is detailed as follows.
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Figure 3. The C3k2 with Local Frequency Enhancement (C3k2_LFE) module. (a) The overview
infrastructure of Local Frequency Enhancement Convolution Module based on C3k2; (b) the detail
infrastructure of Local Frequency Enhancement Module based on Bottleneck; (c) the detail design of
Frequency Enhancement Convolution Module.

The Global Kernel Spatial Modulation (KSM-G) component is responsible for cap-
turing the holistic, long-range dependencies within the input feature map to guide the
generation of a context-aware base kernel. It begins by compressing the global spatial
information into a channel-wise descriptor vector, z ∈ RB×Cin×1×1, via adaptive average-
pooling.

z =
1

H ×W

H

∑
i=1

W

∑
j=1

X(b, c, i, j) (1)

This descriptor is then processed through a miniature attention network—comprising
1× 1 convolutions, normalization, and a non-linear activation function (e.g., StarReLU)—to
produce a refined attention vector, aglobal . This vector subsequently modulates four
distinct attention mechanisms that collectively define the macro-level properties of the
dynamic kernel:

• Kernel Attention (Akernel): This determines the combination of base kernels from a
predefined dictionary. The dictionary of base kernels, Wbase ∈ CNk×Cout×Cin×K×K,
exists in the frequency domain. The attention weights are computed via a softmax
function to select a sparse combination.

Akernel = Softmax

(
fkernel(aglobal)

τ

)
(2)

where fkernel is a learned linear transformation and τ is a temperature parameter.
• Spatial, Channel, and Filter Attentions (Aspatial , Achannel , A f ilter): These generate mul-

tiplicative masks to control the spatial focus (which parts of the K × K kernel are
emphasized), input channel importance, and output filter (channel) contributions,
respectively. They are derived from aglobal through separate linear projections and
sigmoid activations.

The final globally modulated kernel in the Fourier domain, Ŵglobal , is synthesized
by a weighted aggregation of the base kernels, followed by the application of the other
attention masks.
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Ŵglobal = Aspatial � Achannel � A f ilter �
Nk

∑
i=1

(Akernel)i · (Ŵbase)i (3)

where � denotes element-wise multiplication.
While KSM-G provides a global context, the Local Kernel Spatial Modulation (KSM-L)

component refines the kernel by capturing fine-grained, local inter-channel relationships.
This mechanism operates on the channel-wise descriptor z to produce a high-resolution
attention map. The process involves modulating the channel information in the frequency
domain to enhance its representational capacity. Let zc be the channel vector for a single
sample. Its 1D Fast Fourier Transform (FFT) is computed and then multiplied by a learnable
complex weight vector, Wc ∈ CCin/2+1.

z′c = F−1
1D (F1D(zc)�Wc) (4)

where zc ∈ RCin is the channel vector for a single sample, F1D and F−1
1D denote the 1D

Fast Fourier Transform and its inverse respectively, Wc ∈ CCin/2+1 is a learnable complex
weight vector for frequency modulation, and� represents element-wise multiplication. The
resulting feature z′c is then passed through a 1D convolution across the channel dimension.
This models captures dependencies between adjacent channels, yielding a local attention
tensor Alocal that provides high-frequency, detailed refinement to the globally aware kernel.
This allows the final kernel to adapt not only to the overall scene but also to the subtle
interplay between different spectral channels.

The Frequency Band Enhancement (FBE) mechanism endows the module with explicit
control over the spectral content of the features. It decomposes the input feature map X
into multiple, non-overlapping frequency bands and adaptively re-weights them before
the main convolution. First, the 2D Fourier transform of the input, X̂ = F2D(X), is
computed. A series of low-pass masks, {M1, M2, . . . , MN}, corresponding to a set of
predefined frequency cutoffs, are utilized to partition the signal. The feature representation
for a specific band i is isolated by subtracting the outputs of successive low-pass filters.

Xband,i = F−1
2D (X̂�Mi−1)−F−1

2D (X̂�Mi),

where Xband,1 = X−F−1
2D (X̂�M1)

(5)

where Xband,i ∈ RB×Cin×H×W represents the i-th frequency band feature, X̂ = F2D(X) is
the 2D Fourier transform of input X, Mi ∈ RH×W denotes the i-th low-pass mask with
predefined frequency cutoffs, F2D and F−1

2D are the 2D Fast Fourier Transform and its
inverse, and i ∈ {1, 2, . . . , N} indexes the frequency bands. For each frequency band
Xband,i, a corresponding spatial weight map Wband,i is dynamically generated from the
input features using a lightweight convolutional block. The final enhanced feature map,
XFBE, is reconstructed by a weighted summation of these bands.

XFBE = Xlow,N +
N

∑
i=1

Wband,i � Xband,i (6)

where XFBE ∈ RB×Cin×H×W is the final frequency-enhanced feature map, Xlow,N =

F−1
2D (X̂ � MN) represents the lowest frequency component after applying the N-th low-

pass mask, Wband,i ∈ RB×Cin×H×W is the dynamically generated spatial weight map for the
i-th frequency band, and N is the total number of frequency bands. This process allows the
network to learn to amplify frequency bands correlated with seepage (e.g., low-frequency
patterns of large-scale moisture diffusion) and attenuate those associated with noise (e.g.,
high-frequency textural noise). The final convolution is then performed using the adap-
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tively synthesized kernel, Wadaptive = F−1
2D (Ŵglobal)� Alocal , on the frequency-enhanced

features, XFBE.
The Local Frequency Enhancement module represents a departure from conventional

feature extraction methodologies. By synergizing global contextual modulation, local
channel-wise refinement, and explicit frequency band manipulation, the LFE module
transforms the convolution operation from a static pattern-matching process into a dynamic,
content-aware analysis engine. This adaptability allows EmbFreq-Net to construct feature
representations that are sensitive to the specific spectral characteristics of the target hazard.
The network learns not just what to look for, but also how to adjust its focus—both spatially
and spectrally—to best discern the target signature from its surroundings.

Specifically for the mission-critical task of embankment piping detection, this inno-
vation yields substantial practical benefits. The model gains the ability to autonomously
amplify the faint yet crucial frequency components that signal subsurface moisture anoma-
lies, which are the primary indicators of leakage. Simultaneously, it learns to suppress
irrelevant background variations, such as changes in illumination or non-indicative veg-
etation patterns. This leads to an improved signal-to-noise ratio of the learned features,
resulting in a detection algorithm with enhanced robustness, sensitivity, and reliability for
identifying hazards at their early stages.

3.4. Multi-Scale Intrinsic Saliency Attention Block

In the feature extraction backbone of our proposed EmbFreq-Net, we introduce a
novel module, the Multi-Scale Intrinsic Saliency Attention Block (MSIS-Block), to enhance
the model’s feature representation capabilities (shown in Figure 4). Conventional attention
mechanisms within deep learning architectures, while effective at capturing long-range
dependencies, often suffer from quadratic computational complexity with respect to input
resolution and treat all spatial tokens with uniform importance. This can be suboptimal for
tasks like embankment risk detection, where critical indicators such as piping-induced soil
moisture anomalies or vegetation stress present as subtle, multi-scale textural variations.
To address these limitations, the MSIS-Block is engineered to synergistically integrate three
core components: an Intrinsic Saliency Attention (ISAttention) mechanism for efficient
and salient feature interaction, a Multi-scale Adaptor (MsA) for capturing diverse local
spatial patterns, and an Efficient Frequency Feed-Forward Network (EFFFN) for global
feature refinement in the frequency domain. This composite design empowers the network
to dynamically allocate computational resources to informative regions and holistically
model features across different scales and domains, which is paramount for identifying the
signs of seepage and piping on embankments.

The operational workflow of the MSIS-Block begins with an input feature map X ∈
RB×C×H×W , where B, C, H, W represent the batch size, channel count, height, and width,
respectively. The process unfolds through a sequence of specialized transformations.

First, the block employs the Intrinsic Saliency Attention (ISAttention) to model global
contextual relationships with a focus on feature saliency. The input tensor X is reshaped
into a sequence of tokens Xseq ∈ RB×N×C, where N = H ×W. These tokens are linearly
projected to form a unified representation matrix W ∈ RB×h×N×dk , where h is the number of
attention heads and dk is the dimension of each head. Instead of computing a conventional
attention matrix, ISAttention first determines the intrinsic importance of each token. This
is achieved by calculating a normalized, squared L2-norm of the token representations,
which is then passed through a Softmax function modulated by a learnable temperature
parameter τ. The resulting importance vector Π is defined as follows:
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Π = Softmax

⎛
⎝τ ·

dk

∑
k=1

(
Wijk

‖Wij‖L2

)2
⎞
⎠ (7)

This importance vector Π ∈ RB×h×N gates the token representations, allowing the model
to selectively focus on features critical to identifying potential hazards. The final attention
output is derived through a non-linear modulation process, and a residual connection is
added to ensure stable training. The output of this stage is X1 = X + ISA(DyT(X)), where
DyT denotes a dynamic activation function [36] that further enhances feature adaptability.

Figure 4. Architecture of the Multi-Scale Intrinsic Saliency Attention Block (MSIS-Block). It se-
quentially refines features using Intrinsic Saliency Attention (ISA) for global saliency, an Efficient
Frequency Feed-Forward Network (EFFFN) for frequency-domain analysis, and two flanking Multi-
scale Adaptor (MsA) modules to capture and enhance local spatial patterns. This structure ensures a
robust fusion of local details and global context.

Next, the feature map X1 is processed by the Multi-scale Adaptor (MsA), which is
designed to extract local textural information at multiple spatial scales simultaneously. The
MsA module operates in a parallel fashion. It first normalizes the input features and then
projects them into a lower-dimensional space. The core of the MsA lies in its multi-branch
depthwise convolution structure, where parallel convolutions with varying kernel sizes
(e.g., 3× 3, 5× 5, 7× 7) are applied. This allows the network to capture fine-grained details
(e.g., soil texture changes) and larger patterns (e.g., vegetation patches) concurrently. The
outputs from these parallel branches are aggregated and then projected back to the original
channel dimension. The operation can be formally expressed as follows:

M(P) =
1
K ∑

k∈S
DWConvk×k(P) + P (8)

where P is the projected feature map, S is the set of kernel sizes, and DWConv denotes
depthwise convolution. The MsA block is applied twice within the MSIS-Block, acting as an
adaptive feature refiner both before and after the feed-forward network, ensuring that multi-
scale spatial characteristics are preserved and enhanced throughout the transformation.
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Finally, the MSIS-Block utilizes an Efficient Frequency Feed-Forward Network (EFFFN)
to complement the spatial processing with a global perspective from the frequency domain.
The EFFFN takes the features refined by the first MsA and processes them through two
parallel pathways. One pathway follows a conventional FFN structure with depthwise
convolutions and non-linear activations. The other, more innovative pathway, transforms
the feature map into the frequency domain. The input features are first divided into
non-overlapping patches. Each patch is then transformed using a 2D Real Fast Fourier
Transform (F ). A learnable filter Φ is applied element-wise to the frequencies of the patches,
enabling the model to selectively amplify or suppress certain frequency components, which
often correspond to global textures and periodic patterns. The filtered frequencies are
then transformed back to the spatial domain via an inverse FFT (F−1). This operation is
described by the following:

Xfreq = R
(
F−1(F (P(Xin))�Φ)

)
(9)

where P and R represent the patching and reconstruction operations, respectively. The
output of the EFFFN is combined with a residual connection, and the result is passed to the
second MsA for final refinement, yielding the output of the entire MSIS-Block.

The introduction of the MSIS-Block provides a significant enhancement to the
EmbFreq-Net architecture. By moving beyond conventional self-attention and convolution,
it creates an improved feature representation. The synergistic combination of intrinsic
saliency attention (ISAttention), multi-scale spatial feature extraction (MsA), and global
frequency-domain analysis (EFFFN) equips the model with a comprehensive understand-
ing of the input spectral data. This is particularly advantageous for our application, as
the visual cues for embankment piping and seepage are often multi-faceted, requiring the
simultaneous perception of fine local textures, broader spatial contexts, and global periodic
patterns that might indicate widespread soil saturation.

Consequently, the MSIS-Block enables the backbone network to generate feature maps
that are not only rich in semantic information but also highly discriminative for subtle
anomalies. This enhanced feature representation contributes to improved accuracy for the
downstream detection head. The model becomes capable of distinguishing between benign
environmental variations and genuine risk indicators, reducing both false positives and
false negatives. Ultimately, the integration of the MSIS-Block elevates the EmbFreq-Net
from a standard detection model to a specialized tool capable of performing high-fidelity
analysis of complex geotechnical phenomena from spectral imagery.

3.5. Multi-Scale Frequency Feature Pyramid Network

Traditional feature pyramid networks typically rely on simple spatial fusion strategies,
such as summation or concatenation, combined with basic upsampling methods like
nearest-neighbor interpolation. While effective for general-purpose object detection, these
approaches face significant limitations in specialized domains like embankment hazard
detection. Specifically, they tend to treat all features indiscriminately, often diluting the
critical high-frequency details (e.g., subtle textural and spectral variations indicative of
seepage) present in high-resolution feature maps when merging them with the semantically
rich but spatially coarse low-resolution features. This indiscriminate fusion can lead to the
loss of crucial information necessary for distinguishing piping anomalies from complex
background noise. To address this challenge, we propose a novel neck architecture, the
Multi-scale Frequency Feature Pyramid Network (MFFPN). At the core of MFFPN lies
our innovative fusion module, the Frequency-domain Adaptive Fusion (FAFusion), which
replaces the conventional fusion pathway. As illustrated in Figure 5, FAFusion is designed
to perform a more principled feature integration by dynamically decomposing and re-

165



Remote Sens. 2025, 17, 3602

weighting features in the frequency domain. This enables the network to intelligently
preserve and enhance the fine-grained details from shallow layers while integrating robust
contextual information from deep layers, which is of paramount practical significance for
identifying the subtle spectral signatures of piping seepage on embankments.

Figure 5. Architecture of the Frequency-domain Adaptive Fusion (FAFusion) module. The module
performs content-aware fusion between high-resolution and low-resolution feature maps through
dynamic filter generation. High-resolution features Fhr and low-resolution features Flr are first
compressed via 1× 1 convolutions, then processed through adaptive low-pass and high-pass filter
generation pathways. The low-resolution features are upsampled using content-aware reassembly
with adaptive kernels, while high-resolution features undergo frequency enhancement. The final
output combines enhanced high-frequency details with semantically rich low-frequency information,
preserving critical textural information essential for subtle hazard detection.

The operational workflow of the FAFusion module, as depicted in Figure 5, is de-
signed to achieve a sophisticated, content-aware fusion between a high-resolution feature
map Fhr ∈ RChr×H×W from a shallower backbone layer and a low-resolution feature map
Flr ∈ RClr×H/s×W/s from a deeper layer, where s is the scale factor. Initially, to enhance
computational efficiency and extract salient feature representations, both feature maps are
projected into a compressed, lower-dimensional space using 1× 1 convolutions:

F′hr = Φhr(Fhr), F′lr = Φlr(Flr) (10)

where Φhr and Φlr represent the respective channel compression functions, yielding
F′hr, F′lr ∈ RC′×H×W (after upsampling F′lr for dimensional consistency in some opera-
tions). The central innovation of FAFusion lies in its ability to generate dynamic, spatially
varying kernels for feature transformation, rather than using static filters. Two distinct
content encoding functions, ELP and EHP, produce adaptive low-pass and high-pass filter
kernels, respectively, based on the content of both input features. The generation of the
adaptive low-pass kernel KLP can be formulated as follows:

KLP = ELP(F′hr ⊕ U (ELP(F′lr))) (11)

where⊕ denotes element-wise addition and U is a standard upsampling operator. A similar
process generates the adaptive high-pass kernel KHP. These kernels are then normalized us-
ing a Softmax function to ensure the weights sum to unity, focusing the transformation. The
low-resolution feature map Flr is then upsampled and transformed using a content-aware
reassembly operator, denoted as RCA, which utilizes the adaptive low-pass kernel KLP.
This process selectively transfers semantic information while minimizing spatial distortion:
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Fup = RCA(Flr, KLP) (12)

Concurrently, to emphasize the critical details in the high-resolution feature map, we apply
a high-frequency enhancement mechanism. This is achieved by subtracting the low-pass
filtered version of Fhr from itself and adding this high-frequency residual back, effectively
sharpening the details:

Fenh = Fhr + (Fhr −RCA(Fhr, KHP)) (13)

To further refine the feature alignment, especially in cases of spatial distortion, an optional
Local Similarity-Guided Sampler can be employed. This sampler computes pixel-wise
offsets Δp based on local feature similarity and performs a deformable sampling on the
upsampled feature map, F′up = Sde f (Fup, Δp), ensuring more precise feature correspon-
dence. Finally, the enhanced high-resolution features and the adaptively upsampled
low-resolution features are fused to produce the final output feature map Fout:

Fout = Fenh + F′up (14)

This frequency-aware fusion ensures that the resulting feature map is rich in both semantic
context and high-fidelity detail.

In essence, the introduction of the Multi-scale Frequency Feature Pyramid Network,
powered by the FAFusion module, marks a significant departure from conventional feature
fusion paradigms. By explicitly modeling and manipulating the frequency components of
features during the fusion process, the approach provides the network with an improved
understanding of the input data. Instead of merely superimposing feature maps, MFFPN
selectively amplifies the high-frequency components that are crucial for identifying subtle
anomalies like piping-induced spectral shifts, while simultaneously leveraging the low-
frequency semantic information that provides contextual awareness.

This fusion mechanism results in the creation of more discriminative feature rep-
resentations. The network becomes sensitive to the specific textural and spectral cues
associated with piping seepage, enabling it to distinguish these critical patterns from be-
nign background variations such as heterogeneous vegetation or soil moisture fluctuations.
Consequently, the MFFPN architecture significantly enhances the model’s overall perfor-
mance, leading to a marked improvement in both the accuracy and localization precision
of embankment piping hazard detection. This targeted enhancement of feature quality
contributes to the performance of the EmbFreq-Net model.

3.6. Multi-Scale Shared Detection Head

In the terminal stage of the EmbFreq-Net architecture, we introduce a novel prediction
module, the Multi-Scale Shared Detection Head (MSSDH), which is responsible for generat-
ing the final detection results from the multi-level features provided by the network’s neck.
The detection of piping leakage risks from embankment spectral data presents a unique
challenge: the target anomalies often manifest as subtle textural and spectral variations,
and their apparent size can vary significantly depending on the imaging distance and
the developmental stage of the hazard. Conventional detection heads typically employ
independent prediction branches for each feature scale, a design that not only incurs
substantial parametric and computational costs but also fails to enforce representational
consistency across scales. To address these limitations, our proposed MSSDH (shown in
Figure 6) is engineered to be lightweight, efficient, and robust by explicitly enhancing
feature consistency and coupling localization accuracy with classification confidence. For
the specific application of embankment safety monitoring, this translates into a higher
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detection accuracy for multi-scale hazards and a lower false alarm rate, which are critical
for reliable early warning systems.

Figure 6. The data flow within the Multi-Scale Shared Detection Head (MSSDH). Input feature maps
from different scales first pass through a shared feature enhancement block to ensure representational
consistency. Subsequently, parallel branches generate initial predictions for bounding box locations
and class labels. The initial class predictions are then refined by the Localization Quality Estimation
(LQE) module, which leverages the predicted bounding box information to suppress detections with
low localization quality. The design also incorporates learnable scalars to adaptively balance the
outputs from each scale.

The operational workflow of the MSSDH module is designed to process a set of multi-
scale feature maps, denoted as {Xi|i ∈ {1, . . . , L}}, where L is the number of feature levels
(in our case, L = 3, corresponding to P3, P4, and P5 features). The process begins with
a scale-specific convolution, C i

adapt, which unifies the channel dimension of each input

feature map Xi ∈ RB×Ci×Hi×Wi to a fixed hidden dimension Chid. This prepares the features
for subsequent shared processing.

X′i = C i
adapt(Xi) (15)

Following channel unification, all intermediate feature maps X′i are passed through a
single, shared feature enhancement block, Cshared. This block consists of a sequence of depth-
wise and point-wise convolutions with normalization. By sharing these convolutional
kernels across all scales, the model is compelled to learn scale-invariant representations,
effectively capturing the essential characteristics of piping anomalies regardless of their
size. This weight-sharing strategy is the cornerstone of the head’s lightweight design.

X′′i = Cshared(X′i) (16)

From the enhanced, scale-invariant feature map X′′i , the head performs decoupled
predictions for localization and classification. Two separate 1× 1 convolutional layers,
Creg and Ccls, are utilized to generate the bounding box regression predictions and the
class predictions, respectively. The regression output for each location is formulated as a
distribution over a discrete set of bins, a technique that improves localization precision. The
raw regression prediction Preg,i and classification prediction Pcls,i are generated as follows:

Preg,i = Si · Creg(X′′i ) (17)

Pcls,i = Ccls(X′′i ) (18)
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where Si is a learnable scalar that adaptively balances the magnitude of the regression
outputs for each scale. To address the potential mismatch between classification confidence
and localization precision, a common challenge in dense object detection, we incorporate
the Localization Quality Estimation (LQE) module [37], denoted as FLQE. This module
dynamically refines the classification scores by considering the quality of the corresponding
localization prediction. It takes both Pcls,i and Preg,i as input, fostering a strong synergy
between the two tasks. This ensures that high confidence scores are assigned only to
detections that are both correctly classified and precisely localized.

P′cls,i = FLQE(Pcls,i, Preg,i) (19)

The final output tensor for each scale, Yi, is formed by concatenating the regression
and the enhanced classification predictions. During inference, the distributional regression
outputs are decoded into bounding box coordinates (x, y, w, h) using a Distribution Focal
Loss (DFL) mechanism, which calculates the expectation over the predicted probability
distribution for each coordinate. This process, combined with the refined class scores,
yields the final, high-quality detection results.

The introduction of the Multi-Scale Shared Detection Head brings forth significant
advantages for the EmbFreq-Net model. Primarily, the weight-sharing mechanism within
its core convolutional block drastically reduces the number of parameters and floating-
point operations (FLOPs) compared to traditional multi-branch heads. This reduction in
complexity not only accelerates the model’s inference speed, making it suitable for real-time
monitoring applications, but also mitigates the risk of overfitting, particularly on specialized
datasets like embankment spectral imagery. The shared feature extractors promote the
learning of a more generalized and robust set of features, enhancing the model’s ability to
consistently identify piping hazards across different scales and viewing conditions.

Furthermore, the integration of the Localization Quality Enhancement (LQE) mecha-
nism [37] provides a sophisticated method for improving detection reliability. By explicitly
linking classification confidence to localization accuracy, MSSDH effectively suppresses
low-quality detections—those with poorly defined boundaries or ambiguous classifica-
tions—which are a common source of false positives in complex natural environments
like embankments. This quality-aware screening process is paramount for a critical safety
application, as it ensures that the system reports potential hazards with higher fidelity.
In summary, the MSSDH module enhances the EmbFreq-Net model by creating a more
efficient, robust, and reliable framework for the challenging task of detecting piping leak-
age risks.

4. Experimental and Result Analysis

4.1. Experimental Environment and Hyper-Params

The experimental platform for all model training and testing in this study was a high-
performance workstation. The hardware configuration consisted of a 12th Gen Intel(R)
Core(TM) i9-12900K processor, 128 GB of system memory, and two NVIDIA GeForce RTX
3090 GPUs, each providing 24 GB of dedicated video memory. All models were developed
and executed within the PyTorch 2.3.1 deep learning framework.

For the training hyperparameters, the Stochastic Gradient Descent (SGD) optimizer
was employed, with the initial learning rate set to 0.001 and the momentum set to 0.937.
All models were trained for a total of 400 epochs using an input image resolution of
640 × 640 pixels. A batch size of 64 was used, except for Detection Transformer (DETR)-
based models, where it was reduced to 32 to accommodate their larger memory require-
ments. To isolate the performance gains from the proposed modules, all data augmenta-
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tions, including mosaic, were disabled during training. Similarly, both Automatic Mixed
Precision (AMP) and half-precision training were disabled for all experiments to ensure
consistent comparison conditions.

4.2. Evaluation Mertrics

In our evaluation, the following metrics are used: P (Precision), R (Recall), F1-score(F1),
mAP50 (mean Average Precision at an Intersection over Union (IoU) threshold of 0.5),
mAP50-95 (the primary Common Objects in Context (COCO) metric, averaged over IoU
thresholds from 0.50 to 0.95), GFLOPs (Giga Floating Point Operations), and Params (in
millions). GFLOPs serves as a proxy for time complexity, while the number of model
parameters indicates the model size and space complexity. The other metrics are used to
evaluate the performance of the model on the dataset. Recall measures the proportion of
actual positive cases that were correctly identified, while precision measures the proportion
of positive identifications that were actually correct. These two metrics are numerically
competitive, so the F1-score is a harmonic average of the above two metrics, representing
the performance metric after considering both recall and precision. The mean Average
Precision (mAP), on the other hand, represents the average of each category under a
certain IoU threshold, which is one of the most important metrics for the target detection
task, emphasizing the accuracy of both classification and localization over the dataset.
The formulas for recall, precision, F1-score, and the mean value of average precision are
as follows:

Recall =
TP

TP + FN
(20)

Precision =
TP

TP + FP
(21)

F1 =
2 ∗ Precision ∗ Recall

Precision + Recall
(22)

APi =
N

∑
k=0

Pi(ri)dri (23)

mAP =
1

n + 1

N

∑
i=1

APi (24)

where TP stands for True Positive, FN stands for False Negative, and FP stands for False
Positive. APi stands for the average precision of the category i, calculated as the area under
the P-R curve. mAP is obtained by averaging the average precision of each category.

4.3. Comparison Experiments

To systematically validate the efficacy of the key components in EmbFreq-Net and
benchmark its overall performance, we conducted a series of comprehensive comparison
experiments. These experiments were designed to systematically evaluate the architecture
by individually assessing the contribution of each innovative module. The evaluation
was structured into three progressive stages: (1) an analysis of the C3k2-LFE backbone
against other prominent lightweight backbones to verify its feature extraction capabilities;
(2) a comparison of our Multi-scale Frequency Feature Pyramid Network (MFFPN) with
other advanced feature fusion structures to demonstrate its effectiveness in preserving
critical details; and (3) a holistic performance benchmark of the integrated EmbFreq-Net
against state-of-the-art (SOTA) object detection models to establish its superiority for
embankment hazard detection. This staged approach not only demonstrates the final
model’s effectiveness but also provides clear justification for its specific architectural
design choices.
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4.3.1. Backbone Architecture Comparison

The backbone network is fundamental to the detection model, responsible for ex-
tracting initial feature representations from the input data. The primary objective of this
experiment was to evaluate whether the proposed C3k2 with Local Frequency Enhancement
(C3k2-LFE) backbone more effectively captures the subtle textural and spectral features
characteristic of piping leakage compared to other lightweight architectures.

As detailed in Table 4, the C3k2-LFE module achieved the highest performance across
all key accuracy metrics, attaining an F1-score of 0.7759, an mAP50 of 77.45%, and an
mAP50-95 of 35.96%. While StarNet [38] required fewer parameters (1.94M vs. 2.19M) and
GFLOPs (5.0 vs. 5.4), C3k2-LFE yielded a 0.98 percentage point higher mAP50 (77.45% vs.
76.47%). Furthermore, compared to EfficientViT [39] and FasterNet [40], our backbone
achieved 0.39 and 3.40 percentage points higher mAP50, respectively, while requiring
31.7% fewer GFLOPs than EfficientViT and 41.3% fewer GFLOPs than FasterNet. These
results demonstrate that C3k2-LFE strikes an effective balance between model efficiency
and feature extraction capability for this specific domain.

Table 4. Performance comparison of different backbone architectures. Our proposed C3k2-LFE
is benchmarked against several prominent lightweight backbones: Yolo11 [41], EfficientViT [39],
FasterNet [40], MobileNet [42], StarNet [38], and FFC backbone [31]. The results show that the method
achieves improved trade-offs between detection accuracy (F1-score, mAP) and model efficiency
(GFLOPs, Params). Bold values indicate the best performance in each column.

Method
P R F1 mAP50 mAP50–95 GFLOPs Params

(%) (%) (%) (%) (M)

Yolo11 75.40 73.28 0.7432 73.49 34.41 6.3 2.58
EfficientViT 79.07 72.29 0.7552 77.06 35.62 7.9 3.74
FasterNet 78.52 71.89 0.7498 74.05 34.64 9.2 3.90
MobileNet 75.62 67.25 0.7104 73.18 33.49 21.0 5.43

StarNet 82.79 70.37 0.7607 76.47 35.43 5.0 1.94
FFC 82.32 72.22 0.7694 77.03 35.23 6.1 2.47

C3k2-LFE 79.80 75.50 0.7759 77.45 35.96 5.4 2.19

This superior performance can be attributed to its design, which was specifically
adapted for identifying faint anomalies in complex backgrounds. Unlike conventional
backbones that employ static convolutional kernels, the Local Frequency Enhancement
(LFE) module dynamically synthesizes content-aware kernels. As detailed in Section 3.3,
this is achieved through a synergistic mechanism that combines global contextual modula-
tion, local inter-channel refinement, and explicit Frequency Band Enhancement (FBE). This
enables the backbone to adaptively amplify the specific frequency bands correlated with
seepage-induced soil moisture and vegetation stress, while simultaneously suppressing
irrelevant background noise.

Compared to the FFC backbone (77.03% mAP50, 6.1 GFLOPs, 2.47M parameters), our
C3k2-LFE achieved superior accuracy (77.45% mAP50) with a lower computational cost
(5.4 GFLOPs, 2.19M parameters), demonstrating the efficacy of task-specific local frequency
enhancement over global frequency processing.

General-purpose lightweight models, while efficient, lack this specialized capability
for frequency-domain analysis, often treating features with uniform importance. Conse-
quently, they demonstrate a reduced capability in extracting discriminative representations
from the faint and spatially variant spectral signatures of piping, resulting in lower detec-
tion accuracy.
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4.3.2. Neck Module Comparison

The feature fusion neck plays a critical role in aggregating information from different
stages of the backbone, combining high-level semantic context with low-level spatial
details. This experiment was designed to verify that our proposed Multi-scale Frequency
Feature Pyramid Network (MFFPN) provides a more effective fusion strategy than existing
advanced neck modules for this task, where preserving fine-grained details is paramount.

The experimental results presented in Table 5 demonstrate the efficacy of the design.
MFFPN achieved an F1-score of 0.7819 and the highest mAP50 of 77.13%. Notably, the
method obtained the highest recall (R) of 78.30%, a critical metric for a hazard detection
task as it indicates a lower rate of missed detections. While RepGFPN [43–45] achieved an
identical F1-score (0.7819), MFFPN surpassed it in mAP50 by 0.65 percentage points (77.13%
vs. 76.48%) while requiring 25.6% fewer GFLOPs (6.1 vs. 8.2) and 32.5% fewer parameters
(2.47M vs. 3.66M). These results confirm that MFFPN enhances detection accuracy while
simultaneously maintaining computational efficiency.

Table 5. Performance evaluation of different feature fusion neck modules. Our proposed Multi-scale
Frequency Feature Pyramid Network (MFFPN) is compared with several advanced neck architectures:
BiFPN [27], MAFPN [28], RepGFPN [43–45], AFPN [46], and ASF [47]. The results show that MFFPN
achieves the highest scores in key detection metrics, particularly in F1-score and mAP, validating its
effectiveness in fusing multi-scale features for this task. Bold values indicate the best performance in
each column.

Method
P R F1 mAP50 mAP50–95 GFLOPs Params

(%) (%) (%) (%) (M)

BiFPN 76.42 71.19 0.7371 73.57 33.55 6.3 1.92
MAFPN 74.73 70.64 0.7260 72.52 32.97 7.1 2.70

RepGFPN 83.22 73.85 0.7819 76.48 35.13 8.2 3.66
AFPN 80.44 69.36 0.7449 74.16 33.79 8.8 2.65
ASF 81.14 71.89 0.7622 76.82 36.18 7.1 2.67

MFFPN 78.10 78.30 0.7819 77.13 35.96 6.1 2.47

The success of MFFPN is rooted in its core innovation, the Frequency-domain Adap-
tive Fusion (FAFusion) module, as described in Section 3.5. Traditional fusion necks often
employ simple addition or concatenation, which can dilute or lose high-frequency details
from shallow feature maps when merged with coarse, deep-layer features. In contrast, FA-
Fusion performs a principled integration by decomposing and re-weighting features in the
frequency domain. It dynamically generates adaptive low-pass and high-pass filters based
on input content, allowing it to intelligently preserve and even enhance the subtle textural
details indicative of seepage from high-resolution features, while selectively integrating ro-
bust semantic context from low-resolution features. Other advanced necks, such as ASF [47]
or RepGFPN [43–45], focus on spatial attention or structural re-parameterization but do
not explicitly address this frequency-domain challenge. This targeted, detail-preserving
fusion strategy enables MFFPN to construct more discriminative feature representations
for subtle, multi-scale targets, leading to superior detection performance.

4.3.3. Comparison with State-of-the-Art Models

To demonstrate the model’s overall practical value and establish a new performance
benchmark for embankment hazard detection, we conducted a final comparison of the fully
integrated EmbFreq-Net against a suite of general-purpose, state-of-the-art (SOTA) object
detectors. The goal was to prove that our holistically designed, domain-specific model
could outperform these powerful but generic architectures.
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The comprehensive results in Table 6 validate the effectiveness of our approach.
EmbFreq-Net achieved the highest detection accuracy with an mAP50 of 77.68%, exceeding
all other models, including recent architectures like YOLOv10 [48] (75.07%) and RepViT [49]
(76.18%) by 2.61 and 1.50 percentage points, respectively. The method achieved this
while requiring the lowest computational cost, using only 4.6 GFLOPs and 2.02 million
parameters. Compared to the baseline YOLO11, EmbFreq-Net achieved a 4.19 percentage
point higher mAP50 (77.68% vs. 73.49%) while reducing GFLOPs by 27.0% (4.6 vs. 6.3)
and parameters by 21.7% (2.02M vs. 2.58M). The transformer-based models (DETR-l and
DETR-R50) yielded lower mAP50 scores (69.10% and 70.88%, respectively) and required
substantially more computational resources (103.4 and 125.6 GFLOPs), indicating their
architectural design is less suitable for this specific spectral-texture-based detection task.

Table 6. Overall performance comparison with state-of-the-art (SOTA) object detection models. Our
integrated EmbFreq-Net is benchmarked against several widely recognized detectors: YOLO11 [41],
YOLOv10 [48], YOLOv9 [50], YOLOv8 [51], DETR-l [52], DETR-R50 [53], and RepViT [49]. The
results demonstrate that EmbFreq-Net achieves the highest detection accuracy (mAP50) while main-
taining the lowest computational cost (GFLOPs), establishing a new state-of-the-art for this specific
detection task. Bold values indicate the best performance in each column.

Method
P R F1 mAP50 mAP50–95 GFLOPs Params

(%) (%) (%) (%) (M)

YOLO11 75.40 73.28 0.7432 73.49 34.41 6.3 2.58
YOLOv10 82.02 68.43 0.7461 75.07 34.07 8.2 2.70
YOLOv9 83.03 65.95 0.7349 73.50 32.59 6.4 1.73
YOLOv8 78.00 73.14 0.7549 75.72 34.61 6.8 2.68
DETR-l 71.34 67.74 0.6932 69.10 29.62 103.4 31.99

DETR-R50 74.57 68.17 0.7115 70.88 32.24 125.6 41.94
RepViT 80.14 71.68 0.7566 76.18 36.55 17.0 6.43

EmbFreq-Net 76.52 74.59 0.7554 77.68 35.25 4.6 2.02

The performance of EmbFreq-Net results from the synergistic effect of its integrated,
purpose-built architecture. The C3k2-LFE backbone was specifically engineered to ex-
tract faint spectral-textural cues; the MFFPN neck preserves and enhances critical, high-
frequency details during multi-scale fusion; and the lightweight MSSDH head (Section 3.6)
generates predictions with minimal computational cost while enforcing consistency across
scales. Unlike the SOTA models, which were designed for general-purpose object recog-
nition, every component of EmbFreq-Net was optimized to address the specific chal-
lenges of piping leakage detection—namely, small targets, inconspicuous features, and
high reliance on texture. This domain-specific design approach enables EmbFreq-Net
to outperform larger and more complex general-purpose detectors while maintaining
computational efficiency.

4.4. Ablation Experiment

To systematically validate the effectiveness and contribution of each innovative com-
ponent within the EmbFreq-Net architecture, we conducted a series of comprehensive
ablation studies. The primary goal of these experiments is to dissect the proposed model
and quantitatively assess the impact of its four core modules: the C3k2 with Local Fre-
quency Enhancement (C3k2-LFE, denoted as A), the Multi-Scale Intrinsic Saliency Attention
Block (MSIS-Block, denoted as B), the Multi-Scale Frequency Feature Pyramid Network
(MFFPN, denoted as C), and the Multi-Scale Shared Detection Head (MSSDH, denoted as
D). By progressively adding or removing these modules, we can isolate their individual
effects on detection performance (mAP, F1-score, Precision, Recall) and model efficiency
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(GFLOPs, Params). This rigorous analysis not only justifies our design choices but also pro-
vides deeper insights into the synergistic interactions between the components, ultimately
demonstrating the superiority of the integrated EmbFreq-Net framework.

The results of our extensive ablation experiments, involving 16 distinct model con-
figurations, are summarized and visualized in the heatmaps presented in Figures 7 and
8, with detailed quantitative metrics provided in Table 7. Figure 7 provides a high-level,
rank-based comparison of all model variants across five key metrics, allowing for a quick
assessment of overall performance trends. Brighter colors indicate a higher (better) rank,
highlighting the most effective configurations. Figure 8 offers a more detailed view, present-
ing heatmaps with raw numerical values for the ablation of each specific module, which
facilitates a granular analysis of its direct impact.

Figure 7. Overview heatmap of ablation study results. This figure presents a rank-based (0.2–1.0
scale) comparison of 16 model variants across five key performance and efficiency metrics. Brighter
colors correspond to better ranks, providing a comprehensive visualization of the most effective
model configurations.

Table 7. Comprehensive ablation study results showing the quantitative performance of different
module combinations. The table presents detailed metrics for individual modules (A: LFE Module, B:
MSIS-Block, C: MFFPN, D: MSSDH) and their various combinations, demonstrating the independent
contribution and synergistic effects of each component in EmbFreq-Net. Bold values indicate the
best performance in each column.

Configuration
F1-Score mAP50 mAP50–95 GFLOPs Parameters

(%) (%) (M)

A (LFE Module) 0.7759 77.45 35.96 5.4 2.19
B (MSIS-Block) 0.7682 76.95 34.89 6.4 2.66

C (MFFPN) 0.7819 77.13 35.96 6.1 2.47
D (MSSDH) 0.7391 74.23 33.98 5.6 2.42
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Table 7. Cont.

Configuration
F1-Score mAP50 mAP50–95 GFLOPs Parameters

(%) (%) (M)

A + B 0.7547 74.17 34.64 5.4 2.27
A + C 0.7474 74.63 32.92 5.2 2.10
A + D 0.7515 76.60 34.48 5.1 2.24
B + C 0.7626 77.37 36.58 6.1 2.55
B + D 0.7598 77.28 35.73 5.7 2.50
C + D 0.7480 76.29 35.63 5.3 2.29

A + B + C 0.7697 76.71 35.08 5.3 2.18
A + B + D 0.7350 74.11 33.56 5.2 2.32
A+ C + D 0.7346 75.01 33.57 4.5 1.94
B + C + D 0.7226 75.66 35.46 5.4 2.39

A + B + C + D
(Full Model) 0.7554 77.68 35.25 4.6 2.02

(a) Ablation on C3k2-LFE (b) Ablation on MSIS-Block

(c) Ablation on MFFPN (d) Ablation on MSSDH

Figure 8. Detailed heatmaps for each module’s ablation study, displaying the original performance
values. Each sub-figure isolates the effect of a single module by comparing configurations with and
without it, thereby quantifying its specific contribution to the EmbFreq-Net model.
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4.4.1. Effectiveness of the C3k2-LFE

The C3k2-LFE module (Module A) is designed as a foundational feature extractor
in our backbone, aiming to enhance the model’s sensitivity to the subtle, texture-based
spectral signatures characteristic of piping leakage. As detailed in Section 3.3, its core
innovation lies in the dynamic generation of convolution kernels tailored to local frequency
content. The ablation study, visualized in Figure 8a, confirms the efficacy of this approach.

Observing the heatmap, the integration of the C3k2-LFE module consistently im-
proved detection accuracy metrics, particularly in the F1-score and mAP50 (0.7759 and
77.45% respectively, as shown in Table 7). The brighter cells corresponding to models
equipped with Module A indicate higher performance compared to their counterparts
without it. This performance gain is attributable to the LFE module’s ability to adaptively
amplify the faint frequency components associated with subsurface moisture anomalies
while suppressing irrelevant background noise. By transforming the convolution from
a static pattern-matching process into a dynamic, content-aware analysis, the network
learns more discriminative and robust feature representations. The visual evidence in
the heatmap supports the hypothesis that explicit frequency-domain enhancement at the
feature extraction stage is critical for identifying challenging, texture-reliant targets like
piping hazards.

4.4.2. Effectiveness of the MSIS-Block

Module B, the MSIS-Block, is introduced to equip the network with a more powerful
and nuanced feature representation capability, moving beyond conventional convolutions.
As described in Section 3.4, it synergistically combines intrinsic saliency attention (ISAtten-
tion), multi-scale spatial feature extraction (MsA), and global frequency-domain analysis
(EFFFN). The impact of this sophisticated block is demonstrated in the ablation results
shown in Figure 8b.

The heatmap shows that the inclusion of the MSIS-Block led to improvements in model
performance, particularly in the mAP50-95 metric. This metric is sensitive to high-quality
localization, indicating that the MSIS-Block enhances the model’s ability to delineate hazard
boundaries. This improvement can be attributed to the module’s comprehensive feature
modeling approach. The ISAttention allocates computational focus to salient image regions,
the MsA captures diverse local patterns concurrently, and the EFFFN provides global
contextual understanding from the frequency domain. This multi-faceted approach enables
the model to process the complex visual cues of embankment seepage, which are often
multi-scale and context-dependent. The performance gains shown in the heatmap indicate
that this holistic feature enhancement contributes to the overall accuracy of EmbFreq-Net.

4.4.3. Effectiveness of the MFFPN

The MFFPN (Module C) serves as the network’s neck, responsible for fusing features
from different stages of the backbone. Its core component, FAFusion, is engineered to
overcome the limitations of traditional fusion methods by intelligently merging multi-
scale features in the frequency domain, as explained in Section 3.5. The ablation study
for MFFPN, presented in Figure 8c, highlights its critical role in generating high-quality
feature pyramids.

The results visualized in the heatmap indicate that the MFFPN contributes to im-
proved detection performance, reflected by consistent gains across mAP50 and F1-score
(achieving 77.13% mAP50 and 0.7819 F1-score as the best single-module performance in
Table 7). Models incorporating MFFPN demonstrate more balanced performance, which
is attributable to its fusion mechanism. Instead of uniformly combining feature maps,
FAFusion selectively preserves and enhances the high-frequency information (e.g., subtle
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textures) from shallow layers while integrating the semantic context from deep layers. This
frequency-aware fusion process creates feature representations that contain both detailed
and contextual information. The heatmap indicates that this approach improves the capa-
bility to detect hazards of varying sizes and appearances, which is highly beneficial for
embankment monitoring applications.

4.4.4. Effectiveness of the MSSDH

Module D, the MSSDH, is our proposed lightweight prediction module designed for
efficiency and robustness. As detailed in Section 3.6, it employs a weight-sharing strategy
across scales and integrates a Localization Quality Estimation (LQE) mechanism to couple
classification confidence with localization accuracy. The dual advantages of this design are
compellingly demonstrated in the ablation study results in Figure 8d and the overview in
Figure 7.

The heatmaps illustrate the primary benefit of the MSSDH: a significant reduction
in model complexity. The columns for GFLOPs and Params(M) consistently show lower
values for configurations that include the MSSDH, confirming its computational efficiency
(contributing to the full model’s 4.6 GFLOPs and 2.02M parameters as shown in Table 7).
This efficiency was achieved while maintaining detection accuracy in most cases. The
shared-weight design promotes the learning of scale-invariant representations, which likely
contributes to improved generalization. Furthermore, the LQE mechanism filters out low-
quality detections by penalizing predictions with poor localization, which contributes to
higher F1-scores by reducing false positives. The ablation study indicates that the MSSDH
creates a more efficient yet reliable detection head, making the EmbFreq-Net model well-
suited for practical deployment in monitoring scenarios. The lightweight architecture
(2.02M parameters, 4.6 GFLOPs) enables practical edge computing deployment on resource-
constrained UAV platforms. With an estimated memory footprint of approximately 8.09 MB
(FP32) or 4.16 MB (FP16), EmbFreq-Net can operate efficiently on typical edge devices such
as NVIDIA Jetson series, meeting real-time requirements (282 FPS) for continuous aerial
monitoring while reducing power consumption to extend UAV operational time.

4.5. Hyperparameter Sensitivity Analysis

To provide insights for practitioners adapting EmbFreq-Net to new datasets, we con-
ducted a comprehensive hyperparameter sensitivity analysis on three critical parameters
that control the core functionality of our frequency-enhanced modules. The results are
summarized in Table 8. Specifically, we analyzed (1) the compressed channels parameter in
the FAFusion module, which controls the channel compression ratio for frequency-domain
feature fusion in the MFFPN neck; (2) the kernel number parameter in the LFE module,
which determines the number of dynamic frequency-domain kernels for adaptive convolu-
tion in the backbone; and (3) the attention head configuration in the MSIS-Block, which
governs the multi-head attention mechanism for intrinsic saliency computation. These
parameters directly influence the model’s frequency-domain processing capability, feature
extraction efficiency, and attention-based feature refinement. The analysis was performed
using the same experimental setup as the ablation study, with each parameter varied
independently while keeping others at default values to isolate its individual effects.
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Table 8. Sensitivity analysis of key hyperparameters in EmbFreq-Net: compressed channels (FAFu-
sion), kernel number (LFE), and attention heads (MSIS-Block). Performance metrics (P, R, F1, mAP)
are evaluated to assess the impact of each parameter on model accuracy and efficiency. Bold values
indicate the best performance within each column and each parameter group.

Hyperparameter Value
P R F1 mAP50 mAP50–95

(%) (%) (%) (%)

Compressed Channels

16 (Default) 76.52 74.59 0.7554 77.68 35.25
32 78.53 68.96 0.7344 76.44 34.78
64 77.74 68.19 0.7264 75.74 34.94

128 73.29 71.50 0.7238 74.96 36.31
256 75.23 71.68 0.7341 75.73 35.68

Kernel Number

4 76.12 68.24 0.7195 76.89 36.06
8 82.58 66.90 0.7387 76.70 35.80

16 (Default) 76.52 74.59 0.7554 77.68 35.25
32 75.41 72.95 0.7407 75.96 34.39
64 78.70 72.82 0.7564 77.83 36.58

Attention Heads

2 (Default) 76.52 74.59 0.7554 77.68 35.25
4 79.00 70.78 0.7462 75.28 35.27
8 78.75 73.08 0.7576 78.39 37.87

16 78.24 71.89 0.7493 75.49 35.75

The sensitivity analysis reveals important insights into EmbFreq-Net’s robustness
across its frequency-enhanced components. The FAFusion compressed channels parameter
shows mAP50 variations of only 2.72% (74.96–77.68%), with optimal performance at the
default 16 channels, indicating robust frequency-domain feature fusion in MFFPN. The
LFE kernel number demonstrates even greater stability with only a 0.99% mAP50 variation
(75.96–77.83%), showing that dynamic frequency-domain kernel generation in the LFE
module maintains consistent performance regardless of kernel quantity changes. The
MSIS-Block attention heads exhibit the largest but still modest sensitivity, with mAP50

ranging from 75.28% to 78.39% (a 3.11% variation).
The performance patterns reveal the functional characteristics of each module. The

default compressed channels setting achieves optimal performance, suggesting that exces-
sive compression loses critical spectral information while insufficient compression hinders
computational efficiency. The slight performance peak at 64 kernels (+0.15% mAP50) in-
dicates that increased kernel diversity marginally enhances frequency pattern capture in
embankment textures. The attention head improvement from 2 to 8 heads (+0.71% mAP50)
demonstrates enhanced intrinsic saliency computation, while further increases to 16 heads
show degradation, likely due to potential overfitting.

This low hyperparameter sensitivity is particularly valuable for practical deployment,
indicating that EmbFreq-Net can maintain consistent performance even when parameters
are not perfectly tuned for specific datasets. The default settings provide near-optimal
performance while maintaining computational efficiency. For practitioners seeking further
improvements, adjusting the attention head to 8 offers the best performance gain, while
optimizing the kernel number to 64 provides a minimal but consistent enhancement. The
model’s inherent robustness significantly reduces the tuning burden when adapting to new
embankment monitoring scenarios.

4.6. Interpretability Analysis

To address the critical need for model interpretability in embankment hazard detection,
we provide a comprehensive analysis of EmbFreq-Net’s decision-making process through
frequency-domain visualization. This analysis demonstrates that our model focuses on
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physically meaningful features related to seepage and piping, selectively amplifying mid-
frequency components (0.25π–0.5π cycles/pixel) that correspond to the moisture-induced
textural patterns characteristic of embankment hazards.

The frequency response analysis in Figure 9 reveals the sophisticated frequency-
domain processing capabilities of our C3k2-LFE modules. The original frequency spectra
(Figure 9a,d) show the natural frequency distribution of embankment surface imagery,
with energy predominantly concentrated in low-frequency components corresponding to
large-scale structural features and overall image composition. The enhanced spectra (Fig-
ure 9b,e) demonstrate selective amplification of mid-frequency components (0.25π–0.5π

cycles/pixel), which correspond to textural patterns characteristic of seepage and moisture-
related surface changes that are critical for hazard identification.

The enhancement ratio maps (Figure 9c,f) provide quantitative evidence of the se-
lective frequency processing, showing enhancement ratios ranging from 0.8 to 1.5 across
different frequency bands. The consistent amplification in the mid-frequency range cor-
responds to spatial scales of 0.5–2 m in real-world coordinates, which aligns precisely
with typical seepage zone sizes (1–3 m) and piping outlet dimensions (0.5–2 m). Notably,
piping detection exhibits stronger and more spatially coherent frequency enhancement
compared to leakage detection, suggesting that piping phenomena manifest more dis-
tinct spectral signatures that are readily amplified by our frequency-domain processing
approach, explaining the superior detection performance for piping hazards observed in
our quantitative results.

(a) (b) (c)

(d) (e) (f)

Figure 9. Frequency-domain analysis of EmbFreq-Net processing for leakage (top row) and piping
(bottom row) detection. (a,d) Original frequency spectra showing natural frequency distribution
with energy concentrated in low-frequency components; (b,e) enhanced frequency spectra after
C3k2-LFE processing revealing selective amplification; (c,f) enhancement ratio maps quantifying
selective frequency amplification with blue regions indicating enhancement (>1.0) and red regions
showing suppression (<1.0). Concentric circles indicate frequency band boundaries: red (Very Low,
0–0.1π), orange (Low, 0.1π–0.25π), yellow (Mid, 0.25π–0.5π), and outer region (High, 0.5π–π).

The frequency band analysis in Figure 10 confirms that EmbFreq-Net selectively
focuses on physically meaningful frequency ranges rather than applying uniform en-
hancement across all spectral components. The results demonstrate that mid-frequency
components (0.25π–0.5π) receive the strongest enhancement, with ratios of approximately
1.25 for piping and 1.15 for leakage detection, while very low-frequency (0–0.1π) and
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high-frequency (0.5π–π) components remain relatively unchanged with enhancement
ratios close to 1.0. This selective processing demonstrates the model’s sophisticated abil-
ity to preserve overall image structure and global context while specifically amplifying
hazard-related textural features.

This frequency selectivity is particularly crucial for embankment monitoring appli-
cations, as seepage and piping typically manifest as subtle textural changes in the mid-
frequency range, corresponding to moisture-induced surface variations, vegetation stress
patterns, and soil discoloration that occur at spatial scales of several pixels to tens of pixels
in UAV imagery. The consistent enhancement pattern across both hazard types, with pip-
ing showing slightly stronger amplification, builds confidence that our frequency-domain
approach targets physically meaningful features rather than arbitrary image artifacts, estab-
lishing a solid foundation for reliable automated hazard detection in diverse environmental
conditions. Importantly, these frequency-domain representations capture fundamental
textural characteristics that are more likely to generalize across diverse geographical and
seasonal conditions compared to spatial features that may be highly specific to particular
soil types or vegetation patterns, suggesting strong transferability potential for broader
geographical deployment.

Figure 10. Frequency band selectivity analysis showing enhancement ratios across four frequency
ranges. Mid-frequency components (0.25π–0.5π) receive the strongest enhancement (≈1.25 for
piping, ≈1.15 for leakage), aligning with expected seepage-related textural characteristics.

The module-wise analysis in Figure 11 reveals distinct enhancement patterns between
backbone and neck components, providing insights into the functional specialization within
our architecture. Backbone C3k2_LFE modules (Layers 2, 4, 6, 8) consistently demonstrate
higher mid-frequency enhancement ratios, ranging from 0.25 to 0.35 for both leakage
and piping detection, indicating their primary role in extracting hazard-related textural
features from the input imagery. In contrast, neck C3k2_LFE modules (Layers 15, 17,
20, 23) exhibit more moderate enhancement ratios between 0.15 and 0.25, reflecting their
specialized function in multi-scale feature integration and fusion rather than primary
feature extraction. The small error bars indicate consistent performance across different
samples and validate the reliability of our frequency enhancement approach.
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Interestingly, the analysis reveals that piping detection consistently yields higher
enhancement ratios compared to leakage detection across all analyzed modules, with the
most pronounced differences observed in the early backbone C3k2_LFE modules (Layers
2 and 4). This pattern suggests that piping phenomena exhibit more distinct and read-
ily detectable frequency signatures in the early feature extraction stages, which aligns
with our quantitative performance results showing superior detection accuracy for piping
hazards. The consistent enhancement patterns across modules provide strong evidence
that EmbFreq-Net’s decision-making process is systematically grounded in physically
relevant features rather than arbitrary image patterns, establishing the scientific foun-
dation for reliable automated embankment monitoring applications. The lightweight
design (2.02M parameters) and modular architecture also facilitate efficient adaptation to
new environmental conditions through fine-tuning, demonstrating strong cross-domain
transferability potential.

Figure 11. Module-wise frequency enhancement analysis across eight key EmbFreq-Net modules
showing mid-frequency enhancement ratios for backbone C3k2_LFE (Layer 2, 4, 6, 8) and neck
C3k2_LFE (Layer 15, 17, 20, 23). Error bars indicate standard deviation across samples. Backbone
modules demonstrate higher enhancement ratios (0.25–0.35), reflecting their primary role in hazard
feature extraction, while neck modules show moderate enhancement (0.15–0.25) for multi-scale
feature integration.

4.7. Visualized Analysis

To supplement the quantitative metrics and provide a more intuitive and qualitative
assessment of our model’s practical capabilities, we conducted a qualitative visualized
analysis. This analysis focuses on particularly challenging detection scenarios common in
real-world embankment inspections. As shown in Figure 12, we compare the performance
of EmbFreq-Net against a representative lightweight detection model (YOLO11), which
serves as a baseline, on four distinct and complex scenes. By visualizing both the final
detection results and the corresponding class activation maps (heatmaps), we aim to
demonstrate not only what our model detects but also how it “sees” and localizes the salient
features of piping and leakage hazards. This provides direct evidence of the model’s
robustness and interpretability.

As illustrated in Figure 12, the performance comparison between EmbFreq-Net and
the baseline model shows notable differences. The baseline, relying on conventional
spatial-domain convolutions, demonstrates clear limitations. In scenario (a), it failed to
identify a subtle leakage target whose spectral signature was obscured by surrounding
vegetation. In scenario (b), it misclassified a piping hazard as leakage, indicating difficulty
in distinguishing between the fine textural differences of these two related phenomena.
Scenario (c) shows a missed detection of a small-scale piping object, which represents a
challenge for generic detectors. The heatmap visualizations reflect these limitations; the
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baseline’s activations were often diffuse and unfocused, as seen in (d), indicating that the
model had difficulty localizing the most informative regions within the image.

Type (a) (b) (c) (d)

Original
Image

Baseline
Model

EmbFreq-
Net
(Ours)

Figure 12. Qualitative comparison of detection results in four challenging scenarios. For each scenario,
we present the original image, the results from a representative baseline model (detection box and
Grad-CAM heatmap), and the corresponding results from our EmbFreq-Net. The heatmaps are
generated from the final feature layer of each model’s backbone to visualize learned feature attention.
Note the baseline’s failures, such as missed detections (a,c) and misclassification (b), in contrast to
EmbFreq-Net’s consistent and accurate performance. The highly focused heatmaps of our model,
particularly in (d), underscore its superior feature localization capabilities.

In contrast, EmbFreq-Net demonstrated superior performance across all challenging
cases, successfully identifying and correctly classifying all targets in these examples. This
performance is attributed to the architecture’s design, which was specifically developed for
spectral hazard detection. The model’s heightened sensitivity to inconspicuous and small
targets (a, c) is a result of the combined action of the C3k2-LFE module in the backbone
and the MFFPN in the neck. The C3k2-LFE module (Section 3.3) adaptively enhances
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the faint, high-frequency textural information relevant for identifying hazards, while the
MFFPN (Section 3.5) preserves this detail and fuses it with semantic context. The accurate
discrimination between piping and leakage (b) is attributable to the feature representa-
tion capability of the MSIS-Block. By integrating intrinsic saliency attention, multi-scale
spatial analysis, and frequency-domain processing, it develops a more comprehensive
understanding of the hazard’s characteristics.

The heatmap visualizations provide further evidence for this capability. The focused
activations of EmbFreq-Net, particularly evident in the complex texture of scenario (d), con-
trast with the baseline’s more distributed attention. This indicates that the frequency-centric
modules guide the network to concentrate on salient spectral and textural anomalies, which
provides a robust basis for its detections. This qualitative analysis confirms that EmbFreq-
Net’s architecture provides an effective solution for the specialized task of embankment
safety monitoring.

5. Discussion

The superior performance of EmbFreq-Net stems from a fundamental departure in
how it handles visual information compared to conventional spatial methods. While tradi-
tional methods employ static spatial convolutions that treat all image regions uniformly, our
frequency-domain approach facilitates content-adaptive feature extraction that is crucial
for detecting subtle anomalies. The core rationale is that embankment hazards possess
unique spectral signatures—subsurface moisture introduces distinct frequency patterns
in soil texture, vegetation stress causes characteristic color variations, and water seepage
produces unique surface reflectance properties. By operating in the frequency domain,
the C3k2-LFE module can dynamically highlight these diagnostic frequency bands while
effectively suppressing irrelevant environmental noise, thereby achieving significantly
improved discrimination between hazardous and benign areas.

The ablation studies clearly highlight the synergistic effects of the core architectural
components. The MFFPN’s frequency-aware fusion mechanism successfully mitigates a
major limitation of conventional Feature Pyramid Networks—the tendency to dilute critical
high-frequency details when combining multi-scale features. Our analysis confirms that
retaining these high-frequency components is crucial for small object detection, as early-
stage piping outlets often present as subtle, few-pixel textural variations. Similarly, the
MSIS-Block’s integration of intrinsic saliency attention with frequency-domain processing
enabling the simultaneous modeling both local textural details and global contextual
relationships simultaneously. This robust dual-domain approach explains the method’s
ability to maintain consistent performance across varying hazard sizes and environmental
conditions, a significant advantage over baseline models that often struggle for small or
partially occluded targets.

Comparison of the proposed approach with existing embankment monitoring tech-
niques reveals several advantages beyond raw performance metrics. Traditional thermal
infrared methods, while useful for temperature anomaly detection, are constrained by
their strict reliance on thermal contrast, which may be absent in early-stage hazards or
unfavorable weather conditions. By contrast, our visible light approach, enhanced by
frequency-domain analysis, can detect hazards based on textural and spectral cues that
remain stable across diverse environmental conditions. Crucially, the computational effi-
ciency achieved through the shared-weight detection head and optimized frequency pro-
cessing also overcomes a critical practical barrier of existing deep learning approaches—the
inability to deploy complex models on resource-constrained UAV platforms. This effi-
ciency improvement makes real-time, autonomous monitoring of extensive embankment
networks feasible, representing a significant advancement in practical embankment safety
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technology. We acknowledge, however, that the method’s performance may be degraded
by extreme lighting conditions or when hazard features are exceptionally subtle, requiring
comprehensive validation across a wider range of environmental scenarios.

6. Conclusions

This study introduced EmbFreq-Net, a novel frequency-enhanced deep learning ar-
chitecture designed for automated embankment hazard detection using visible light UAV
imagery. This research contributes two key technical innovations: (1) dynamic frequency-
domain kernel generation that adapts feature extraction based on input characteristics,
and (2) frequency-aware multi-scale feature fusion technique that is designed to preserve
high-frequency details during integration. These innovations collectively lead to a ap-
proach significantly improves detection sensitivity to subtle piping and leakage signatures
by 23.4% compared to conventional spatial methods while maintaining computational
efficiency for real-time deployment.

Experimental evaluation confirms the method’s efficacy, showing that EmbFreq-Net
achieves 77.68% mAP@0.5, representing a 4.19 percentage point improvement over the
YOLOv11n baseline. Furthermore, the architecture is highly efficient, reducing compu-
tational requirements to 4.6 GFLOPs (a 27.0% reduction) and the number of parameters
to 2.02M (a 21.7% reduction). These efficiency metrics are crucial for enabling effective
deployment on resource-constrained UAV platforms and edge computing devices. In
practical terms, this automated detection system transforms traditional labor-intensive
inspection workflows into proactive, real-time surveillance, providing cost-effective and
continuous monitoring across extensive embankment networks. The approach significantly
enhances flood risk management by enabling rapid identification and response to em-
bankment hazards, ultimately protecting communities and reducing economic losses from
potential failures.

Several limitations of the current study should be acknowledged, providing clear
pathways for future enhancement. These limitations pertain to three main areas: First,
the current data exhibits limited geographic and seasonal diversity, which may restrict
the model’s generalizability across different hydrological and soil conditions. Second,
the approach requires further validation of its performance under extreme weather and
varying lighting conditions, as optimal results currently depend on adequate lighting
and professional UAV operation. Third, the purely data-driven nature of the current
model lacks integration of physics-based constraints, such as seepage flow modeling
and moisture diffusion patterns; integrating such constraints is expected to significantly
improve robustness and reduce false alarms, particularly for early-stage seepage detection
where visual cues are highly subtle.

Future research directions will focus on the following: These include developing
physics-informed neural networks that integrate seepage flow modeling with data-driven
learning and exploring multi-modal fusion (incorporating thermal infrared and LiDAR
data) for enhanced detection capabilities. Furthermore, efforts will be directed toward
expanding dataset diversity across different geographic regions and seasonal conditions.
Finally, we aim to extend the approach to other critical infrastructure monitoring applica-
tions, establish standardized benchmark datasets, conduct comprehensive edge computing
performance evaluation, and develop standardized APIs for seamless integration with
existing flood monitoring infrastructure.
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Abstract: Visible and thermal-infrared re-identification (VTI-ReID) based on aerial images is
a challenging task due to the large range of elevation angles, which exacerbates the modality
differences between different modalities. The substantial modality gap makes it challenging
for existing methods to extract identity information from aerial images captured at wide
elevation angles. This limitation significantly reduces VTI-ReID accuracy. This issue is
particularly pronounced in elongated targets. To address this issue, a robust framework for
extracting identity representation (RIRE) is proposed, specifically designed for VTI-ReID
in aerial cross-modality images. This framework adopts a mapping method based on
global representation decomposition and local representation aggregation. It effectively
extracts features related to identity from aerial images and aligns the global representations
of images captured from different angles within the same identity space. This approach
enhances the adaptability of the VTI-ReID task to elevation angle differences. To validate
the effectiveness of the proposed framework, a dataset group for elongated target VTI-
ReID based on unmanned aerial vehicle (UAV)-captured data has been created. Extensive
evaluations of the proposed framework on the proposed dataset group indicate that the
framework significantly improves the robustness of the extracted identity information for
elongated targets in aerial images, thereby enhancing the accuracy of VTI-ReID.

Keywords: UAV remote sensing; cross-modality re-identification; visible and thermal
remote sensing; elevation angle differences

1. Introduction

Visible and thermal-infrared re-identification (VTI-ReID) aims to match and associate
data of the same target captured by multiple cross-modality cameras across different
times and locations to re-identify target identities [1–6]. Due to its significance in all-
weather surveillance and public security, it has garnered increasing attention in recent years.
Unmanned Aerial Vehicles (UAVs) overcome the limitations of traditional fixed surveillance
sensors and provide enhanced monitoring capabilities [7–11]. However, aerial images often
exhibit wide variations in perspective angles, which significantly exacerbates the visual
representation discrepancies between visible and thermal-infrared modalities [12–17], as
illustrated in Figure 1. For instance, a vessel target captured from a top-down perspective
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may emphasize roof features (e.g., deck structures), while a side-view angle highlights
lateral characteristics (e.g., hull contours), leading to substantial differences in shape,
texture, and other visual attributes. This results in insufficient identity-discriminative
information for recognition, particularly critical for slender targets such as humans and
vessels [18–21]. Existing VTI-ReID methods, primarily designed for ground-based fixed-
view scenarios, struggle to address the cross-modality discrepancy challenges exacerbated
by large elevation angle variations in aerial contexts.

 

Figure 1. The aerial images exhibit significant differences in elevation angles, which are more
pronounced in elongated targets such as humans and vessels: (a) shows person data captured by
traditional fixed surveillance cameras, while (b) displays aerial Person surveillance data captured by
UAVs, demonstrating a wider range of elevation angles in the aerial person images. The comparison
between (c,d) showing significant differences in elevation angles of vessel targets in aerial images.

Specifically, existing research has two main limitations: the first type of method
synthesizes cross-modality images through generative adversarial networks (GANs) to
align feature spaces [22–28], but due to the lack of corresponding image pairs, significant
changes in target perspectives in aerial scenes can lead to severe noise in the synthesized
images. The second type of method attempts to map global features to a shared embedding
space [29–31], but large elevation angle variations can disrupt the stability of the target
global features, and relying solely on cross-modality global features can make accurate
mapping challenging. Given this issue, we attempt to investigate a VTI-ReID framework
for aerial images with large elevation angle variations.

Therefore, a robust VTI-ReID framework for extracting identity representation (Robust
Identity Representation Extraction framework, RIRE) is proposed. This framework adopts
a mapping method based on global representation decomposition and local representation
aggregation to extract features related to target identity from aerial images, with the
intention of mapping the global representations of images with different elevation angles to
the same identity space, thereby enhancing the adaptability of VTI-ReID to elevation angle
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differences. To verify the effectiveness of our framework, we constructed an aerial VTI-ReID
dataset group for person and vessels that are greatly affected by elevation angle changes.
Specifically, the dataset group comprises the aerial human VTI-ReID dataset Beach Aerial
Infrared Visible Person dataset (BA-VIP) and the aerial vessels dataset AVC-ReID [32]. The
extensive evaluation of the proposed dataset group shows that our framework significantly
improves the robustness of the identity information in aerial image VTI-ReID, especially
under high elevation angle variations.

In summary, the main contributions are as follows:

• A VTI-ReID framework for aerial images with large elevation angle differences has
been proposed.

• To alleviate large elevation angle differences, a method for identity-feature extraction
based on global representation decomposition and local feature aggregation is proposed.

• To verify the effectiveness of the proposed framework, a dataset group consisting of
aerial visible and thermal-infrared images was proposed. Extensive experiments have
shown that the RIRE framework provides relatively reliable cross-modality identity
correspondence, and our proposed framework has significantly improved the accuracy
of aerial VTI-ReID.

2. Related Works

Since the introduction of the VTI-ReID task in [33], methods for VTI-ReID have
experienced rapid development. However, most cross-modality Re-ID datasets currently
focus on near-infrared images, which, although cost-effective, do not possess the reflective
thermal characteristics of thermal-infrared images. Therefore, research on Re-ID based
on visible and thermal-infrared images is of the same importance. The significant feature
differences between visible and thermal-infrared images of the same target from different
perspective angles make it challenging to project cross-modality images into a shared space
directly. Existing methods typically use “feature-level methods” or “image-level methods”
to map target images from different perspectives into the same feature space. However,
these methods are ineffective in addressing the significant elevation angle differences in
aerial images, especially on elongated targets. In the following sections, these two methods
will be introduced separately.

2.1. Image-Level Methods

In an attempt to lessen the modality disparity between VIS and IR images in the image
space, image-level approaches convert one modality into another. Some methods enhance
the network’s insensitivity to modalities by fusing images from different modalities, mak-
ing it more sensitive to the information in the image that can be used for discriminating
identities. To bridge the modality gap, Wang et al. [34] suggested an end-to-end alignment
generative adversarial network (AlignGAN) that integrates feature alignment with pixel
alignment. Wang et al. [35] introduced a Dual-Domain Difference Reduction Learning
(D2RL) scheme that handles appearance and different modalities separately through a
modality transformation network. Hao et al. [36] introduced an identity-aware marginal
center aggregation strategy to extract centralized features while maintaining diversity un-
der the constraint of marginality. Fusion Pattern Collaborative Learning (SMCL) is a model
that Wei et al. [37] proposed. It combines the challenges of auxiliary distribution similarity
learning (ADSL) and enhanced homogeneity learning (CEHL) to automatically construct
a new modality with heterogeneous image features. The model projects heterogeneous
features onto a unified space to enhance recognition ability and amplify inter-class differ-
ences. Ye et al. [38] uniformly generate color-insensitive images by randomly swapping
color channels, continuously improving the model’s robustness to color variations. These
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techniques for aligning cross-modality images frequently entail sophisticated generative
models. Although successful, generating cross-modality images inevitably comes with
noise due to the lack of VIS-IR image pairs. Recently, X-modality [39] and its variants
(such as SMCL [37] and MMN [40]) have utilized lightweight networks to obtain auxiliary
modalities to assist in cross-modality search. Nonetheless, a modality gap persists between
the VIS-IR modality and these auxiliary modalities. These problems are the reason that
such methods do not achieve very ideal accuracy at present.

Furthermore, Kim et al. [41] introduced a data augmentation technique tailored for
VTI-ReID. This technique enhances the performance of part-based VTI-ReID models by
synthesizing augmented samples through the fusion of part descriptors from various
modalities. This method provides a new idea for solving the problem of cross-modality
Re-ID at the data enhancement level.

2.2. Feature-Level Methods

Feature-level methods aim to learn discriminative representations from cross-modality
data for identity recognition. They can be further divided into network-based approaches
and metric-based approaches.

Network-based approaches aim to find a modality-shared feature space where the
modality gap can be minimized. A dynamic dual-attention aggregation learning approach
was presented by Ye et al. [42] that simultaneously examines cross-modality contextual
clues and intra-modality hierarchy clues in VTI-ReID. A hierarchical cross-modality disen-
tanglement technique was presented by Choi et al. [43]. It uses just the id-discriminative
factor for robust cross-modality matching, automatically separating the id-discriminative
and id-exclusion factors from visible thermal images. A cross-modality-specific feature
transfer technique was introduced by Lu et al. [44]. It predicts the affinity of various
modality samples based on common characteristics and then transfers modality-specific
features as well as shared features between and within modalities. To alleviate modality
discrepancy, Wu et al. [45] proposed a combination modality and pattern alignment net-
work that extracts discriminative features by utilizing both modality alleviation and pattern
alignment modules. To learn cross-modality measurements in two ways, Liu et al. [46]
improved them even more using memory-based augmentation. A diversified embedding
expansion network was presented by Zhang et al. [47], it efficiently creates varied embed-
dings to learn useful feature representations and lessen modality disparity. To separate
the correlated modality-shared information in two orthogonal subspaces, Feng et al. [48]
suggested a shape-erasure feature learning paradigm that involves simultaneously learn-
ing shape-related features in one subspace and shape-erased features in the orthogonal
counterpart. Through the optimization of the conditional mutual information between
erased features and excluded body shape information, this method directly increases the
diversity of learned representations.

Metric-based approaches aim to reduce the distance between different modality data
in the feature space by designing loss functions. Ye et al. [49] proposed a dual-path
network with a novel bidirectional dual-constraint top-level loss to learn discriminative
feature representations, simultaneously handling variations between modalities and within
modalities to ensure the discriminability of the learned representations. Hao et al. [50]
mapped the extracted features onto a hypersphere manifold, where the difference between
two samples was computed based on angles. In contrast to angle-based measurements
in [34], Feng et al. [51] used Euclidean constraints to narrow the cross-modality gap.
Subsequently, by adding a bidirectional center-constrained ranking loss, Ye et al. [52]
expanded on this and enhanced the effectiveness of image-based person re-identity. A
cross-center loss was introduced by Tan et al. [53] to investigate more compact intra-class
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distributions. A loss paradigm known as sparse pairwise loss was presented by Zhou
et al. [54]. It combines an adaptive positive mining technique to dynamically adjust to
various intra-class variances. However, due to significant feature differences between VIS
and IR images from different observation perspectives, it is difficult to directly project
cross-modality images into a shared space. Therefore, it is necessary to design a more
targeted network architecture and effective constraints to improve the accuracy and identity
robustness of cross-modality multi-perspective image feature mapping.

3. Datasets

To evaluate the effectiveness of our proposed VTI-ReID framework for cross-modality
aerial data with large elevation angle differences, we have produced a visible and thermal-
infrared elongated target dataset group, which includes two types of typical elongated
targets: humans and vessels, which are named the BA-VIP dataset and AVC-ReID dataset,
respectively. Table 1 tabulates the comparison between the proposed dataset group and
existing related cross-modality Re-ID datasets; the range of elevation angle is evaluated
by visually observing the images in the dataset, where the bolded dataset represents the
dataset group we used. Next, the proposed dataset group is introduced in detail.

Table 1. Comparison between the proposed dataset group and existing related image Re-ID datasets.

Datasets Types of Targets
Range of Elevation

Angle
Modality Identity Visible Infrared

RegDB [55] Person 0–20/160–180 Visible and Thermal-infrared 412 4120 4120
SYSU-MM01 [34] Person 0–10/170–180 Visible and Near-infrared 491 26,061 12,210

LLCM [47] Person 0–20/160–180 Visible and Near-infrared 1064 25,626 21,141
AVC-ReID [32] Vessel 10–170 Visible and Thermal-infrared 138 3071 2530
BA-VIP (Ours) Person 60–120 Visible and Thermal-infrared 205 43,843 26,795

3.1. Beach Aerial Infrared Visible Person Dataset

In this paper, we constructed the BA-VIP dataset with aerial images for human VTI-
ReID. To our knowledge, this is the first visible and thermal-infrared person Re-ID dataset
captured by UAV. BA-VIP provides richer observation angles and higher difficulty in VTI-
ReID. The BA-VIP dataset was captured and compiled in May 2023 at the First Sea Bathing
Beach in Yantai City, Shandong Province, China, using the DJI M300RTK [56] UAV paired
with the H20T sensor [57], which made by Shenzhen DJI Innovation Technology Co., Ltd.
in China. The UAV flew at an altitude of 15–20 m above sea level, with wide-angle lenses
used to capture visible light images and dual digital zoom infrared lenses used to capture
thermal-infrared images, with a sensor elevation angle range of 60–120 degrees.

In detail, our BA-VIP dataset consists of 43,843 visible images and 26,795 thermal-
infrared images of 205 unique identities. These images were extracted from 446 video
segments captured by the UAV during 24 take-off and landing sessions, with frames
sampled at 5-frame intervals. The same person may appear in different videos captured
during various take-offs and landings. To ensure data quality, persons identified in the
sensor were manually annotated and images were retained if their row pixels were greater
than 50, column pixels were greater than 50, or total pixels were greater than 1200 because
we have found that under current conditions, it can be guaranteed that there will be no
problem of low infrared image quality for the person due to too far distance. Our dataset is
entirely manually annotated by humans, avoiding label noise.

The BA-VIP dataset was captured by UAV in a seaside amusement area, containing
rich variations in person poses and observation perspectives. For thermal-infrared images,
the pseudo-color represents the relative temperature of different targets in a single image;
therefore, the person targets appear whitish or blackish in the infrared image depending
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on the contrast between the person’s temperature and the environmental temperature.
Therefore, based on the ground temperature, the background can be classified into three
types: moist beach, dry beach, and sidewalk. In the wet beach background, the person
targets in the thermal-infrared image appear whitish, in the dry beach background, the
person targets in the thermal-infrared image are similar in color to the background or
appear blackish, and in the sidewalk background, the person targets in the thermal-infrared
image appear blackish, as shown in Figure 2.

 
Figure 2. Schematic diagram of the influence of different backgrounds on the person thermal-infrared
and visible images in the BA-VIP dataset.

It is worth mentioning that infrared images are usually divided into long-wave infrared
(LWIR), medium-wave infrared (MWIR), and short-wave infrared (SWIR) based on their
wavelengths. LWIR and MWIR are commonly referred to as thermal-infrared, which
generate thermal-infrared images by detecting the heat emitted by an object, displaying its
surface temperature. Thermal-infrared images excel in capturing object heat in complete
darkness or other lighting conditions, making them advantageous in nighttime, low light,
or no light conditions, particularly for warm-blooded objects like humans. The DJI H20T
utilizes an uncooled vanadium oxide (VOx) microbolometer to capture thermal-infrared
images at a wavelength range of 8–14 μm [57]. Among existing VTI-ReID datasets, except
for the RegDB dataset initially not designed for VTI-ReID tasks, our BA-VIP dataset is
the only dedicated remote sensing thermal-infrared person dataset created specifically for
VTI-ReID tasks.

However, despite the BA-VIP dataset filling the gap in VTI-ReID data from UAV
perspectives and demonstrating significant value in advancing research on UAV-based
VTI-ReID, it still exhibits several limitations:

(1) (Lack of quantitative observation angle data: Due to the dependency of person
imaging angles on UAV flight altitude, UAV-target distance, and other factors, the

193



Remote Sens. 2025, 17, 1956

BA-VIP dataset currently fails to provide precise quantitative angular measurements.
Consequently, it is challenging to analyze the specific impact of elevation angle
variations on model performance, which restricts the design of optimization strategies
tailored to angular discrepancies.

(2) Limited scene diversity: Constrained by its acquisition environment, the dataset only
covers beach and sidewalk scenarios, lacking data from complex urban environments,
nighttime conditions, or other geographic regions.

(3) Data scale and imbalance issues: With only 205 identities and an imbalanced distribution
between visible (43,843 images) and thermal-infrared (26,795 images) modalities, certain
identities may suffer from insufficient samples. This imbalance limits the depth of model
training and may lead to inadequate feature learning for low-frequency identities.

In summary, future enhancements are essential to further elevate the dataset’s re-
search value and applicability in real-world UAV-based VTI-ReID tasks, such as data
augmentation, precise annotation, and multi-scenario expansion.

3.2. Airborne Vessel Cross-Modality Re-Identification Dataset

The AVC-ReID dataset consists of visible and thermal-infrared modality data captured
by UAV from 138 vessels, comprising a total of 3071 visible images and 2530 thermal-
infrared images, with each identity represented by at least 15 images in each modality.
Sample images from the dataset are illustrated in Figure 3. As another visible and thermal-
infrared dataset captured by UAV, it exhibits significant variations in resolution and changes
in observation perspectives [32].

 

Figure 3. Schematic diagram of vessel dataset AVC-ReID obtained by UAV from different observation
perspectives.

4. Methodology

In this section, we will provide a detailed introduction to our proposed VTI-ReID
framework named RIRE for aerial cross-modality images. Figure 4 shows the overview
of our framework. To cope with the modality differences of different modality data, the
network uses ResNet50 as the backbone, which has the other stage’s shared structure and
parameters, but not the first stage’s parameters. Due to the significant differences in cross-
modality image features under different observation perspectives of the target, the network
uses the Aggregation of Deep and Shallow Global Features (DSGFAs) module and Global
Representation Mapping (GRM) module based on local representation extraction and ag-
gregation to adaptively adjust the feature extracted from different observation perspectives.
By extracting identity-related information unrelated to the perspective from images of
varying observation perspectives, the network enhances its ability to recognize the target’s
images from multiple observation perspectives and improves feature consistency among
individuals with different modalities of images from different observation perspectives.
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Figure 4. Schematic diagram of RIRE framework’s structure. Blue represents the infrared branch,
red represents the visible branch, light green squares represent the DSGFA module, and light blue
squares represent the GRM module.

4.1. Aggregation of Deep and Shallow Global Features Module (DSGFA)

With the increase in network depth, information needs to be propagated and extracted
through multiple layers; however, this process may lead to issues such as gradient vanish-
ing and information loss, resulting in a decrease in network performance. Furthermore,
the enlargement of receptive field may cause imprecise extraction of detailed information.
Therefore, the DSGFA module is proposed. The function of the DSGFA module is to
perform adaptive aggregation of deep and shallow features to ensure that identity-related
information is not lost during the convolutional process. The DSGFA layer takes both the in-
put and output of its preceding part of the ResNet50 network (STAGE-n) as input, where the
input from STAGE-n provides low-level feature maps fl ∈ RCl×Hl×Wl to the DSGFA layer,
while the output from STAGE-n provides high-level feature maps fh ∈ RChxHhxWh . Here, C,
W, and H represent the number of channels, width, and height of the features, respectively.
As high-level features typically have better information representation capabilities, the
focus of self-feature aggregation is mainly on these high-level features.

In the DSGFA module, the low-level feature fl is passed through a 1 × 1 convolutional
block ϕ1

1×1, resulting in fl
′. The high-level feature fh is separately passed through two

1 × 1 convolutional blocks ϕ2
1×1 and ϕ3

1×1, resulting in fh
′ and fh

′′ , respectively, as shown
in (1).

fl
′ = ϕ1

1×1( fl)

fh
′ = ϕ2

1×1( fh)

fh
′′ = ϕ3

1×1( fh)

(1)

Then, the matrix multiplication operation is performed between fl
′ and fh

′′ . To prevent
the inner product from becoming too large, the result is divided by the dimension of the
embedding. This step is similar to softmax, except that it does not force the output to be
constrained between 0 and 1; therefore, we use SM to represent this step, as shown in (2).
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Among (2), R represents the feature matrix, and m× n represent the size of the feature
matrix. Subsequently, the result is multiplied by fh

′′ again, and the same normalization by
the embedding dimension of a is applied, as shown in (3).

Finally, the obtained result is passed through a 1 × 1 convolutional block ϕ4
1×1 and a

batch normalization layer BN. This yields the output f DSGFA of the DSGFA module. The
output of the DSGFA module is shown in (4):

SM : Rm×n → R
m×n, SM(R) =

{
1
m R, if m ≥ n
1
n R, if m < n

(2)

fSM = SM(SM( fl
′ × fh

′)× fh
′′ )) (3)

fDSGFA = BN(ϕ4
1×1( fSM)) (4)

4.2. Global Representation Mapping Module (GRM)

The GRM module decomposes the target global representation extracted from cross-
modality images to obtain local representations, and then adaptively aggregates the local
representations to filter out target identity irrelevant information contained in the global
representation, thereby enhancing the network’s ability to recognize the identity of person
images from different UAV observation perspectives. Specifically, a multi-branch convolu-
tional structure is used to diversify and aggregate the input feature f DSGFA in GRM. The
structure of the i-th branch is as follows: first, p separates convolution blocks, namely,
ϕ1

3×3,. . ., ϕp
3×3, are used to fuse the input feature f and extract potential embedding

information, as shown in (5).
Then, the FReLU activation layer is applied to provide the embedding exploration

network with non-linear representation capability. Subsequently, a 1 × 1 convolutional
block ϕ1×1 is used to map the virtual embeddings, and finally, a dropout module D is
applied to improve the generalization performance of the virtual embedding exploration
network, as shown in (6); p represents the probability that the features at the current
position are set to zero, and we take p equal to 0.01. The output of the i-th branch is shown
in (7). Here, we use orthogonal loss to constraints between different feature branches fi

′′ :

fi
′ = [φi_1

3×3( f ) + . . . . . . + φ
i_p
3×3( f )]/p (5)

D : fm×n
′ = p fm×n (6)

fi
′′ = D(φ1×1(FReLU( fi

′))) (7)

In the aggregation process after diversified feature representation in the GRM, the
virtual embeddings f1

′′ and f2
′′ are first subjected to matrix multiplication. To prevent

the inner product from becoming too large, the result is divided by the dimension of the
embeddings by SM. Then, the result is multiplied by f, and the same normalization by the
embedding dimension is applied, as shown in (8). Afterwards, a linear mapping layer L
and a batch normalization layer BN are employed. Finally, the result is added to f, resulting
in f GRM, which represents the aggregation of features. The complete output of the GRM
layer is shown in (9):

fSM
′ = SM(SM( f1

′′ × f2
′′ )× fDSGFA) (8)

fGRM = fDSGFA + BN(L( fSM
′)) (9)

After passing through the GRM module, the features will be used to calculate the
loss function and perform similarity measurement to obtain VTI-ReID results. In our
method, unless otherwise specified, we use cross entropy loss Lcro [58], triplet loss Ltri [59],
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center guided pair mining loss Lcen [47] and orthogonal loss Lorth as the basic loss functions.
In the proposed framework, Lcro denotes the cross-entropy loss between features and
labels, Ltri represents the triplet loss, Lcen minimizes the distance between the original
embedding and the generated embedding by cross-modality alignment and intra-class
constraints to reduce modality differences [47]. Lorth enforces orthogonality constraints
during global representation mapping, ensuring that distinct sub-features encapsulate
mutually independent information. The total loss function is shown in (10). Among (10),
λcro, λtri, λcen and λorth, respectively represent the weights of different loss functions in the
total loss function:

L = λcroLcro + λtriLtri + λcenLcen + λorthLorth (10)

5. Results

This section will demonstrate the effectiveness of our framework through experiments.
First, the parameter settings and assessment measures used in our study are initially
introduced in this section, and then the progressiveness of our method by comparing the
accuracy with other advanced algorithms is shown. Next, we validate the effectiveness of
each part of our method through ablation experiments. Finally, we visualize the VTI-ReID
results and feature distribution, once again proving the effectiveness of our method. In this
section, we provide a detailed explanation of our experimental design and findings and
finally present the results in visual form.

5.1. Implementation Details

For person targets, each input image is resized to 3 × 384 × 144 before entering the
network; for vessel targets, each input image is resized to 3 × 224 × 224. To increase
the network performance during the training phase, the techniques of random horizontal
flipping and random erasure [60] are applied to the data. The initial learning rate is set
to 1 × 10−2 and then it increases to 1 × 10−1 after 10 epochs with a warm-up strategy.
After 10 epochs, it decreases to 0.9 × 10−1, followed by a further decrease to 0.8 × 10−1

after another 10 epochs, and continues iteratively. Our framework was trained for a total
of 100 periods. In each small batch, we randomly selected four VIS images and four IR
images from six identities for training. Training was carried out using an SGD optimizer
with momentum set to 0.9. In the experiment, we used Rank-1, Rank-10, Rank-20, mAP,
and mINP [61] as evaluation indicators. Among them, Rank-1 represents the probability
that the best search among all VTI-ReID results is the correct ID. Rank-10 and Rank-20
represent the probability that the top ten and twenty search results in all VTI-ReID results
contain the correct ID image. MAP and mINP are evaluations of the distribution of correct
results in all search results. In our experiment, unless otherwise specified, we use Lcro, Ltri,
Lcen, and Lorth as the basic loss functions; λcro, λtri, λcen, and λorth are set to 1.0, 1.0, 0.8, and
0.01, respectively, depending on [47]. Firstly, we experimented with the impact of different
p-value settings on VTI-ReID accuracy. Based on the experimental results, a p-value of 3 in
(5) will be selected for the following experiments.

To comprehensively evaluate the practicality of RIRE, we analyze its computational ef-
ficiency in terms of model parameters, FLOPs, and inference speed. All tests are conducted
on an NVIDIA RTX 3090 GPU with a batch size of 12. In order to comprehensively evaluate
the practicality of RIRE, we analyzed its computational efficiency from the aspects of model
parameters, FLOP, and inference speed. RIRE contributed 76.88 M of model parameters,
with FLOPs of 21.32 GB and 24.29 G for processing standard human images (3 × 384 × 144)
and vascular images (3 × 224 × 224), respectively. The time required to complete one test
code is 8.5 min.
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5.2. Comparison with State-of-the-Art Methods

To showcase the effectiveness of our framework, RIRE was compared with extensive
state-of-the-art VTI-ReID algorithms using aerial VTI-ReID data from the proposed datasets
group; the result is illustrated in Tables 2 and 3. Some of the results are referenced from [32].
The best results are highlighted in red.

Table 2. Person VTI-ReID accuracy between RIRE and the other state-of-the-art methods on the
BA-VIP datasets.

Settings BA-VIP (VIS to IR) BA-VIP (IR to VIS)

Method Year Rank-1 Rank-10 Rank-20 mAP mINP Rank-1 Rank-10 Rank-20 mAP mINP

DDAG [42] 2020 55.85% 76.96% 81.85% 41.88% 15.13% 56.58% 73.96% 78.90% 42.20% 14.80%
CM-NAS [62] 2021 56.25% 76.35% 81.48% 44.94% 17.09% 61.45% 77.16% 81.70% 49.89% 21.23%

CAJ [38] 2021 58.71% 75.77% 81.36% 42.55% 14.97% 62.01% 78.10% 82.62% 50.22% 20.76%
DEEN [47] 2023 63.54% 81.79% 86.34% 49.96% 21.11% 72.19% 86.84% 90.22% 56.15% 23.48%
SGIEL [48] 2023 67.05% 82.16% 86.41% 53.70% 22.08% 69.15% 83.24% 86.47% 57.14% 25.78%

RIRE (Ours) 69.07% 84.01% 88.55% 59.54% 33.23% 76.62% 86.41% 88.91% 66.40% 37.52%

Table 3. Vessel VTI-ReID accuracy between RIRE and the other state-of-the-art methods on the
AVC-ReID datasets.

Settings AVC-ReID (VIS to IR) AVC-ReID (IR to VIS)

Method Year Rank-1 Rank-10 Rank-20 mAP Rank-1 Rank-10 Rank-20 mAP

DDAG [42] 2020 28.10% 74.39% 90.02% 42.70% 25.26% 72.54% 89.33% 39.98%
CAJ [38] 2021 29.58% 72.50% 87.49% 43.44% 31.13% 75.87% 90.09% 45.44%

AGW [61] 2022 31.41% 78.79% 92.73% 46.54% 33.79% 80.61% 92.72% 49.04%
DART [63] 2022 43.73% 87.46% 96.48% 58.35% 45.30% 87.94% 96.32% 59.73%
DEEN [47] 2023 47.47% 92.07% 98.50% 62.58% 46.55% 89.36% 96.88% 61.00%
TMCN [32] 2024 50.40% 94.53% 99.00% 65.61% 53.09% 94.67% 99.06% 67.76%
RIRE (Ours) 52.91% 94.65% 99.30% 66.99% 59.69% 90.74% 95.87% 69.99%

Based on the results, it is evident that in the field of aerial VTI-ReID, our framework
outperforms other state-of-the-art algorithms in all evaluation metrics for the VIS to IR
and IR to VIS modes on the human-target dataset BA-VIP. Moreover, in the vessel-target
dataset AVC-ReID, our method outperforms other advanced algorithms in all evaluation
metrics for the VIS to IR mode, while achieving advantages in the key metrics of Rank-1
and mAP for the IR to VIS mode.

For aerial VTI-ReID tasks, Rank-1 and mAP are the two most important evaluation
metrics because they respectively reflect the system performance in identifying the correct
match at the top rank and in average precision, which is of significant value in practical
applications. Specifically, due to the corresponding image pairs between different modality
data in the BA-VIP dataset, mAP and mINP evaluation metrics better express the adaptabil-
ity of our method to different observation perspectives. Our method achieves close to 60%
mAP and over 33% mINP in the VIS to IR mode, and over 66% mAP and over 37% mINP
in the IR to VIS mode, demonstrating the advancement and effectiveness of our approach.
For the AVC-ReID dataset, our method achieves a Rank-1 metric close to 53% and mAP
close to 67% in the VIS to IR mode, while in the IR to VIS mode, the Rank-1 metric is close
to 60% and mAP close to 70%, proving the superiority and effectiveness of our method.
However, in the IR to VIS mode, our method does not lead in the Rank-10 and Rank-20
metrics, which may be due to the uneven distribution of samples, or the increased model
complexity amplifying noise or outliers in the training data.

5.3. Ablation Studies

We conducted in-depth research to accurately evaluate the effectiveness of each com-
ponent of the proposed RIRE on the dataset group. Firstly, we removed the DSGFA module
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and GRM module and conducted experiments on the BA-VIP and AVC-ReID datasets to
observe the accuracy of VTI-ReID as a baseline for evaluating the contribution of RIRE to
Re-ID accuracy. Subsequently, we separately added the DSGFA module and GRM module
to the network and observed the changes in VTI-ReID accuracy. The experimental results
verified the effectiveness of the two modules working independently. Finally, we combined
the DSGFA module and GRM module and applied them to the network to evaluate whether
these two modules can synergistically enhance the network’s adaptability to perspective
and modality differences. The overall settings, including experimental parameters, re-
main consistent with previous experiments. Tables 4 and 5 show the experimental results,
with the highest accuracy highlighted in red. In this section, we used DEEN [47] as the
baseline model.

Table 4. The influence on person VTI-ReID accuracy of each component of the proposed RIRE.

Settings (IR to VIS) BA-VIP (VIS to IR) BA-VIP (IR to VIS)

DSGFA GRM Rank-1 Rank-10 Rank-20 mAP mINP Rank-1 Rank-10 Rank-20 mAP mINP

63.54% 81.79% 86.34% 49.96% 21.11% 72.19% 86.84% 90.22% 56.15% 23.48%√
64.33% 81.75% 86.73% 50.54% 21.02% 72.59% 87.26% 91.07% 56.61% 24.20%√
66.86% 81.45% 85.86% 58.52% 31.78% 75.96% 87.82% 90.72% 65.54% 35.46%√ √
69.07% 84.01% 88.55% 59.54% 33.23% 76.62% 86.41% 88.91% 66.40% 37.52%

Table 5. The influence on vessel VTI-ReID accuracy of each component of the proposed RIRE.

Settings (IR to VIS) AVC-ReID (VIS to IR) AVC-ReID (IR to VIS)

DSGFA GRM Rank-1 Rank-10 Rank-20 mAP Rank-1 Rank-10 Rank-20 mAP

40.00% 87.67% 95.47% 55.47% 45.01% 86.18% 94.02% 58.70%√
41.05% 89.19% 96.98% 56.86% 46.30% 87.18% 95.01% 59.66%√
48.72% 91.98% 98.02% 63.01% 58.12% 89.17% 97.44% 68.90%√ √
52.91% 94.65% 99.30% 66.99% 59.69% 90.74% 95.87% 69.99%

From Tables 4 and 5, it can be seen that compared to not adding these two modules, us-
ing the DSGFA module and GRM module separately can improve the accuracy of VTI-ReID,
indicating that both modules have effective contributions to the network. The checkmark
in the table indicates the use of the current module in the model corresponding to the result.
When two modules are added together to the network, RIRE achieves optimal performance,
indicating that these two feature filtering layers are not mutually exclusive. The module
enhances the adaptability of the network to differences in perspectives and modalities.

5.4. Visualization

To further validate the ability of RIRE to alleviate cross-modality image differences
from different observation perspectives, we visualized the VTI-ReID results on both the
BA-VIP dataset and the AVC-ReID dataset. In addition, we visualized the distribution of
features extracted by the DSGFA and GRM modules based on BA-VIP.

5.4.1. Retrieval Results

To visually demonstrate the effectiveness of RIRE, we presented the retrieval results
of RIRE on the BA-VIP dataset and AVC-ReID dataset. For each target’s Re-ID result, the
retrieval images enclosed in green boxes indicate correct matches, where the retrieved
target’s image matches the cross-modality image being searched for the same ID, while
images enclosed in red boxes indicate incorrect retrievals, as shown in Figures 5 and 6.
Experimental visualization shows that our method improves the probability of the first
retrieval result being correct (Rank-1) and the overall ability to retrieve all correct results
(mAP and mINP). Comparing the correct results identified by our method with the baseline,
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the significant difference in observation perspectives does seriously affect the accuracy of
VTI-ReID. Our method can enhance the adaptability of the VTI-ReID network to perspective
differences; therefore, our method has improved in various evaluation indicators.

Figure 5. The Rank-10 retrieval results obtained by the proposed RIRE and baseline on the BA-VIP
dataset. The red box represents a search error, and the green box represents a correct search.

Specifically, in the visualized results of the person dataset presented in Figure 5, RIRE
successfully retrieves person images with perspective variations that baseline methods
failed to match, demonstrating its adaptability to perspective differences. However, in
the 5th-row retrieval results of Figure 5, although RIRE correctly matches targets in the
2nd to 4th ranks, the top-ranked retrieval and subsequent results contain distractors with
similar perspective and body postures. This reveals the model’s insufficient cross-modality
generalization capability for fine-grained appearance features (e.g., clothing), particularly
given that texture information loss in thermal-infrared images may lead to misidentification
of posture changes as different identities. Similarly, the 2nd-row vessel retrieval results in
Figure 6 show that RIRE correctly associates side-view thermal-infrared images unmatched
by baselines, but exhibits false detection of similar images at Rank-5. This might stem from
random erasing data augmentation obscuring the mast in visible images, while thermal
images fail to display distinct thermal signatures of masts due to material conductivity
differences, resulting in information loss across discriminative key regions. These cases
indicate that although RIRE alleviates large perspective variations through global-local
feature decoupling, modality-specific interference under extreme conditions (e.g., thermal
radiation noise, occlusion of critical components) remains a core challenge limiting high-
precision retrieval.
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Figure 6. The Rank-10 retrieval results obtained by the proposed RIRE and baseline on the AVC-ReID
dataset. The red box represents a search error, and the green box represents a correct search.

5.4.2. Feature Distribution

To further demonstrate the effectiveness of RIRE, we visualized the intra-class and
inter-class distances of features extracted by our RIRE on the BA-VIP dataset. We used
t-SNE [64] and UMAP [65] algorithms to map high-dimensional features into 2D and 3D
spaces, and visualized them using the Matplotlib library, which the version is 3.3.4. The
feature distributions mapped on the BA-VIP dataset shown in Figure 7 clearly illustrate
that the features of visible light images and infrared images are essentially segregated in the
feature space of the original feature distribution map due to significant modality differences
among various modal image data. When the DSGFA is included, the feature space distance
between features of multi-modality datasets belonging to the same individual decreases.
This effect becomes more pronounced when the GRM operates on the network. Finally,
when the two modules are both used in the framework, the features of multiple images of
different modalities belonging to the same individual have converged in the feature space,
further proving the positive role played by the DSGFA and GRM modules in alleviating
observation perspective differences and modality differences.
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(f) Initial 2D Distribution (g) Baseline 2D Distribution
(intra: 0.06, inter: 53.91)

(h) DSGFA 2D Distribution
(intra: 0.06, inter: 51.32)

(i) GRM 2D Distribution
(intra: 0.06, inter: 42.52)

(j) RIRE 2D Distribution
(intra: 0.05, inter: 17.63)

(a) Initial 3D Distribution (b) Baseline 3D Distribution
(intra: 0.11, inter: 54.67)

(c) DSGFA 3D Distribution
(intra: 0.09, inter: 35.01)

(d) GRM 3D Distribution
(intra: 0.06, inter: 32.72)

(e) RIRE 3D Distribution
(intra: 0.04, inter: 12.45)

Figure 7. (a–j) illustrate the feature distribution of cross-modality images on the BA-VIP dataset.
We select 20 IDs from the test set, of which 10 visible images and 10 infrared images are selected for
each ID to calculate the feature distance. The “dots” and “crosses” represent visible light images and
infrared images, respectively. The same color indicates features from the same ID, and the distance
between the same-colored “dot” and “cross” represents the intra-class distance, while the distance
between different-colored “dots” and “crosses” represents the inter-class distance. The quantitative
indicators of intra-class variance and inter-class distance are shown in parentheses.

5.5. Experiments on Public Datasets

While classical VI-ReID datasets such as SYSU-MM01 and RegDB inherently encapsu-
late perspective-related challenges, their controlled acquisition environments fail to fully
replicate the large-scale perspective disparities (particularly elevation angle variations)
observed in UAV-captured data. However, given our method’s theoretical capability to
address severe perspective discrepancies, we hypothesize its potential adaptability across
these canonical benchmarks. To empirically validate this hypothesis, we conduct supple-
mentary cross-dataset evaluations on SYSU-MM01 and RegDB, both widely recognized
as standard testbeds in VI-ReID research. SYSU-MM01 is a larger VI-ReID dataset that
includes more identities and more complex scene changes, while the RegDB dataset is
relatively small with fewer identities.

The experimental results are summarized in Table 6, where the accuracy metrics of
comparative methods are cited from [23]. The red bold in the table represents the optimal
result, and the blue represents the suboptimal result. On both SYSU-MM01 and RegDB
datasets, RIRE demonstrates remarkable superiority in VI-ReID, comprehensively outper-
forming state-of-the-art methods. Despite the inherent limitations of classical benchmarks
in fully simulating extreme perspective disparities (e.g., drastic elevation angle variations)
typical of UAV-captured scenarios due to constrained acquisition conditions, RIRE exhibits
exceptional generalization capability even within these controlled environments.

Specifically, under the all-search mode of SYSU-MM01, RIRE achieves 80.9% R-1 and
79.1% mAP, while in indoor-search scenarios, its performance further improves to 86.2%
R-1 and 88.9% mAP, underscoring its robustness in complex environments. For cross-
modality tasks on RegDB, RIRE attains leading R-1 scores of 92.6% (VIS-to-IR) and 89.8%
(IR-to-VIS), yet falls slightly behind DEEN [47] in mAP. This discrepancy may stem from
RIRE’s design focus: its strong robustness and feature generalization capability in large-
scale, complex scenarios enhance R-1 accuracy, while its limited sensitivity to fine-grained
discrepancies in smaller-scale datasets like RegDB results in marginally lower mAP. This
trade-off highlights the need for future refinements in cross-modality ranking consistency
without compromising perspectives invariance.
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Table 6. VI-ReID accuracy between RIRE and the other state-of-the-art methods on SYSU-MM01
and RegDB.

Methods

SYSU-MM01 RegDB

All Search Indoor Search VIS to IR IR to VIS

R-1 R-10 R-20 mAP R-1 R-10 R-20 mAP R-1 R-10 R-20 mAP R-1 R-10 R-20 mAP

BDTR [49] 17.0 55.4 72.0 19.7 - - - - 33.6 58.6 67.4 32.8 32.9 58.5 68.4 32.0
D2RL [35] 28.9 70.6 82.4 29.2 - - - - 43.4 66.1 76.3 44.1 - - - -

Hi-CMD [43] 34.9 77.6 - 35.9 - - - - 70.9 86.4 - 66.0 - - - -
JSIA-ReID [59] 38.1 80.7 89.9 36.9 43.8 86.2 94.2 52.9 48.1 - - 48.9 48.5 - - 49.3
AlignGAN [34] 42.4 85.0 93.7 40.7 45.9 87.6 94.4 54.3 57.9 - - 53.6 56.3 - - 53.4
X-Modality [39] 49.9 89.8 96.0 50.7 - - - - 62.2 83.1 91.7 60.2 - - - -

DDAG [42] 54.8 90.4 95.8 53.0 61.0 94.1 98.4 68.0 69.3 86.2 91.5 63.5 68.1 85.2 90.3 61.8
CM-NAS [62] 60.8 92.1 96.8 58.9 68.0 94.8 97.9 52.4 82.8 95.1 97.7 79.3 81.7 94.1 96.9 77.6
MCLNet [36] 65.4 93.3 97.1 62.0 72.6 97.0 99.2 76.6 80.3 92.7 96.0 73.1 75.9 90.9 94.6 69.5

SMCL [37] 67.4 92.9 96.8 61.8 68.8 96.6 98.8 75.6 83.9 - - 79.8 83.1 - - 78.6
CAJ [38] 69.9 95.7 98.5 66.9 76.3 97.9 99.5 80.4 85.0 95.5 97.5 79.1 84.8 95.3 97.5 77.8

MPANet [45] 70.6 96.2 98.8 68.2 76.7 98.2 99.6 81.0 82.8 - - 80.7 83.7 - - 80.9
MMN [40] 70.6 96.2 99.0 66.9 76.2 97.2 99.3 79.6 91.6 97.7 98.9 84.1 87.5 96.0 98.1 80.5
DEEN [47] 74.7 97.6 99.2 71.8 80.3 99.0 99.8 83.3 91.1 97.8 98.9 85.1 89.5 96.8 98.4 83.4

PartMix [41] 77.8 - - 74.6 81.5 - - 84.4 84.9 - - 82.5 85.7 - - 82.3

RIRE (ours) 80.9 98.1 99.8 79.1 86.2 99.1 100.0 88.9 92.6 98.5 99.2 84.3 89.8 97.7 98.9 83.2

6. Discussion

6.1. Analysis of the Effectiveness of Robust Identity Representation Extraction Framework

The proposed RIRE framework demonstrates significant advancements in addressing
the challenges of VTI-ReID for aerial images with large elevation angle variations. By de-
coupling global and local features through global representation decomposition and local
aggregation, RIRE effectively aligns cross-modality features across diverse perspectives,
achieving state-of-the-art performance on both the BA-VIP (person) and AVC-ReID (vessel)
datasets. Specifically, the integration of the DSGFA and GRM modules enhances the adapt-
ability of identity-related features to perspective differences, as evidenced by improved
Rank-1 accuracy and mAP metrics compared to existing methods. Visualization of feature
distributions further validates that RIRE successfully reduces intra-class distances between
cross-modality samples, confirming its robustness in handling perspective variations.

6.2. Limitations Analysis of Robust Identity Representation Extraction Framework

However, the framework exhibits limitations in fine-grained feature generalization
under extreme conditions. For instance, in the BA-VIP dataset’s retrieval results (Figure 5),
while RIRE matches targets with perspective variations, the top-ranked results still include
distractors with similar postures or clothing, indicating insufficient sensitivity to texture
details lost in thermal-infrared modalities. Similarly, for vessels (Figure 6), false detections
at Rank-5 arise from thermal signature ambiguities (e.g., mast occlusion in visible images
due to random erasing). These cases highlight that modality-specific interference—such
as thermal radiation noise or critical component occlusion—remains a core challenge.
Additionally, RIRE’s computational efficiency poses a practical limitation: the framework’s
complexity (76.88M parameters and high FLOPs) may hinder real-time deployment on
resource-constrained UAV platforms, where lightweight architectures are often prioritized
to balance accuracy and operational costs. The dataset’s inherent limitations, including
restricted scene diversity (e.g., beach/sidewalk-only backgrounds in BA-VIP) and sample
imbalance (uneven modality distributions), may further constrain the model’s ability to
generalize to complex real-world scenarios.

6.3. Future Research Trends

Future work should prioritize enhancing fine-grained feature discrimination, partic-
ularly for texture and structural attributes susceptible to modality-specific information
loss. Developing robust data augmentation strategies to mitigate occlusion and thermal
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noise, while preserving discriminative regions (e.g., masts or clothing patterns), could
further improve retrieval precision. Secondly, expanding dataset diversity to include urban
environments, nighttime conditions, and balanced identity distributions would better
reflect real-world UAV surveillance challenges. Additionally, lightweight model designs
could address the computational overhead of RIRE, facilitating deployment on resource-
constrained aerial platforms. By addressing these limitations, future frameworks could
achieve higher precision in cross-modality retrieval while maintaining robustness against
extreme perspective and modality variations.

7. Conclusions

In this paper, a robust identity representation extraction framework for VTI-ReID of
aerial images, named RIRE, is proposed. The framework adopts a mapping method based
on global representation decomposition and local representation aggregation. Identity-
related representations in aerial images are captured, and the global representations of
targets from different perspectives are mapped to the same identity space, thereby enhanc-
ing adaptability to target observation perspective differences in aerial images, particularly
elevation angle variations.

To validate the proposed framework, we construct a group of cross-modality aerial
image Re-ID datasets, including two typical elongated categories: humans and vessels.
Extensive testing data demonstrate that the framework achieves the best accuracy for
different types of elongated target VTI-ReID under aerial perspectives. Visual testing
results and feature analysis further confirm the superior adaptability of the framework to
observation perspective differences.

Although superior adaptability to observation perspective differences of humans and
vessels in UAV images for VTI-ReID tasks is demonstrated by our method, the complexity of
the model makes it more sensitive to intra-class distances caused by perspective differences,
thereby severely impeding the further improvement of mAP and mINP. This will be a key
focus of future research.
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Abstract

Traditional path planning algorithms often fail to simultaneously ensure operational ef-
ficiency, energy constraint compliance, and environmental adaptability in agricultural
scenarios, thereby hindering the advancement of precision agriculture. To address these
challenges, this study proposes a deep reinforcement learning algorithm, MoE-D3QN,
which integrates a Mixture-of-Experts mechanism with a Bi-directional Long Short-Term
Memory model. This design enhances the efficiency and robustness of UAV path planning
in agricultural environments. Building upon this algorithm, a hierarchical coverage path
planning framework is developed. Multi-level task maps are constructed using crop infor-
mation extracted from Sentinel-2 remote sensing imagery. Additionally, a dynamic energy
consumption model and a progressive composite reward function are incorporated to fur-
ther optimize UAV path planning in complex farmland conditions. Simulation experiments
reveal that in the two-level scenario, the MoE-D3QN algorithm achieves a coverage effi-
ciency of 0.8378, representing an improvement of 37.84–63.38% over traditional algorithms
and 19.19–63.38% over conventional reinforcement learning methods. The redundancy rate
is reduced to 3.23%, which is 38.71–41.94% lower than traditional methods and 4.46–42.77%
lower than reinforcement learning counterparts. In the three-level scenario, MoE-D3QN
achieves a coverage efficiency of 0.8261, exceeding traditional algorithms by 52.13–71.45%
and reinforcement learning approaches by 10.15–50.2%. The redundancy rate is further
reduced to 5.26%, which is significantly lower than the 57.89–92.11% observed with tradi-
tional methods and the 15.57–18.98% reported for reinforcement learning algorithms. These
findings demonstrate that the MoE-D3QN algorithm exhibits high-quality planning perfor-
mance in complex farmland environments, indicating its strong potential for widespread
application in precision agriculture.

Keywords: precision agriculture; deep reinforcement learning; path planning; Mixture-of-
Experts mechanism; remote sensing

1. Introduction

With the rapid advancement of unmanned aerial vehicle (UAV) technology, the
paradigms and technical pathways of modern agricultural production have been pro-

Remote Sens. 2025, 17, 2704 https://doi.org/10.3390/rs17152704
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foundly restructured [1,2]. Plant protection UAVs, characterized by exceptional maneuver-
ability and a broad aerial perspective, have overcome operational bottlenecks associated
with complex terrains—including plains, hills, and mountainous regions—and have signif-
icantly enhanced the flexibility and efficiency of crop protection operations. By alleviating
rural labor shortages and mitigating pesticide overuse, the large-scale deployment of UAV
platforms also signifies an evolution in the precision-agriculture technology framework,
opening new avenues for the efficient utilization of agricultural resources and the sus-
tainable management of ecosystems. As a result, the construction and comprehensive
development of integrated rural systems have been powerfully advanced [3–6].

In UAV-driven precision-agriculture systems, the formulation of an effective path plan-
ning strategy is paramount to harmonizing the “perception–decision–action” pipeline. Fun-
damentally, this challenge entails not only achieving comprehensive spatial coverage but
also deeply integrating the time-varying characteristics of the agricultural environment with
the dynamic requirements of field tasks [7,8]. To date, two primary categories of planning
methods have been employed. The first comprises classical approaches—such as heuristic-
based A* search [9], population-inspired genetic and particle-swarm algorithms [10], and
sampling-based rapidly exploring random trees [11]—which generally excel in simple, well-
defined scenarios but suffer from high computational complexity and limited adaptability
when environmental conditions, targets, or obstacles change, necessitating full replanning.
The second category encompasses machine-learning techniques, notably Deep Q-Networks
(DQN) [12] leveraging experience replay and policy gradient methods such as Proximal
Policy Optimization (PPO) [13]. In the context of agriculture—where environments are
complex and constraints are numerous—traditional algorithms often struggle to accom-
modate all operational factors, whereas deep reinforcement-learning (DRL) algorithms, by
virtue of their capacity for autonomous representation of high-dimensional state spaces
and end-to-end decision optimization, are emerging as a promising avenue for overcoming
the limitations of conventional path planning solutions.

In recent years, a variety of advanced path planning approaches have been developed
for coverage tasks in agricultural and orchard environments. Zhang et al. proposed a
method based on an improved A* algorithm for orchard-weeding robots [14], in which a
weighted heuristic cost function and an additional turning-angle penalty were introduced
to optimize coverage-path planning. Wu et al. developed an enhanced genetic algorithm
incorporating simulated-annealing-inspired stretch-fitness evaluation tailored for complete
coverage path planning [15], the hyperbolic-tangent activation function from neural net-
works, and fireworks-algorithm operators to mitigate early-stage premature convergence
and bolster global search capabilities. Kong et al. presented B-APFDQN [16], a UAV-based
coverage-path planning algorithm that fuses DQN learning with an artificial potential field
(APF). In this approach, APF-derived priors are used to curtail blind exploration during
training, and a novel network architecture simultaneously outputs both Q-values and
action-distribution probabilities, thereby accelerating convergence. Zhou et al. introduced
a robot-coverage strategy grounded in DRL [17], employing a DDQN with prioritized
experience replay (PER) and incorporating a blockage-and-blind-area (BBA) mechanism to
guide exploration toward unvisited regions. Lin et al. designed a collision-free coverage
method for guava-picking robots by combining a recurrent neural network (RNN) with an
enhanced deep deterministic policy gradient (DDPG) algorithm to predict safe trajectories
in unknown states [18]. Finally, Ahmad et al. proposed a DRL-based coverage scheme
for precision crop-health monitoring in smart agriculture, in which a centralized convolu-
tional neural network (CNN) is integrated with DDQN. A bespoke reward function was
devised to incentivize visits to high-value, uninspected areas while penalizing suboptimal
actions [19].
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Despite the considerable progress made in UAV path planning research, existing
approaches still exhibit limited applicability in agricultural scenarios. Many current meth-
ods tend to oversimplify farmland as homogeneous areas and focus on global traversal
optimization, which fails to meet the integrated demands of precision agriculture in terms
of operational accuracy, resource efficiency, and ecological sustainability. On the one hand,
prevailing strategies often overlook critical factors such as variations in cropping patterns,
spatial heterogeneity of pest and disease distribution, and dynamic changes in UAV pay-
loads. This omission restricts both the precision of pesticide application and the overall
energy efficiency. On the other hand, the singular pursuit of globally optimal paths may
result in issues such as redundant pesticide application, energy waste, and contamination
of ecologically sensitive zones, thereby making it difficult to balance increased agricultural
output with environmental sustainability.

To address these challenges, Mukhamediev et al. proposed a genetic algorithm-based
heterogeneous UAV swarm coverage planning method [7], which targets irregular farm-
land operations by jointly optimizing UAV selection, flight route design, and ground
platform scheduling, significantly reducing overall system costs. Syed et al. focused on
semi-structured orchard environments and developed an improved YOLOv8-CNN model
integrating Ghost modules and a SE attention mechanism [20], enabling efficient classifica-
tion of real versus false obstacles and enhancing the safety and decision-making efficiency
of autonomous navigation. In another study, Li et al. addressed multi-region fertilization
tasks in large and complex farmland by proposing a path planning method based on an
enhanced Double Deep Q-Learning algorithm [21]. By utilizing GEE-GNDVI to extract
nitrogen stress distribution and construct multi-region task maps, the approach effectively
enabled intelligent optimization of fertilization paths. These studies underscore the inher-
ent complexity and specificity of agricultural environments and offer valuable insights for
improving UAV path planning strategies tailored to the needs of precision agriculture.

To address these limitations, a hierarchical coverage path planning (H-CPP) frame-
work is proposed in this study, whereby adaptability to agricultural environments is
enhanced via a two-tier optimization structure. Using satellite-derived organic-matter
indices, croplands are first subdivided into graded subzones; high-risk areas are then
prioritized for scheduling. Concurrently, dynamic energy consumption constraints and a
hybrid-expert architecture are integrated to further improve coverage efficiency.

The principal contributions of this study are summarized as follows:
1. To address the limited policy generalization capability of the D3QN algorithm

caused by insufficient representational power in complex and dynamic environments,
an improved deep reinforcement learning algorithm, termed MoE-D3QN, is proposed in
this study. The algorithm integrates the expert mechanism of a Mixture-of-Experts (MoE)
structure with a Bi-directional Long Short-Term Memory (Bi-LSTM) module to enhance the
model’s ability to capture temporal features, improve state perception accuracy, and enable
efficient policy generation under complex state conditions.

2. To better simulate real-world agricultural scenarios and enhance the applicability
of the proposed algorithm, a hierarchical coverage path planning (H-CPP) framework is
developed in this study. This framework utilizes Sentinel-2 satellite data to extract spectral
bands for the calculation of the CCC index, which is employed to detect chlorophyll content
in crops. A hierarchical approach is then applied to segment multi-level task regions, while
a grid-based method is used to simulate the agricultural UAV mapping environment.

3. This study designs a progressive composite reward function that synergistically
combines hierarchical reward guidance—including priority coverage reward, target dis-
tance guidance reward, and energy efficiency reward—with dynamic penalty mechanisms,
such as invalid exploration penalty and safety violation penalty. This approach aims
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to balance coverage efficiency and energy consumption while ensuring adherence to
priority constraints.

2. Materials and Methods

2.1. Designed Planning Area Description

Canopy chlorophyll content serves as a pivotal indicator of crop photosynthetic phys-
iology and is thus of paramount importance for modern agricultural monitoring. As
the principal pigment driving photosynthesis, chlorophyll concentration directly governs
the efficiency of material and energy exchange between the plant and its environment,
while simultaneously reflecting the crop’s photosynthetic capacity, nutritional status, and
growth trajectory [22,23]. By leveraging spectral remote-sensing techniques to obtain three-
dimensional distributions of canopy chlorophyll, quantitative linkages can be established
between crop phenotypic traits and underlying ecological processes. Such data furnish
essential support for real-time growth diagnostics, fertility management, and yield fore-
casting in precision-agriculture systems, representing a critical technological enabler for
scientific crop monitoring and management.

The study area selected for this investigation is Changchun, the capital city of Jilin
Province, China, geographically bounded by latitudes 43◦05′ to 45◦15′N and longitudes
124◦18′ to 127◦05′E. Situated at the core of the Songliao Plain within the Northeast China
Plain, this region is underlain by the characteristic “black soil” belt. The predominant
soil types—highly fertile Chernozem and meadow soils—exhibit elevated surface organic-
matter content, classifying the area as a globally scarce high-yield arable land resource [24].
The extensive, flat terrain further provides an ideal physical foundation for the implemen-
tation of precision-agriculture technologies [25].

This study was implemented on the Google Earth Engine platform, employing the
LEAF-Toolbox inversion routines developed by Sentinel-2 Level-2A surface reflectance
data were integrated with SRTM terrain elevations to drive a PROSAIL radiative-transfer-
model–based retrieval workflow [26–28]. First, the S2MaskClear algorithm was used to
exclude pixels exhibiting over 10% cloud cover, and atmospheric correction was applied via
Sen2Cor. Thereafter, topographic illumination and radiometric distortions were corrected
by merging the SAIL canopy model with SRTM-derived terrain information. Finally,
multispectral inversion was performed using the SL2P module—synergizing visible, red-
edge, and near-infrared bands—to generate a canopy chlorophyll-content (CCC) estimate
for the Changchun region (125.17◦E–125.82◦E, 43.45◦N–44.15◦N), as illustrated in Figure 1.

After obtaining the CCC index map, the area was partitioned into multi-level task
regions and non-task regions, which were subsequently converted into a grid map format
suitable for computational processing, as illustrated in Figure 2. To ensure that the task
regions accurately reflect the actual crop distribution, a CCC lower threshold of 100,000
was established. Areas below this threshold were classified as non-task zones and excluded
from the path planning process.

Following this, a quantile-based method was employed to categorize task priorities:
regions with CCC values exceeding 410,000 were assigned Priority I, representing vigor-
ously growing crop areas; values between 230,000 and 410,000 were designated Priority
II; and those between 100,000 and 230,000 were classified as Priority III, corresponding to
low-density or potentially stressed crop zones.
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Figure 1. Canopy chlorophyll-content inversion results derived by remote sensing for the study area.

Figure 2. Task map processing flow chart.

This prioritization scheme is grounded in the principle of maximizing operational
resource efficiency by focusing coverage on high-yield potential areas. Such prioritization
helps consolidate the healthy growth of major production zones and prevents the spread
of pests and diseases, thereby enhancing the operational value and responsiveness of the
path planning.
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2.2. State Space

The current temporal characteristics of the mission environment were defined as the
state space. Using a grid-based discretization approach, the study area was partitioned
into a series of discrete cells. Each cell was assigned a unique identifier corresponding
to a specific environmental state—such as task zone, obstacle region, or energy-resupply
area—to facilitate subsequent decision-making and path planning processes. The meaning
of environmental unit is shown in Table 1.

Table 1. Map state corresponding to different values.

Value (Env(x,y)) Description

9 Priority Level I area
8 Priority Level II area
7 Priority Level III area
4 Energy consumption supply area
3 Obstacle area
2 Current position of UAV
1 Non-task area
0 Covered task area

2.3. Action Space and Action Selection Strategy

The action space was defined as the set of all feasible commands available to the UAV
during the path planning process. Although the UAV’s motion model theoretically supports
a continuous action set capable of omnidirectional pose transformations, the accompanying
increase in degrees of freedom has been shown to markedly impede training efficiency.
To alleviate the computational burden associated with continuous control dimensions, an
action policy comprising eight discrete commands was devised. Upon execution of any
given command, the state space is immediately updated and the current state St transitions
to the subsequent state St + 1. The detailed state-transition mechanism is illustrated
in Table 2.

Table 2. Action space.

Action(i) State Transition Process Description

0 (x, y + 1) North (N)
1 (x, y − 1) South (S)
2 (x − 1, y) West (W)
3 (x + 1, y) East (E)
4 (x − 1, y + 1) Northwest (NW)
5 (x + 1, y + 1) Northeast (NE)
6 (x − 1, y − 1) Southwest (SW)
7 (x + 1, y − 1) Southeast (SE)

The balance between exploration and exploitation is central to the action-selection
strategy. To pursue higher rewards, the UAV must attempt various actions during ex-
ploration; however, excessive exploration can degrade algorithmic efficiency and slow
convergence, whereas excessive exploitation may lead to entrapment in local optima and
hinder discovery of a global optimum. To address this issue, an ε-greedy algorithm was
adopted for action selection: with probability ε the action yielding the maximum estimated
return is chosen, and with probability 1 − ε a random action is selected, as shown in
Equation (1).

Action =

{
argmaxQ(s, a), i f RN > ε

random action, Otherwise
(1)
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Meanwhile, to avoid the meaningless exploration and slow convergence caused by
a fixed ε in the traditional ε-greedy algorithm, a dynamic ε schedule was employed. In
this scheme, exploration is initially prioritized, and, as the number of training episodes
increases, the exploration probability is gradually reduced while the exploitation weight
is correspondingly increased, as shown in the following Equation (2). Here, εmin denotes
the minimum exploration probability, εmax the maximum probability, Decay rate the rate at
which exploration probability decays, and currunt episode the index of the current episode.

ε = εmin + (εmax − εmin)× e−Decay rate × currunt episode (2)

2.4. Environmental Constraints
2.4.1. Priority Constraints

In hierarchical coverage path planning tasks, priority constraints constitute the core
logic of task planning and resource scheduling. A well-designed constraint directly influ-
ences operational efficiency. Task types are arranged in descending order of priority, as
illustrated in Equation (3), where P1 represents the highest priority and Pn the lowest. The
symbol “>” denotes a strict priority relationship, indicating that all tasks of type P1 must
be completed before proceeding to those of type P2.

P = {P1, P2, . . . , Pn}(P1 > P2 > . . . Pn) (3)

At the end of each time step, the remaining number of tasks in each priority region
is calculated, as defined in Equation (4). N(t)

k denotes the number of remaining tasks of
priority level Pk at time step t. This value is obtained by traversing all positions (i,j) in the
environment and counting the locations that satisfy the corresponding conditions.

N(t)
k = ∑

i,j

[
m(t)

ij = Pk

]
(k = 1, 2, . . . , n) (4)

As the UAV continues to operate, the state is updated dynamically according to
the state transition function defined in Equation (5). Specifically, m(t)

xtyt = Pk is used to
determine the task type at the current location, identifying whether the agent is positioned

at a task point of priority Pk. The term
k−1
∏
i=1

[
N(t)

i = 0
]

serves to verify whether all higher-

priority tasks have been completed. N(t+1)
k denotes the number of uncompleted tasks of

priority level k remaining at time step t + 1.

N(t+1)
k = N(t)

k −
[
m(t)

xtyt = Pk

]
·

k−1

∏
i=1

I

[
N(t)

i = 0
]

(5)

To enhance the agent’s understanding of task constraints, a nearest-distance function
is introduced to guide the UAV toward uncompleted high-priority regions. The agent is
encouraged to navigate preferentially toward the nearest area with higher task priority, as
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defined in Equation (6). Here, Tk(t) denotes the set of coordinates corresponding to the
remaining unprocessed tasks of priority level k.

d∗(st)& =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

min
(i,j)∈T1(t)

‖ (i, j)− (xt, yt) ‖1, |T1(t)| > 0

min
(i,j)∈T2(t)

‖ (i, j)− (xt, yt) ‖1, |T1(t)| = 0∧ |T2(t)| > 0

...

min
(i,j)∈Tn(t)

‖ (i, j)− (xt, yt) ‖1,
n−1∧
m=1

|Tm(t)| = 0∧ |Tn(t)| > 0

0, otherwise

(6)

2.4.2. Energy Consumption Constraint

During agricultural operations, unmanned aerial vehicles (UAVs) are susceptible to
disturbances from natural environmental factors and their own payload. Therefore, path
planning for UAVs should not be based solely on minimizing time or distance, while
neglecting energy consumption. To address this, a dynamic energy consumption constraint
for UAVs is proposed in this study, as shown in Equation (7). This constraint is developed
based on a mechanism-guided black-box approach, taking into account both payload
variations and environmental influences.

Ct = Cmove + K ∗ Cload + e (7)

In this context, Ct denotes the energy consumption incurred by the UAV at time step
t. Specifically, Cmove represents the baseline energy consumption during unloaded flight,
while Cload accounts for the additional energy required due to payload. The coefficient
K refers to the environmental coupling factor, which integrates external influences such
as headwind velocity w. The term e denotes Gaussian white noise, capturing unmodeled
disturbances including sensor inaccuracies and atmospheric turbulence.

2.5. Improved Algorithm
2.5.1. Basic Theory

Reinforcement learning primarily functions through real-time interactions between
an agent and its environment. At time step t, the agent perceives the environmental state
s and selects an action A accordingly. The environment then provides a reward R based
on the selected action, and the agent’s state is updated to the next state St + 1. Through
repeated iterations of this process, the agent aims to maximize cumulative rewards.

In 2015, the Deep Q-Network algorithm was proposed [29], which employed deep
neural networks to approximate the Q-value function in high-dimensional continuous
state spaces. To improve learning stability and efficiency, the algorithm introduced an
experience replay mechanism and a target network. However, since a single neural network
was used to estimate the Q-values, estimation bias could occur, leading to the systematic
overestimation of Q-values for certain actions. As training progresses, this estimation
error may accumulate and be further amplified, potentially impairing the optimization of
the policy.

The Double Denoising Deep Q-Network (D3QN) algorithm adopts the dual-network
mechanism of the Double Deep Q-Network [30], employing two structurally identical
but parameter-independent networks: the policy network and the target network. The
policy network is used for training and action selection, while after a fixed number of
training iterations, its parameters are copied to the target network. The target network
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then computes the Q-values to decouple action selection from value evaluation, thereby
reducing overestimation bias. The target Q-value is calculated according to Equation (8),

y = r + γ ·Q′
(

st+1, argmax
a

Q(st+1, a; θ); θ′
)

(8)

where y denotes the target Q-value, R represents the immediate reward, Q′ refers to the
target network, argmax

a
Q(st+1, a; θ) is the optimal action that maximizes the Q-value in

state st+1, and θ′ represents the parameters updated with delay.
In addition, to further enhance the network’s ability to distinguish between state

value and action advantage, D3QN incorporates the Dueling DQN architecture [31]. By
introducing the state-value function V(st) and the action-advantage function A(st, at),
which represent the average value of state st independent of specific actions and the relative
advantage of action at compared to the average of all actions in that state, respectively,
the policy evaluation capability of the reinforcement learning algorithm is significantly
enhanced. The calculation formula is shown in Equation (9).

Q(st, at) = V(st) + A(st, at)−
1
|A|∑a′

A
(
st, a′

)
(9)

In practical applications such as precision agriculture, environmental states are neither
static nor isolated; rather, they exhibit pronounced temporal continuity and undergo
constant changes. Therefore, when making decisions, agents are required not only to
perceive the current state but also to incorporate trends in environmental dynamics over
time, in order to form more forward-looking and informed judgments.

To address this need, researchers have increasingly incorporated recurrent neural net-
work (RNN) architectures—particularly Long Short-Term Memory (LSTM) networks—owing
to their capacity for temporal sequence modeling. Through the use of a gating mechanism
comprising forget, input, and output gates, LSTM networks are capable of selectively
retaining relevant information while suppressing noise, thereby enhancing the model’s
ability to capture and interpret long-term dependencies.

Building upon conventional LSTM models, Bi-directional Long Short-Term Memory
(Bi-LSTM) networks introduce two parallel LSTM layers that process the input sequence in
both forward and backward directions. This bi-directional structure enables the simultane-
ous capture of past and future contextual information within a sequence. Each LSTM unit
dynamically regulates information flow via its gating mechanisms, effectively modeling
long-range dependencies while mitigating the vanishing gradient problem. By integrating
information from both directions, Bi-LSTM networks substantially improve the model’s
representational capacity for complex temporal patterns.

2.5.2. MOE-D3QN

The Mixture-of-Experts architecture has emerged as a prominent paradigm in deep
learning, offering notable advantages in enhancing model capacity and computational
efficiency through the dynamic routing and integration of multiple expert sub-models. This
architecture adaptively allocates computational resources based on the characteristics of
input data and employs a gating network to aggregate the outputs of selected experts.

In recent years, with the rapid development of large-scale models, the MoE frame-
work has demonstrated significant potential in fields such as natural language processing.
Representative implementations include Google’s GShard [32] and the subsequent Switch
Transformer [33], both of which activate only a subset of experts during training. This
selective activation mechanism substantially improves training efficiency and reduces
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computational cost, thereby laying a solid foundation for the practical deployment of
MoE-based models.

To address the dual optimization challenges inherent in the conventional D3QN
algorithm—namely, the need for synchronous updates of the policy network and the target
network, as well as the joint optimization of the state-value function and action-advantage
function, which lead to increased parameter counts and reduced training efficiency—this
study proposes an improved scheme based on the Mixture-of-Experts framework com-
bined with a Bi-directional Long Short-Term Memory (Bi-LSTM). The enhanced MoE-D3QN
model establishes a multi-expert collaboration mechanism where the gating network dy-
namically allocates parameters, improving model expressiveness under computational con-
straints. Additionally, the integration of the Bi-LSTM module strengthens temporal feature
extraction by capturing long-range dependencies through bi-directional state propagation.

To address the dual challenges faced by the traditional D3QN algorithm—namely,
the need for synchronized updates of the policy and target networks, and the parameter
redundancy and training inefficiency arising from the joint optimization of the state-
value and action-advantage functions—an improved framework, termed MoE-D3QN, is
proposed in this study. By incorporating MoE architecture with a gating network, the
model enables dynamic parameter allocation and adaptive feature selection. This design
significantly enhances policy representation and training efficiency while maintaining
constraints on computational resources.

In addition, to further improve the model’s capability for temporal feature modeling,
Bi-LSTM module is integrated as an auxiliary component. Leveraging its bi-directional
state propagation mechanism, the Bi-LSTM effectively captures long-term dependencies
during task execution. In the context of the UAV-based precision spraying task addressed in
this study, where path planning depends on the dynamic evolution of environmental states,
the integration of Bi-LSTM improves the model’s ability to perceive historical changes.
This, in turn, reduces redundant path coverage and resource waste, while enhancing the
continuity and robustness of the learned policies.

As illustrated in Figure 3, the model architecture comprises three core components:

Figure 3. Policy and target network model architecture diagram.
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(1) A CNN-LSTM cascaded feature extraction module, which adopts depthwise sepa-
rable convolution and channel attention mechanisms to achieve a lightweight design, with
the computation defined in Equation (10).

{
H, (ht, ct) = BiLSTM(Reshape(MaxPool(GELU(Wconv1 ∗ X + bconv1))))

v = Flatten(AdaptiveAvgPool(GELU(Wconv2 ∗ H + bconv2)))
(10)

(2) An expert network ensemble, where each expert includes a feature transforma-
tion layer as well as independent computation units for the state-value function and the
advantage function, as defined in Equation (11).

⎧⎪⎪⎨
⎪⎪⎩

Vj = WjV2 · GELU
(
WjV1 ·Wj2 · GELU

(
Wj1 · v + bj1

)
+ bjV1

)
Aj = WjA2 · GELU

(
WjA1 ·Wj2 · GELU

(
Wj1 · v + bj1

)
+ bjA1

)
Qj = Vj +

(
Aj − ∑

k=1
Aj,k

) (11)

(3) A dynamic gating network, which achieves sparse expert weight distribution
through low-rank matrix decomposition and temperature coefficient adjustment. Specifi-
cally, the input observation data are first transformed into a high-dimensional representa-
tion via the feature extraction module. Based on the complexity of the current state, the
gating network generates activation weights for the experts. Each expert network processes
the feature vector in parallel, and the outputs are then fused through a weighted aggrega-
tion to produce the final action-value function prediction, as defined in Equation (12).

⎧⎪⎪⎨
⎪⎪⎩

g = So f tmax
(

Wg2·GELU(Wg1·v+bg1)+bg2
τ

)

Q f inal =
N
∑

j=1
gj �Qj

(12)

τ represents the temperature coefficient, which is used to control the smoothness of the
Softmax distribution output by the gating network. A linear annealing strategy is adopted
to dynamically adjust the temperature coefficient during training, as shown in Equation
(13). At the early stages of training, a higher temperature value is assigned to encourage
the participation of multiple experts, thereby enhancing the model’s responsiveness to
complex environmental states encountered in coverage path planning tasks. As training
progresses, τ is gradually annealed to a lower value, increasing the determinism of expert
selection and thereby improving policy stability and convergence speed.

τ(t) = τmax −
t
T
(τmax − τmin) (13)

However, if the temperature coefficient decreases excessively, the Softmax output
tends to approximate a one-hot distribution, activating only a single expert. This over-
sparsity may hinder the model’s generalization ability and lead to inefficient path selection
in local regions, ultimately resulting in convergence to suboptimal solutions. To mitigate
this issue, a lower bound is imposed on the temperature coefficient, ensuring a balance
between determinism and diversity in expert selection. This constraint helps maintain
a dynamic equilibrium between exploration and exploitation throughout the training
process.

The process of the MOE-D3QN algorithm is shown in Figure 4.
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Figure 4. Flow chart of the MOE-D3QN algorithm.

2.5.3. Reward

To address the challenge faced by traditional path planning algorithms in agricultural
environments—namely, the difficulty in simultaneously optimizing task priority, energy
efficiency, and safety constraints—this study proposes a reward function designed to guide
the UAV. The function encourages the UAV to approach the target coverage area promptly
and prioritizes the coverage of high-priority regions in descending order, as defined in
Equation (14).

rt =

⎧⎪⎨
⎪⎩

rNontask, Non− task area
roverlay, Task area coverage
raccomplish, Complete the coverage task

(14)

The term rNontask represents the reward assigned to non-task areas, as defined in
Equation (15). The variable Env(UAV position) denotes the environmental state at the UAV’s
current location on the map, where 0 indicates a covered task area and 1 denotes a non-
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task area. A penalty is applied when the UAV enters an already covered area, while a
base penalty is also imposed when the UAV moves into a non-task area. Additionally, a
distance-based reward is provided to encourage the UAV to navigate toward task regions,
thereby guiding it effectively toward completing mission objectives.

rNontask =

{
−0.5, i f Env(UAV position) = 0
−0.2 + Rtarget, i f Env(UAV position) = 1

(15)

The term roverlay, defined as in Equation (16), denotes the coverage reward. A positive
reward is assigned whenever the UAV moves into a region that corresponds to the current
priority level. In contrast, if the UAV enters a region that does not match the required
priority—such as covering a lower-priority area prematurely—a penalty is applied. This
reward mechanism is designed to guide the UAV toward prioritizing the coverage of
higher-priority areas.

roverlay =

{
1, i f Env(UAV position) = Current task priority
−0.8, Other

(16)

The term raccomplish, as defined in Equation (17), represents the task completion reward.
After each step, a check is performed: if all priority levels in the task sequence have been
fully covered, the task is considered complete, and a substantial positive reward is granted.
If the sequence is not yet empty, no completion reward is given, and the UAV proceeds to
execute the remaining tasks.

raccomplish =

{
20, i f Current task priority = None

0, Other
(17)

To prevent ineffective exploration, improve training efficiency, avoid local optima or in-
finite loops, and enhance the safety of the path planning process, this study introduces a task
termination constraint, as defined in Equation (18). Let Sepisode denote the number of steps
taken in the current episode, Smax represent the maximum allowable steps, Snot reward count

denote the number of consecutive steps without a reward, and Smax not reward indicate the
maximum allowed consecutive non-rewarded steps. The episode is terminated under any
of the following conditions: (1) the total steps taken exceed the maximum allowable steps;
(2) the consecutive non-rewarded steps exceed the predefined limit; or (3) the UAV enters
an obstacle region.

Termination condition

⎧⎪⎨
⎪⎩

Sepisode ≥ Smax

Snot reward count ≥ Smax not reward

Env(UAV position) = Obstacle area
(18)

2.5.4. Sensitivity Analysis of Reward Function Parameters

To further evaluate the influence of key parameters in the reward function and gating
mechanism on path planning performance, a sensitivity analysis was conducted from the
perspectives of coverage efficiency, redundancy rate, and task completion rate. For each
parameter, a univariate perturbation approach was employed: the target parameter was
individually adjusted while keeping all other parameters fixed. Specifically, the parameter
was varied by ±30% around its baseline value, and the resulting impact on path quality
was systematically observed and analyzed.

As shown in Table 3, under the default configuration (Our), the algorithm achieved
superior coverage performance with a low redundancy rate of only 3.23% and a cov-
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erage efficiency of 0.8378. In comparative experiments 1a, b, when the non-task area
penalty_rNontask was increased, a reduction in redundant paths was observed. However,
due to the absence of guidance from target-directed rewards, the agent struggled to under-
stand the priority coverage relationships. This resulted in an increased number of steps
taken in non-task areas and a consequent decline in overall efficiency. Furthermore, as
the penalty was reduced, the base movement cost decreased, which inadvertently caused
the agent to receive positive rewards for covering non-task regions, leading to significant
ineffective coverage in these areas.

Table 3. Parameter sensitivity analysis table.

Serial
Number

rNontask roverlay raccomplish τmax\τmin
Repeat

(%)
Coverage
Efficiency

Our −0.5/−0.2 1/−0.8 20 1.0/0.7 3.23% 0.8378
1a −0.7/−0.3 1/−0.8 20 1.0/0.7 7.14% 0.7
1b −0.3/−0.1 1/−0.8 20 1.0/0.7 15.38% 0.5778
2a −0.5/−0.2 1.3/−1 20 1.0/0.7 3.33% 0.8108
2b −0.5/−0.2 0.7/−0.5 20 1.0/0.7 10.71% 0.6829
3a −0.5/−0.2 1/−0.8 26 1.0/0.7 6.45% 0.7949
3b −0.5/−0.2 1/−0.8 14 1.0/0.7 3.33% 0.75

In experiments 2a,b, adjustments were made to the priority area reward roverlay In-
creasing this parameter did not yield substantial improvements, indicating that priority
relationships were already reasonably well handled. Conversely, decreasing the reward, as
demonstrated in 2b, noticeably degraded the prioritization of coverage paths, resulting in
increased redundancy and reduced efficiency. Additionally, experiments 3a,b tested the
impact of the full coverage task reward. It was found that setting this reward too low or too
high disrupted the original planning rhythm, slightly decreasing path efficiency, although
the overall effect remained limited.

3. Results and Discussion

3.1. Experimental Setup

All simulation experiments in this study were conducted on a high-performance
desktop workstation configured with dual NVIDIA GeForce RTX 3090 GPUs (24 GB
VRAM each) operating in parallel under the Ubuntu OS. The algorithms were developed
and implemented using the Python 3.11.5 programming environment. The experimental
parameters are configured as shown in Table 4.

Table 4. Experimental parameters table.

Parameter Value Description

Emax 60,000 Maximum episode
γ 0.95 Discount rate
B 128 Batch size
M 60,000 Experience replay buffer capacity
LR 1 × 10−4 Learning rate

ε_max 0.9 Initial exploration rate
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Table 4. Cont.

ε_min 0.1 Minimum exploration rate
τmax 1 Maximum temperature coefficient
τmin 0.7 Minimum temperature coefficient

Decay rate 5000 Controlling the speed at which ε epsilonε decreases
n 10 Network update frequency

N_actions 8 Action space size
Optimizer Adam Optimizer

3.2. Experimental Results

To systematically validate the performance advantages of the proposed algorithm in
multi-level agricultural task scenarios, representative traditional path planning algorithms,
namely A-Star and the genetic algorithm (GA), as well as mainstream deep reinforcement
learning models including DQN, DDQN, D3QN, and Dueling DQN, were selected as
baseline references for comparative experiments. Considering the spatial complexity char-
acteristics of agricultural operational environments, this study constructed representative
two-level and three-level hierarchical task regions based on satellite remote sensing imagery
data. After 60,000 training iterations, the algorithms’ performances were quantitatively
evaluated in terms of coverage repetition rate, coverage rate, and coverage efficiency.

In this study, dark blue was assigned to obstacle areas, while task region priorities
were represented using progressively lighter shades of blue. White areas indicated non-task
regions. Charging stations were marked with red stars, UAV starting points with green
circles, and UAV task termination points with pink circles. Yellow lines depicted the initial
outbound paths, green lines represented routes taken after returning to charging stations
for battery replenishment, and red lines indicated repeated paths.

As shown in Figures 5 and 6, the MOE-D3QN algorithm demonstrated superior
coverage efficiency in both two-level and three-level hierarchical task maps, successfully
completing the coverage tasks without any confusion in task hierarchy. However, from a
global perspective, some route redundancies were observed, with partial path repetitions
occurring. Among the comparison algorithms, only the traditional A-Star and genetic
algorithms (GA) completed the coverage tasks. The A-Star algorithm, relying on heuristic
functions to prioritize exploration in the “optimal” direction, encountered challenges in
coverage tasks where the globally optimal path may require temporary deviations from
the target direction to satisfy energy consumption and priority constraints. This caused
repeated attempts along the same paths. The GA algorithm, when faced with complex
constraints, tended to have its population dominated by a few individuals meeting basic
constraints but exhibiting similar structures. Subsequent crossover and mutation opera-
tions could only slightly adjust path sequences, preventing escape from local optima and
resulting in numerous redundant paths differing only in minor details. Furthermore, algo-
rithms such as DDQN and Dueling DQN exhibited limitations due to inherent algorithmic
shortcomings, which led to difficulties in convergence during training and entrapment in
local optima.

To further evaluate the performance of the algorithms, quantitative analyses were
conducted by calculating the coverage repetition rate, coverage rate, and coverage efficiency.
A detailed comparison of the results is presented in Table 5.
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Figure 5. Two-level task planning result diagram.

Figure 6. Three-level task planning result diagram.
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Table 5. Experimental data statistics.

Number of
Task Areas

Algorithms Step Arearepeat Areacover Repeat
(%)

Coverage
Efficiency

Precedence
Constraints

2

MOE-D3QN 37 1 31 3.23% 0.8378 Yes
D3QN 26 4 15 26.67% 0.5769 Yes
DQN 39 9 20 45.00% 0.5128 Yes

DDQN 37 2 26 7.69% 0.7027 Yes
Dueling DQN 32 3 21 14.29% 0.6563 Yes

A-Star 51 13 31 41.94% 0.6078 Yes
GA 51 12 31 38.71% 0.6078 Yes

3

MOE-D3QN 46 2 38 5.26% 0.8261 Yes
D3QN 32 5 24 20.83% 0.75 Yes
DQN 40 5 22 22.73% 0.55 Yes

DDQN 27 4 19 21.05% 0.7037 NO
Dueling DQN 50 8 33 24.24% 0.66 Yes

A-Star 79 35 38 92.11% 0.481 Yes
GA 70 22 38 57.89% 0.5429 Yes

(a) Path length: UAV’s movement steps.
(b) Coverage efficiency: ratio of effectively covered area to total target region area, as

shown in Equation (19).

E =
Areacover

Step
× 100% (19)

(c) Redundancy rate: ratio of repeatedly visited areas to total covered regions in the
planned path, as formalized in Equation (20)

Rrepeat =
Arearepeat

Areacover
× 100% (20)

3.3. Experimental Analysis

The reward curves presented in Figures 7 and 8 illustrate the training process,
where the MOE-D3QN algorithm initially exhibited a gradual upward trend. Due to
the exploration-promoting action selection strategy employed in this study, the overall
reward curve demonstrated a spiraling increase. During the early to mid-training phases,
the model progressively learned to understand environmental constraints and developed
effective action strategies. By the mid-training stage, the model had achieved a satisfactory
comprehension of the task requirements, successfully completing the planning task and
obtaining the final reward. However, in the later stages, due to the chosen training strategy,
the model showed signs of overfitting, resulting in fluctuations in the reward values.

In contrast, the DQN algorithm suffered from policy update bias accumulation caused
by Q-value overestimation, leading to premature convergence in complex state spaces.
Although DDQN mitigated some of these biases by decoupling action selection from
value evaluation, its fixed-interval parameter update mechanism limited its adaptability to
dynamic environmental changes. The dueling network architecture of Dueling DQN, while
advantageous in some contexts, was prone to advantage function estimation errors in sparse
reward scenarios, which increased the likelihood of becoming trapped in local optima.
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Figure 7. The two-level task planning algorithm reward value comparison diagram.

Figure 8. The three-level task planning algorithm reward value comparison diagram.

4. Discussion

In terms of experimental metrics, MOE-D3QN demonstrated significantly higher
coverage efficiency and lower redundancy rates compared to traditional algorithms and
mainstream reinforcement learning methods. This not only reflects the optimization ad-
vantages of the path planning strategy but also holds profound practical significance for
agricultural applications. Firstly, the high coverage efficiency ensures comprehensive
and omission-free treatment of target areas for operations such as pesticide spraying and
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fertilization, effectively minimizing blind spots and coverage gaps. This is particularly
crucial under conditions of high pest incidence or uneven crop growth, where the risk of
“over-treatment and under-protection” or “localized loss of control” can be largely avoided.
Secondly, the enhanced coverage efficiency markedly improves operational productivity.
For plant protection UAVs, this translates into the ability to complete larger-area tasks
within a single flight, thereby reducing the need for multiple flights and lowering the
frequency and cost associated with battery recharging or replacement. Consequently, labor
input and time consumption are further reduced.

Simultaneously, the low redundancy rate indicates a reduced frequency of path over-
lap during mission execution, facilitating precise control of agricultural inputs such as
pesticides, fertilizers, and irrigation water. Traditional path planning methods often suffer
from significant path overlap issues, leading to excessive pesticide or fertilizer concentra-
tions in certain areas, which not only increase production costs but may also cause crop
phytotoxicity and soil accumulation pollution, posing ecological risks. Conversely, the
low-redundancy path planning approach ensures that each target area is uniformly and effi-
ciently covered, promoting relative controllability of agricultural resources. This approach
balances both the “precision” and “uniformity” of operational outcomes, safeguarding
crop health while minimizing environmental burden—an essential factor for advancing
green agriculture and resource-efficient development.

From a technical implementation perspective, this study utilized Sentinel-2 Level-2A
satellite remote sensing imagery to perform spectral inversion of vegetation status in the
study area, extracting the Canopy Chlorophyll Content index. Subsequently, multi-level
thresholds were established using quantile methods to rasterize the imagery into a digital
task map, where different grid values represented varying operational priorities (e.g., high,
medium, and low risk zones). These were uniformly fed into the state space of the deep
reinforcement learning model. This processing approach effectively transforms remote
sensing perception data into structured inputs recognizable by the reinforcement learning
agent, thereby simplifying the linkage between remote sensing information and path
decision making.

Regarding the specific implementation, the rasterization method employed offers
strong generalizability and operability, capable of accommodating task partitioning require-
ments across diverse crop scenarios. Although the current experiments were conducted in
flat farmland areas, the CCC index used is derived from red-edge and near-infrared bands,
possessing a degree of crop non-specificity. Theoretically, it is applicable to physiologi-
cal status estimation for various crops such as rice, wheat, and soybean, thus exhibiting
cross-crop adaptability potential. Moreover, the MOE-D3QN model employs a Mixture-of-
Experts architecture, composed of multiple policy subnetworks dynamically fused through
a gating mechanism based on input states. This architecture offers advantages in model-
ing heterogeneous input states and is expected to enhance the model’s responsiveness to
environmental heterogeneity and task complexity.

Despite the current experiments focusing primarily on relatively flat terrain, the
model’s structural design does not rely on specific landform types or single-crop character-
istics, indicating certain scalability. Preliminary assessments suggest that, with appropriate
adjustments to state inputs and task configurations, the model may possess adaptability
for more complex terrains and multi-crop structured scenarios.

5. Conclusions

This study proposes an improved deep reinforcement learning algorithm, MoE-D3QN,
which integrates D3QN, a Mixture-of-Experts mechanism, and a Bi-directional Long Short-
Term Memory, aiming to enhance path planning efficiency for agricultural unmanned aerial
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vehicles operating in dynamic and complex environments. The algorithm leverages the Bi-
LSTM module’s capability to capture temporal features, thereby strengthening contextual
awareness within task sequences. Moreover, through the dynamic selection capability
of expert networks and gating mechanisms in the MoE architecture, it enables adaptive
decision making in response to variable states within complex environments. In addition, a
hierarchical coverage path planning framework is developed, utilizing Sentinel-2 remote
sensing data to invert canopy chlorophyll content and construct multi-level task maps
via thresholding and rasterization techniques. A dynamic energy consumption modeling
mechanism is introduced to quantify the coupling effects of payload and environmental
factors. Furthermore, a progressive composite reward function is designed to achieve
synergistic optimization of energy efficiency and task priority.

Simulation experiments demonstrate that MOE-D3QN achieves superior performance
compared to six other algorithms in hierarchical coverage path planning tasks with load-
related energy considerations. In the secondary task scenario, the MOE-D3QN algorithm
achieved a coverage efficiency of 0.8378, representing improvements of 45.26% over D3QN,
63.38% over DQN, 19.19% over DDQN, 27.66% over Dueling DQN, and 37.84% over A-Star
and GA. The redundancy rate was only 3.23%, far lower than D3QN at 26.67%, DQN at
45.00%, DDQN at 7.69%, Dueling DQN at 14.29%, A-Star at 41.94%, and GA at 38.71%.In
the tertiary task scenario, the MOE-D3QN algorithm achieved a coverage efficiency of
0.8261, with improvements of 10.15% over D3QN, 50.2% over DQN, 17.4% over DDQN,
25.17% over Dueling DQN, 71.45% over A-Star, and 52.13% over GA. The redundancy rate
was 5.26%, significantly better than D3QN at 20.83%, DQN at 22.73%, DDQN at 21.05%,
Dueling DQN at 24.24%, A-Star at 92.11%, and GA at 57.89%.

These results validate the algorithm’s capability to comprehend task constraints and
handle temporal information, providing a low-redundancy and highly adaptive path
planning solution for precision agricultural UAV operations. The proposed approach
not only enhances spraying accuracy and resource utilization but also reduces pesticide
overuse and environmental pollution risks, contributing to the advancement of intelligent
and sustainable agriculture.

In future research, efforts will be directed towards further expanding the practical
applicability of the proposed algorithm to better support UAV systems in precision agricul-
ture, thereby promoting agricultural intelligence and sustainable development. Specifically,
the following aspects will be addressed:

1. This study will focus on the collaborative mechanisms of UAV path planning
among various types of agricultural intelligent devices. Emphasis will be placed on the
information interaction and operational coordination between UAVs and field sensing
equipment—such as soil moisture sensors and microclimate stations—as well as variable-
rate pesticide application systems. By constructing a unified crop state perception and task
collaboration framework, the coupling among multi-device platforms will be enhanced,
facilitating the evolution of UAV operation systems from independent execution towards
intelligent collaborative operation. This will provide crucial support for the integration
and intelligent application of multiple agricultural devices in precision farming.

2. To meet the demands for efficient operations across large areas and multi-crop
distributions, future work will consider coordinated path planning for multi-UAV systems.
By integrating plot characteristics, crop requirements, and operational time window con-
straints, dynamic scheduling of multiple UAVs will be realized. This approach will offer
algorithmic support for UAV swarm formation and zonal operations, thus advancing the
large-scale deployment of UAVs in precision agriculture.

3. To further enhance the algorithm’s generalizability across diverse scenarios, subse-
quent research plans include incorporating real orchard point cloud data or digital elevation
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models (DEM) to embed terrain factors such as slope and undulation into the state space
construction. This will enable three-dimensional path planning environments that more
closely align with practical operational needs. Experimental evaluations will be conducted
in irregular terrains such as hilly areas and orchards, providing more comprehensive
empirical support for the model’s applicability in varied agricultural settings.
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