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Highlights

What are the main findings?

• Small disposable “Passive Smart Dust” paper sensors loaded with the dye Nile red
exhibit distinct fuel-dependent color responses upon contact with liquid fuels, enabling
drone-based detection and classification using only a standard color camera.

• Automated image analysis identified fuel-exposed sensors and discriminated between
gasoline- and diesel-type fuels without false-positive detections during field tests.

What are the implications of the main findings?

• The low-cost and electronics-free sensing approach improves safety for first responders
by enabling rapid hazard mapping of large areas without manual ground-based
sampling or powered sensor nodes.

• The concept is transferable to other analytes that produce distinct colorimetric re-
sponses, broadening the use of UAVs for chemical surveillance in environmental
monitoring and emergency response.

Abstract

Rapid detection and localization of liquid fuel spills is critical for first responders assessing
fire and health hazards, yet current methods require ground-based sampling or specialized
instrumentation, limiting their practicality for wide-area emergency response. We present
a drone-based passive colorimetric sensor system using test strips impregnated with Nile
red, similar to colored confetti. Nile red is a solvatochromic dye that undergoes distinct
visible color transitions upon exposure to different liquids. The dye is embedded within
a polymer matrix that minimizes leaching while providing high optical contrast between
dry, water-exposed, and fuel-exposed states. The sensor strips exhibit solvent-specific
colorimetric responses within one minute of exposure, readily detectable by standard
RGB cameras mounted on unmanned aerial vehicles (UAVs) at altitudes up to 50 m.
Automated classification was validated at 20 m altitude, enabling remote surveillance of
contaminated surfaces without specialized equipment. Color-corrected image analysis
using Calibrite ColorChecker calibration ensures reliable interpretation under variable field
illumination (625–77,000 lux). Systematic laboratory evaluation of twelve fossil and bio-
derived fuels revealed characteristic hue shifts that clearly discriminate ethanol-containing
gasoline blends from diesel-range fuels. Rather than identifying specific molecules, the
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method functionally categorizes contamination into gasoline/ethanol blends versus diesel-
type fuels, reflecting bulk polarity rather than molecular composition. Field validation
confirmed localization and classification of fuel-exposed sensors, achieving F1 scores of 0.94
for gasoline and 0.98 for diesel detection with no false positives in the tested scenarios. This
cost-effective and scalable approach provides actionable information on both contamination
location and fuel type, crucial for rapid hazard assessment in emergency response scenarios.

Keywords: UAV; Nile red; first responders; chemical accident; hazard assessment;
HAZMAT; hue analysis; cellulose test strip; aerial surveillance; environmental monitoring

1. Introduction
Contamination with liquid fuels poses a persistent and very common threat to en-

vironmental integrity and public health. Accidental spills, storage tank failures, and
transportation accidents can cause fire hazards and extensive soil and groundwater con-
tamination [1,2]. Acute exposure to gasoline and diesel vapors causes airway irritation
and, upon aspiration, chemical pneumonitis. Chronic exposure to aromatic components,
particularly benzene, is hematotoxic and increases leukemia risk [3,4]. The urgency of
rapid detection is particularly high for large-scale or remote contamination sites, where
immediate hazard assessment is essential to minimize impacts on human health and the
environment, as well as fire and explosion hazards.

In recent years, advances in sensor miniaturization, GNSS positioning, photogrammetric
processing, and onboard computing have transformed unmanned aerial vehicles (UAVs)
into versatile platforms for high-resolution environmental monitoring and mapping [5–7].
As a result, they have substantially expanded the possibilities for environmental monitor-
ing and hazard assessment, enabling safe surveillance of areas that pose risks to ground
personnel. They have been applied to natural-hazard and disaster-risk monitoring [8], vol-
canological surveillance [9], in situ atmospheric measurements such as PM2.5 distribution [10],
autonomous disaster-management operations [11], and environmental monitoring more
broadly [12], including hazardous gas-source localization that reduces exposure for ground
crews [13]. However, current airborne chemical sensing approaches face fundamental
constraints. UAV-mounted gas sensors suffer from aerodynamic interference, as rotor
downwash disrupts sampling accuracy and disperses volatile analytes [14–16]. Advanced
remote-sensing modalities such as hyperspectral imaging or laser-induced fluorescence
show good sensitivity but very limited chemical information, require complex instrumenta-
tion at often prohibitively high costs, limiting routine deployment [17–19]. Physical sample
collection from UAV platforms remains logistically challenging. These limitations highlight
the need for lightweight, passive sensing approaches that decouple chemical detection
from the aerodynamic and payload constraints of multi-rotor platforms [20].

Conventional detection methods such as gas chromatography–mass spectrometry (GC-
MS) and infrared spectroscopy (IR) provide high analytical precision but require expensive
instrumentation, extensive sample preparation, and trained personnel, reducing their applica-
bility in field scenarios [21]. Portable colorimetric sensors have emerged as a complementary
approach, offering field-deployable operation with low complexity [22,23]. Among chro-
mophores suitable for liquid detection, solvatochromic dyes are especially promising because
their optical properties shift significantly with solvent polarity [24–26]. Nile red, a benzophe-
noxazine dye, is a prominent example, exhibiting pronounced color transitions between
polar and nonpolar environments [27,28]. While prior studies have mainly exploited
fluorescence, these approaches require controlled illumination and sophisticated optics.
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In contrast, the visible absorption-based color change of Nile red can be captured with
standard RGB cameras, eliminating the need for specialized optics or excitation sources.

This feature is particularly attractive for UAV-based remote sensing, where lightweight,
low-complexity optical payloads are advantageous. More broadly, camera-readable colori-
metric responses enable distributed sensing strategies in which the chemical recognition
element remains passive, while information is acquired remotely by an aerial imaging
platform, an approach aligned with the broader vision of smart dust for spatially resolved
chemical mapping [29]. Building upon the “Passive Smart Dust” concept introduced in our
previous work, we extend this framework from pH-based acid/base detection [30] to the
classification of liquid fuel contamination. In the Passive Smart Dust approach, small, low-
cost sensor papers, like confetti snippets, operate without any electronics or internal power
supply. Instead, they use intrinsic material properties, e.g., solvatochromism, to provide
information that can be accessed remotely via optical imaging from a UAV platform, as
illustrated in Figure 1. This transition presents an additional challenge: While pH-sensitive
indicators produce strong, clear color changes, the solvatochromic response to fuels results
in more subtle color changes that require a robust sensor formulation and calibrated image
analysis to ensure reliable classification under variable field conditions.

(a)  (b)  (c) 

Figure 1. Graphical abstract of the Passive Smart Dust concept. (a) Colorimetric paper-based test
strips with Nile red embedded in a polymer respond specifically to different liquid fuels. (b) The
test strips were deployed in the field, and their colorimetric response was recorded by a UAV at a
20-m altitude. (c) Potential contamination sites were identified and geolocated using a custom image
processing algorithm.

The main contributions of this work are: (I) Development of a Nile red paper sensor
that appears white when dry and undergoes a pronounced color change upon contact with
liquid fuels. (II) Systematic evaluation of solvatochromic hue signatures across twelve
fuel types, enabling differentiation of ethanol-containing gasoline blends from diesel-
type fuels. (III) A standardized ColorChecker-based calibration protocol for consistent
color quantification across laboratory and field illumination conditions (625–77,000 lux).
(IV) UAV field validation with an automated image processing pipeline for detecting and
geolocating fuel spills from an altitude of 20 m.

Nile red (9-diethylamino-5H-benzo[α]phenoxazin-5-one) is a lipophilic benzophenox-
azine dye with pronounced solvatochromic properties arising from intramolecular charge
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transfer (ICT) between the diethylamino donor and phenoxazinone acceptor moieties [31].
Upon photoexcitation, the dipole moment increases by approximately 1.8 D relative to the
ground state, with the HOMO localized primarily on the donor group and the LUMO on
the acceptor core. In polar solvents, stabilization of the ICT state leads to bathochromic
shifts in both absorption and emission spectra, whereas nonpolar environments induce
hypsochromic shifts, producing a distinctive, blue-shifted colorimetric response exploitable
for solvent detection [32,33].

In aqueous media, Nile red exhibits poor solubility and forms non-emissive H-
type aggregates via π–π stacking, resulting in blue-shifted absorption and quenched
fluorescence [28,34]. Hydrogen bonding with protic solvents further reduces quantum
yield and lifetime through nonradiative decay. In contrast, in nonpolar hydrocarbons and
short-chain alkanols, Nile red shows intense emission, with red shifts increasing with
solvent polarity and hydrogen-bonding capacity; longer-chain alcohols tend to promote
aggregation and diminish spectral shifts [35].

These pronounced polarity-dependent spectral changes enable selective sensing of non-
polar hydrocarbons against aqueous backgrounds, as seen in Figure 2 [36]. The dye maintains
stable optical properties in fuels such as gasoline, kerosene, and isooctane, with minimal
degradation during thermo-oxidative aging and demonstrated antioxidant activity. Spectral
shifts in fuel–ethanol blends correlate with ethanol content, and emission intensity decreases
with increasing temperature, providing temperature-dependent sensing capability [37,38].
Other solvents not belonging to fuels were also tested (Table S1, Figure S1). The incor-
poration into polymer matrices preserves the solvatochromic reaction while delaying the
leaching of the dye, enabling robust solid-state sensors [39]. In such matrices, emission
maxima shift according to the local dielectric constant, and multiexponential fluorescence
decays reflect coexisting locally excited and ICT states. This environmental sensitivity,
combined with stability in hydrocarbon-based media, underpins Nile red’s suitability as a
functional dye for polymer-based colorimetric fuel detection.

 

Figure 2. Solvatochromism of Nile red in selected solvents. From left to right: Water, ethanol, gasoline
95E80, gasoline 95E50, gasoline 95E20, gasoline 95E10, gasoline 95E5, diesel fuel, biodiesel and
hydrotreated vegetable oil (HVO 100). Each glass vial contains 40 mL of solvent and 1 mg of Nile red.

2. Materials and Methods
2.1. Preparation of Test Strips

Filter paper (MN 617, Macherey-Nagel, Düren, Germany), composed of pure cellulose,
was selected as the base substrate for sensor fabrication. The paper was pretreated by
immersion in 0.1 M sodium hydroxide solution (Honeywell, Raunheim, Germany) for
10 s, followed by thorough rinsing with ultrapure water to remove residual alkali. A
polymer coating solution was prepared by slowly adding 250 mg of poly(acrylic acid
sodium salt) (PAA-Na, Mw ≈ 2100 g mol−1, CAS 9003-04-7, Sigma-Aldrich, Merck KGaA,
Darmstadt, Germany) and 125 mg of poly(vinyl alcohol) (PVA, 87–90% hydrolyzed, Mw
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30,000–70,000 g mol−1, CAS 9002-89-5, Merck KGaA, Darmstadt, Germany) to 40 mL of an
aqueous 0.001% (w/v) sodium dodecyl sulfate (SDS, CAS 151-21-3, Carl Roth, Karlsruhe,
Germany) solution under constant stirring at 60 ◦C for 30 min. After cooling to room
temperature, 4 mg of Nile red (Carl Roth, Karlsruhe, Germany; CAS 7385-67-3) was added.
The mixture was homogenized with a high-power ultrasonic disperser (Hielscher UP200St,
Sonotrode S26d2) at 100% amplitude for 12 min, followed by ultrasonic treatment in a
bath sonicator (Elma TI-H-5, 45 kHz) for an additional 10 min to ensure uniform dye
distribution. Excess non-suspended dye was removed from the emulsion by filtration,
using a Whatman® PTFE syringe filter with 0.2 µm pore size.

The dye–polymer suspension was applied to the pretreated paper by dip-coating for
20 s. Coated papers were dried overnight by placing them in a laboratory fume hood at
room temperature (Figure 3). After drying, the test strips were cut into pieces of 1 × 2 cm
and stored in sealed containers at 4 ◦C until use. The resulting test strips appeared white
under ambient light and exhibited distinct color changes upon contact with liquid fuels
and other solvents. The strips were designed to provide reliable colorimetric responses
under outdoor deployment and UAV imaging conditions.

(a)  (b)  (c) 

Figure 3. Production steps for sensor test paper manufacturing. (a) All components were added
gradually under continuous stirring and held at 60 ◦C for 30 min. (b) Ultrasonic treatment was
applied to ensure homogeneous distribution and to disperse the dye solids. (c) Pretreated cellulose
strips were dip-coated in the emulsion for 20 s and dried overnight under ambient conditions by
suspension in a fume hood. Created with BioRender.com.

2.2. Calibration and Color Correction

A comprehensive laboratory calibration protocol was implemented to establish op-
timal colorimetric accuracy for color hue determination. Images were acquired using
a Pentax K10D digital SLR camera (Pentax Corporation, Tokyo, Japan) with a 10.2 MP
APS-C CCD sensor (23.5 × 15.7 mm) and an SMC-DA 18–55 mm f/3.5–5.6 kit zoom lens
(≈27–83 mm equivalent focal length). Photographs were recorded in DNG format at maxi-
mum resolution (3872 × 2592 px). Camera settings were fixed at ISO 200, exposure time
1/125 s, and daylight white balance. The camera captured ColorChecker Classic reference
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target (Calibrite, Rochester, NY, USA) images under multiple controlled illumination scenar-
ios (Figure S2). For each lighting configuration, the average color difference (∆E) between
captured values and certified references of all 24 patches was calculated in CIE color space;
the illumination with the lowest mean ∆E was selected as the optimal setting for deriving a
3 × 3 color-correction matrix (CCM). The CCM, mapping the camera’s native RGB response
to a device-independent color space, was archived and applied to all subsequent laboratory
images to compensate for camera-specific spectral response and illumination-dependent
chromatic bias.

Test strips were positioned in a fixed holder, then wetted with 60 µL of the respec-
tive test liquid using an Eppendorf micropipette and the images were taken after 1 min.
Following color correction, the images were converted to the HSV color space, and hue
values were extracted. Hue shifts induced by contact with various organic solvents and
defined fuel blends were then determined under standardized and reproducible imag-
ing conditions. Statistical analysis: Hue values (0–360◦) were treated as circular data for
descriptive statistics; circular mean and mean resultant length (R) were calculated using
standard circular statistical methods. For regression analysis, hue values were linearized
by subtracting 360◦ from values exceeding 180◦. Here, the ethanol-trend regression was
performed on adjusted group mean values. As all observed values clustered within a
contiguous arc of approximately 320–45◦ (i.e., less than 90◦ total), this transformation
yielded a contiguous scale without splitting natural data clusters, suitable for parametric
modeling [40]. Gasoline 98E5 was excluded here because its higher-octane base-fuel ma-
trix is not directly comparable to that of the defined 95E blend series. Group differences
were assessed using Welch’s ANOVA, which does not assume homogeneity of variance.
This choice was motivated by significant variance heterogeneity across groups (Levene’s
test: F = 8.3, p < 0.001) [41–43]. Post hoc pairwise comparisons used Welch’s t-test with
Bonferroni correction.

Analytes: Commercial fuels were procured as follows: gasoline 95E5 (Super E5,
95 RON; HEM, Deutsche Tamoil GmbH, Hamburg, Germany), an unleaded gasoline
containing 5% (v/v) ethanol; gasoline 95E10 (Super E10, 95 RON; HEM), containing 10%
(v/v) ethanol; gasoline 98E5 (Super Plus E5, 98 RON; HEM), containing 5% (v/v) ethanol;
and automotive diesel (EN 590; HEM), a low-sulfur diesel that may contain up to 7% (v/v)
fatty acid methyl ester (FAME). All fuels were purchased at a HEM retail station in Berlin,
Germany, supplied via the regional distribution network, and originating predominantly
from PCK Raffinerie GmbH, Schwedt/Oder, Germany.

Additional gasoline samples (95E5, RON 95, EN 228) were procured from three major
German retail brands (Aral, Shell, and JET) at stations in the Berlin area. Immediately
after purchase, subsamples were transferred into airtight glass containers to minimize
evaporation and stored at room temperature in the dark until measurement.

Further analytes for selectivity testing included Kerosene (Jet A-1 (ASTM D1655)),
supplied by TotalEnergies Marketing Deutschland GmbH, Aviation Division, Duisburg,
Germany, hydrotreated vegetable oil (HVO100/XTL) from TOOL-FUEL Services GmbH,
Hamburg, Germany, marine diesel oil (MDO, 0.1% sulfur, SECA area) from UTG Tanklogis-
tik, Bremerhaven, Germany, and biodiesel (FAME, EN 14214) from Münzer Deutschland
GmbH, Rosenheim, Germany. Ethanol (CHEMSOLUTE®), Th. Geyer GmbH & Co. KG,
Renningen, Germany; CAS 64-17-5 served as the solvent in selected experiments.

2.3. UAV Imaging

Aerial imaging was performed using a DJI Matrice M300 RTK UAV (DJI, Shenzhen,
China) equipped with a gimbal-stabilized Zenmuse H20T multi-sensor payload (Figure S3).
The integrated RTK positioning system provided centimeter-level spatial accuracy through
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real-time kinematic correction. For the present study, the 20.15-megapixel RGB module
(1/1.7′′ CMOS sensor, 4:3 aspect ratio) was used exclusively to assess the feasibility of colori-
metric detection. Image data were recorded in JPEG format, reflecting realistic operational
constraints in aerial surveillance scenarios where storage, transmission, and processing effi-
ciency are critical [44,45]. Due to the nonlinear camera processing inherent to JPEG images,
the outdoor color normalization was implemented as an empirical ColorChecker-based
mapping rather than a strictly linear radiometric CCM. This approach compensates for the
nonlinear tone curves and camera processing and improves hue stability under variable
illumination. The use of JPEG was adopted based on our previous finding that lossy
compression introduces negligible hue deviation for colorimetric sensor detection [46,47].
Prior to each flight, a ColorChecker reference was imaged as described in Section 2.2 to
ensure consistent radiometric calibration. Outdoor illuminance was measured immediately
before acquisition using a Voltcraft MS-200LED luxmeter (Conrad Electronic SE, Hirschau,
Germany). The sensor was positioned horizontally adjacent to the test area, avoiding
shadowing and specular reflections. Multiple readings were averaged to account for short-
term daylight fluctuations, yielding measurement conditions spanning 625–77,000 lux.
Procedures followed manufacturer specifications to ensure inter-session repeatability.

All UAV missions were carried out at BAM’s certified test site TTS (An der Düne 9,
15837 Baruth/Mark, Germany). Flight altitudes between 15 and 50 m above ground level
were evaluated. A height of 20 m was selected as the standard operating altitude, repre-
senting a compromise between maximizing spatial resolution per strip and minimizing
aerodynamic disturbance. Below approximately 15 m, rotor downwash caused partial
displacement of the lightweight paper sensors and introduced reflectance instability due
to surface motion. At 20 m altitude with telephoto configuration, the ground sampling
distance was approximately 0.6 mm pixel−1, corresponding to 644 ± 42 pixels per 1 × 2 cm
strip. Table 1 summarizes the experimentally determined pixel coverage as a function
of altitude. For legal reasons, all sensor strips were manually deployed on the test field
(Figure S4); no aerial dispersal was conducted. Test liquids were applied using a handheld
trigger sprayer with a fine-mist nozzle to achieve uniform, low-volume deposition. Sprayer
parameters and application distance were kept constant across experiments, and overspray
was minimized using surface shielding. Strips were allowed to equilibrate briefly before
imaging to ensure stable colorimetric states.

Table 1. Spatial resolution of sensor strips (1 × 2 cm) as a function of UAV flight altitude. Pixel
dimensions were determined from DJI Zenmuse H20T imagery at 10× optical zoom.

Height (m) 1 cm (px)
Horizontal

1 cm (px)
Vertical

2 cm (px)
Horizontal

2 cm (px)
Vertical

Area (px)
±

20 16.9 19.0 33.8 38.1 644 ± 42
30 11.3 12.7 22.6 25.4 286 ± 15
40 8.5 9.5 16.9 19.0 161 ± 8
50 6.8 7.6 13.6 15.2 103 ± 5

2.4. Automated Image Analysis

Automated segmentation of the deployed sensor strips followed the HSV-based work-
flow described previously [30]. In the present work, this pipeline was extended by incor-
porating a calibrated color correction step using a color correction matrix derived from a
ColorChecker reference (Section 2.2), which reduced hue variability between laboratory
and outdoor acquisitions. An overview of the complete image-processing pipeline, from
image acquisition to the final contamination map, is shown in Figure 4.
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(a)  (b)  (c)  (d) 

Figure 4. Data-processing pipeline comprising four stages: (a) Image acquisition and calibration,
(b) Hue-based segmentation and morphological refinement, (c) Object classification and centroid
extraction, and (d) Georeferenced contamination-map generation.

Following color correction, images were converted from RGB to HSV color space.
Hue-based thresholding was then applied to identify activated sensor strips. The hue
thresholds were predefined from laboratory-derived hue distributions, whereas the re-
maining image-processing parameters were fixed empirically for the present field dataset.
The segmentation was designed to operate under variable outdoor illumination while
maintaining robustness against background color variability.

Initial binary masks exhibited local fragmentation caused by substrate texture, shading
effects, and compression-related artifacts. Morphological closing operations were therefore
applied to obtain spatially coherent regions. Subsequent area filtering removed small iso-
lated pixel clusters inconsistent with the expected strip dimensions. Connected-component
labeling was then used to isolate individual candidate objects corresponding to sensor
strips [48,49]. After contour filtering, candidate sensor centroids were clustered using
DBSCAN, and the cluster closest to the image center was selected for radius construction.

Cluster centroids were extracted from the labeled objects to generate georeferenced
hotspots representing detected contamination locations. These hotspots were subsequently
buffered with dynamic heuristic safety radii defined in image space from the Euclidean
distance to the second-nearest detected sensor centroid, thereby conservatively covering
potentially unsampled areas. This spatial representation was directly usable for operational
planning and situational awareness.

Detection performance was quantified against manually annotated ground truth data.
The number of deployed sensor strips (positive and negative) in each aerial frame was
determined by visual inspection of magnified image crops. To minimize observer bias, the
annotation was performed independently by three assessors (the first author, a research
assistant, and a colleague), whose strip counts were in complete agreement. Annotation
followed predefined rules: partially visible strips, including those located at the image
borders, were included in the count; overlapping strips were counted as a single object; and
ambiguous or only weakly activated strips were scored as non-activated (negative). Given
the unambiguous optical contrast between fuel-exposed (pink/orange) and unexposed
(white) strips, this procedure yielded a deterministic ground truth. The HSV threshold
configuration was intentionally conservative to minimize false positives originating from
colored environmental elements such as soil, vegetation, or debris. All image-processing
steps were implemented in Python (version 3.9.5) relying exclusively on standard image-
processing operations. The complete set of image-processing parameters and software
versions is provided in Table S2.
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3. Results
3.1. Colorimetric Response and Test Characterization

The prepared paper-based sensors reliably detected and differentiated multiple fuel
types. After optimization of the fabrication process, hue deviations were minimized and
closely matched perceived color differences. Although primarily designed for UAV-based
detection, the test strips can also be evaluated by eye as standard colorimetric test strips.
For maximum robustness (e.g., daylight variability, different observers), targeting ≥10◦

hue shift would ensure unambiguous detection by eye. The test strips were able to reliably
differentiate between the investigated fuels based on their measured hue values. Regarding
operational efficiency, the minimum fuel volume required for a reliable readout was evalu-
ated to ensure practical suitability for field inspections. We found that a sample volume
of approximately 20 µL/cm2 is sufficient to fully saturate the cellulose-fiber matrix and
trigger the maximum solvatochromic shift. Once this saturation threshold is reached, the
hue response remains largely independent of the total sample volume. This low sample
requirement underscores the sensor’s potential for rapid, minimally invasive fuel quality
monitoring in UAV operations. Exposure to water was tested as a negative control. Consis-
tent with the photophysical properties described in the introduction, no colorimetric shift
was observed: Aqueous media do not cause any noticeable color change compared to dry
sensor strips. Exposure to rain, puddles, or firefighting water, therefore, should not gener-
ate false positives in the detection workflow. The physical characterization of the Passive
Smart Dust sensors yielded an average mass of 17.0 ± 0.5 mg per unit. Extrapolating this
to a large-scale scenario, 1,000,000 paper sensors would result in a total payload of only
~17 kg, confirming the system’s suitability for high-volume deployment. This required
load capacity is well within the normal range for modern agricultural UAVs [50,51].

3.2. Laboratory Validation

The average hue for each fuel (ethanol, 95E5, 95E10, 95E20, 95E50, 95E80, 98E5,
biodiesel, diesel, hydrotreated vegetable oil [HVO100], marine diesel oil [MDO], and
kerosene) was determined (Figure 5, Table 2). Hue values were recorded after 1 min of
exposure to allow for signal equilibration (n = 5 independent sensor strips from one fab-
rication batch for all fuels). The response time for gasoline-type fuels was essentially
instantaneous, whereas the more viscous diesel-type fuels required an additional equili-
bration period of approximately 30 s to achieve a stable signal. The 1 min measurement
interval was therefore chosen to ensure complete equilibration across all fuel types.

 

Figure 5. Hue distribution of Nile red test papers after exposure to different liquid fuels under
laboratory conditions. Hue values are expressed in degrees, with the angular position indicating
the mean hue of each fuel type. The thickness of each sector represents the spread (variability)
of the recorded values across replicates. Figures and a table with more solvents are shown in the
supplement (Figures S5 and S6).
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Table 2. Laboratory characterization of twelve fuel types using Nile red-impregnated cellulose test
papers. Hue values (n = 5 for all replicates) are reported as mean ± standard deviation (SD) with 95%
confidence intervals (CI). Ethanol-containing gasoline blends show pronounced bathochromic shifts
(hue 13 to 351◦), while diesel-range fuels cluster at 28 to 35◦. Low standard deviations (0.6 to 2.3◦)
indicate excellent measurement reproducibility.

Fuel Type Mean Hue (◦) SD (◦) 95% CI

98E5 19.2 1.5 17.4–21.1
95E5 13.4 1.6 11.3–15.4
95E10 351 1.3 349–352
95E20 340 0.7 339–341
95E50 333 0.9 332–334
95E80 330 1.6 328–332

Ethanol 325 1.1 323–326
Diesel 28.4 0.6 27.7–29.1

Kerosene 30.3 2.3 27.4–33.2
Biodiesel 31.5 0.7 30.6–32.4

MDO 33.6 1.4 31.9–35.4
HVO100 34.9 1.4 33.2–36.7

As shown in Figure 5 and summarized in Table 2, the colorimetric sensor utilizing
Nile red as a probe successfully discriminated between the various fuel classes with high
statistical significance (F(3, 19.4) = 4353.8, p < 0.001). A fundamental distinction was
observed between the diesel-type matrix (Diesel, HVO100, MDO, and Kerosene), which
maintained a stable hue range (mean = 31.8 ± 3.0◦), and the gasoline-ethanol type blends.

Within the diesel-range group, the hydrocarbon fuels diesel, HVO100, MDO, and
kerosene showed only minimal variance and did not differ significantly from biodiesel
(p = 0.81), whereas the addition of ethanol to the gasoline base triggered a significant
and concentration-dependent bathochromic shift. Even at low concentrations (95E5),
the hue values began to deviate from the hydrocarbon baseline, shifting toward the red
end of the scale. This divergence intensified with increasing ethanol content, following
a logarithmic trend (Hue = 28.9 − 32.8 × log10([EtOH]); R2 = 0.915, p = 0.003). The
5% ethanol blend approaches the 0◦/360◦ boundary of the hue color space, introducing
increased measurement uncertainty at low ethanol concentrations. Reproducibility was
tested at various time points (Figure S7). The logarithmic relationship (Figure S8) between
ethanol content and hue shift (R2 = 0.915) suggests a saturation-type mechanism consistent
with preferential solvation of the Nile red probe by polar co-solvent molecules.

These distinct hue signatures support both visual and quantitative discrimina-
tion of ethanol-containing gasoline blends under standardized measurement condi-
tions. The group difference between ethanol blends and pure hydrocarbons was large
(Cohen’s |d| = 3.81), and the estimated statistical power was 1.00 (α = 0.05), indicating
that with the present sample sizes the study had a very high probability of detecting such
differences. Diesel-like fuels formed a separate cluster with highly similar hue values
due to their nearly identical physicochemical properties. All are composed mainly of
long-chain hydrocarbons with low dielectric constants (ε ≈ 2–4), resulting in only minor
solvatochromic shifts in these low-polarity environments [27,52]. They are non- or only
weakly hydrogen-bonding liquids, lacking functional groups capable of interacting strongly
with the carbonyl oxygen of Nile red. Their refractive indices (≈1.43–1.47) are also highly
similar, generating comparable local field effects [53–55]. Furthermore, their solvation
environments exhibit similar microviscosity, which restricts molecular reorientation around
the dye’s excited-state dipole. Obviously, none of the tested diesel-type fuels contain larger
amounts of polar additives that would significantly alter the solvatochromic response.
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3.3. Sensor Robustness and Reproducibility

To assess the reproducibility of the colorimetric sensor response, different sensor
batches (April 2025, November 2025, December 2025, and February 2026) were tested. Each
batch was produced between 1 and 3 weeks before the respective measurement under the
experimental conditions described in Section 2.3.

Note that the hue values reported in this section represent pooled statistics across
several production batches and thus differ from values in Table 2, which were obtained
from the initial laboratory characterization batch. Across all four manufactured batches,
the hue values for E5 (mean 12.1◦ ± 2.5◦) and Diesel (mean 28.2◦ ± 2.4◦) remained clearly
separated, with no overlap between the two distributions (Figure 6). The separation gap
between the highest recorded E5 value (15.33◦) and the lowest Diesel value (24.31◦) spans
approximately 9◦, indicating that the sensor response is robust against batch-to-batch
variation in the fabrication process.

Figure 6. Classification of gasoline (E5) and diesel by colorimetric hue value measured from Nile red
test strips under laboratory conditions. (a) Frequency distribution of hue values showing complete
separation between E5 (n = 20) and diesel (n = 20). (b) Individual hue values per measurement run
with midpoint classification threshold (dashed line) and separation gap (green band). (c) Strip plot
of all individual measurements with mean (black dot) and 95% confidence intervals. (d) Mean hue
values with 95% confidence intervals; E5: 12.1 ± 2.5◦, diesel: 28.2 ± 2.4◦ (Welch’s t-test, p < 0.001,
Cohen’s d > 5, AUC = 1.0).
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Statistical analysis validates this conclusion. A Welch’s t-test yielded a highly signifi-
cant difference between the two fuel types (t = −20.88, p < 0.001), and the Mann–Whitney U
test confirmed this result non-parametrically (U = 0.0, p < 0.001). The effect size, quantified
by Cohen’s d of 6.60, indicates an exceptionally large separation between the two groups.
A receiver operating characteristic (ROC) analysis yielded an area under the curve (AUC)
of 1.0, demonstrating that a simple threshold-based classification at the midpoint of 20.1◦

achieves perfect discrimination between E5 and Diesel across all measured samples.
The further practical reliability of the Nile red-functionalized test strips was evaluated.

Using RON95E5 fuel of four major commercial gasoline brands (HEM, Aral, Jet, Shell)
showed no statistically significant deviations in hue response (Figure S9a), confirming that
the sensor’s response is primarily driven by ethanol content rather than brand-specific
additives. Integrity was confirmed via dye bleeding tests (Figure S9c); the stable hue values
over time in gasoline demonstrate the retention of Nile red within the polymer matrix,
minimizing signal leaching.

3.4. UAV-Based Detection and Image Processing

Application of the HSV-based image processing pipeline enabled reliable aerial detec-
tion of gasoline-exposed test strips (Figure 7). Raw thresholding often produces fragmented
or noisy binary masks, but subsequent morphological filtering effectively merged strip
regions and removed isolated artifacts. With the optimized workflow, test strips were con-
sistently detected as coherent objects across all UAV images, even under variable outdoor
illumination. The processed masks allowed accurate geolocation of activated strips, sup-
porting identification and localization of simulated contamination events in the test field.
Representative detection results are shown in Figure 7b, where fragmented raw detections
were consolidated into well-defined strip regions after morphological operations. In each
aerial acquisition, unexposed (dry) sensor strips were co-deployed alongside fuel-exposed
strips to serve as negative controls. Across all missions and frames, none of the blank
strips were classified as positive detections by the automated HSV threshold pipeline,
confirming that the segmentation algorithm reliably discriminated between activated and
non-activated sensors under field illumination conditions (Tables 3 and 4). Gasoline- and
diesel-exposed strips already showed visibly distinct colorimetric responses in the raw
UAV imagery—a pale pink hue for gasoline (95E5) and a yellow-brown hue for diesel
(EN 590)—confirming the feasibility of drone-based fuel discrimination prior to automated
processing (Figure S11).

For two gasoline missions, three independent aerial frames (Frames 1–3) were ana-
lyzed. The automated HSV threshold-based detector correctly identified 139/157 strips
(sensitivity = 0.885, Wilson 95% CI: 0.825–0.927) with no false positives (specificity = 1.000,
Wilson 95% CI: 0.883–1.000). Overall performance across missions and frames yielded
F1 = 0.939 and accuracy = 0.903 (see Table 3). Missed detections (FN = 18) occurred
exclusively without false positives (FP = 0), indicating a conservative thresholding regime.

In one diesel mission, three separate frames were evaluated for diesel detection. The
detector correctly identified 89/92 strips (sensitivity = 0.967, Wilson 95% CI: 0.909–0.989)
with no false positives (specificity = 1.000, Wilson 95% CI: 0.942–1.000). Missed detections
(FN = 3) occurred at the boundary of the defined hue threshold range, confirming the
robustness of the segmentation approach. Aggregated across frames, the method achieved
F1 = 0.983 and accuracy = 0.981 (see Table 4).
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Figure 7. Detection of gasoline-exposed test strips under field conditions in UAV imagery using the
image-processing workflow described in Section 2.4. (a) Original image “Frame 1” with a 0.5 m scale
bar. (b) Positive detection events after HSV thresholding, filtering, and morphological operations.
(c) Computed safety radii around detected clusters. (d) Final output image illustrating contamination
zones for potential use by first responders. Results of diesel-exposed test strips are shown in the
Supplement Figure S10.

Table 3. UAV-based detection for Gasoline (95E5), frame-wise ground-truth validation.

Metric Frame 1 Frame 2 Frame 3 Total

Positive Strips Deployed 46 51 60 157
TP 44 43 52 139
FN 2 8 8 18

Negative Strips Deployed 7 10 12 29
TN 7 10 12 29
FP 0 0 0 0

Sensitivity 0.957 0.843 0.867 0.885
Specificity 1.000 1.000 1.000 1.000
Precision 1.000 1.000 1.000 1.000
Accuracy 0.962 0.869 0.889 0.903
F1-Score 0.978 0.915 0.929 0.939

Table 4. UAV-based detection for Diesel (EN 590), frame-wise ground-truth validation.

Metric Frame 1 Frame 2 Frame 3 Total

Positive Strips Deployed 31 31 30 92
TP 30 29 30 89
FN 1 2 0 3

Negative Strips Deployed 23 16 23 62
TN 23 16 23 62
FP 0 0 0 0

Sensitivity 0.968 0.935 1.000 0.967
Specificity 1.000 1.000 1.000 1.000
Precision 1.000 1.000 1.000 1.000
Accuracy 0.982 0.957 1.000 0.981
F1-Score 0.984 0.966 1.000 0.983
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4. Discussion
4.1. Sensor Performance and Fuel Classification

The Nile red–based test strips enabled reproducible differentiation between multiple
fuel classes under both laboratory and field conditions. The measured hue separations
(Table 2) between fuels with varying ethanol content exceeded typical visual discrimina-
tion limits for saturated colors and were sufficiently resolved for automated image-based
classification. This approach is not intended for compositional analysis, but rather enables
rapid categorization into gasoline, diesel, and alcohol-containing blends. In contrast to
infrared cameras or hyperspectral sensors, which primarily detect surface signatures or
thermal emissions, the Nile red-functionalized sensor enables chemical classification via
polarity-driven solvatochromism, while high-end spectral systems are often limited by
significant acquisition costs and restricted chemical resolution when analyzing complex
fuel mixtures [56]. This paper-based approach provides a drastically more cost-effective
and sufficiently selective method for fuel classification at the point of use [57,58]. This tech-
nology efficiently bridges the gap between retrospective and expensive laboratory analyses
and purely visual on-site inspections, resulting in improved safety for first responders
and other affected parties. Table S3 summarizes how the proposed system compares with
established detection approaches across the criteria most relevant for field deployment,
highlighting its low cost, passive RGB-based readout, and direct UAV compatibility at the
expense of lower chemical specificity than confirmatory analytical methods.

4.2. Material Properties and Stability

The colorimetric sensor successfully discriminated between fuel types with high sta-
tistical significance (Welch’s F(3, 19.4) = 4353.8, p < 0.001, ω2 = 0.863). Ethanol-containing
blends exhibited hue values that were distinctly different from those of pure hydrocarbon
fuels. For the two UAV experiments operationally relevant fuel classes, gasoline (95E5) and
diesel, an extended dataset (n = 20) confirmed the reproducibility of the hue signatures with
comparable variance to the screening dataset (n = 5, in Table 2 and Figure 5). Within ethanol
blends, hue shift magnitude showed a strong logarithmic trend with ethanol content
(R2 = 0.915). The high coefficient of determination indicates a robust solvatochromic re-
sponse to ethanol concentration, consistent with the expected stabilization of the ICT state
by polar co-solvents. Ethanol acts as a polar co-solvent and stabilizes the intramolecular
charge-transfer state of the Nile red dye, producing a bathochromic (red) shift in emissions.
The magnitude of this shift increased with ethanol concentration, enabling clear differenti-
ation among the gasoline blends 95E5, 95E10, 95E20, 95E50, 95E80, and ethanol, further
confirming its influence. The 95% confidence intervals (Table 2) demonstrate clear separa-
tion between fuel classes. The minimum angular separation between ethanol-containing
gasoline (95E5, 13.4◦ ± 1.6◦) and diesel-range fuels (28.4◦ ± 0.6◦) amounts to approximately
15◦, exceeding the combined standard deviations by more than one order of magnitude.
Misclassification would require a hue drift of at least ~10◦ in either class, which was not
observed across four independent production batches spanning ten months (Figure S12)
nor under field illumination variations from 625 to 77,000 lux. The minimum observed
gap between the highest E5 value (15.33◦) and the lowest Diesel value (24.31◦) across four
production batches amounts to 9.0◦ with no overlap across all measurements (Figure 6).
Non-significant differences within the diesel-range fuel group, including diesel, HVO100,
MDO, kerosene, and biodiesel (e.g., biodiesel vs. the hydrocarbon diesel-range fuels,
p = 0.81), reflect similarity of properties rather than insufficient power. This observation is
consistent with the general behavior of solvatochromic dyes, which respond to bulk solvent
properties rather than molecular identity. Nile red is present as hydrophobic aggregates
within the hydrogel network, where the initial colorimetric response occurs upon formation

https://doi.org/10.3390/drones10070522

https://doi.org/10.3390/drones10070522


Drones 2026, 10, 522 15 of 21

of localized liquid domains. At longer exposure times, gradual dye extraction can occur
due to the nonpolar character of the fuel. The polymer formulation was therefore optimized
to prolong dye retention within the matrix and ensure a stable colorimetric response during
the operational detection window.

Consequently, fuels with equivalent physicochemical characteristics produce near-
identical optical responses. For instance, toluene and RON95E5 exhibit overlapping hue
angle ranges (Figure S5). In an operational context, this corresponds to reliable detection
of hydrocarbon contamination and broad categorization of fuel types into distinct classes:
ethanol-containing gasoline blends, pure gasoline, diesel-type fuels (including biodiesel),
and pure alcohols. This is in line with the requirements of on-site contamination assessment
and risk identification, where rapid classification of the type of contamination is more
important than precise fuel specification.

4.3. UAV Integration and Detection Range

In comparison to other solvatochromic sensors reported in the literature, the system
presented here is compatible with commercially available UAV platforms and standard
RGB cameras. This facilitates deployment in scenarios requiring rapid, wide-area inspec-
tion, such as environmental spill assessment or industrial safety monitoring. Compared to
other UAV-based sensing approaches, such as hyperspectral imaging or electronic noses,
our system offers a significant reduction in payload weight and power consumption,
which are critical constraints for maximizing flight endurance [59,60]. While advanced
onboard spectral sensors require substantial financial investment and complex hardware
integration [61], these paper-based probes provide a “zero-power” and low-weight alterna-
tive for rapid pre-flight fuel diagnostics without the need for specialized telemetry. With
an average mass of a single sensor of approximately only 17 mg, even a large-scale deploy-
ment of 1,000,000 paper snippets would require a payload of 17 kg for the UAV, which
could be feasible with commercially available agricultural UAVs. We were able to perform
sensor-deployed spill simulations from a height of 50 m, which was the largest height tested.
Aerial dispersal was not permitted under the applicable national and EU drone regulations
and was therefore not performed; strips were deployed manually. However, the sensor
design (mass 17 mg, dimensions 1 × 2 cm) is compatible with pneumatic or mechanical
dispensers for autonomous aerial or terrestrial deployment. In a real contamination event,
the spilled fuel must in any case be taken up with sorbent material and disposed of as
hazardous waste, so that the deployed sensors can be removed together with the sorbent
without additional disposal effort. Their cellulose-based composition further limits the
environmental impact of any strips that are not fully recovered. In future work, automated
or aerial deployment strategies could be considered to enable rapid coverage of large areas.

Under field conditions, UAV-based detection achieved high sensitivity for both gaso-
line and diesel with no false positives observed in any mission, summarized in Table 5.

A limiting factor was the conservative HSV threshold filter, which prioritized speci-
ficity over sensitivity to minimize false positives from colored ground cover, vegetation,
or debris. Manual inspection indicated that undetected strips had indeed undergone
colorimetric change but fell outside the predetermined hue ranges established during labo-
ratory calibration. This represents a well-known trade-off in threshold-based classification:
tighter bounds reduce false positives but increase false negatives, particularly for fuels with
intermediate or overlapping hue signatures such as kerosene and HVO100.

The missed detections were concentrated in the gasoline trials (FN = 18, sensitivity = 0.885)
versus diesel (FN = 3, sensitivity = 0.967) and were unevenly distributed across frames (2,
8, and 8 in Frames 1–3; Table 3), indicating an acquisition-dependent rather than systematic
origin. HSV thresholding strategy prioritized specificity over maximum sensitivity to avoid
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false contamination alarms from colored background structures. We attribute the misses
primarily to specular reflection: the freshly wetted strips form a glossy surface, and for
certain solar–strip–camera geometries the direct solar component is specularly reflected
into the sensor, producing localized high-intensity glare. Within these, the pixels saturate
toward maximum brightness at minimal chroma and leave the calibrated hue–saturation
window used for positive classification. Such effects shift the values of activated strips
toward the boundary of the predefined threshold range or fragment the binary masks
before morphological filtering. Because solar elevation and strip orientation differ between
acquisitions, this mechanism reproduces the observed frame-dependent distribution of the
missed detections; the affected strips had therefore reacted chemically but were rejected by
the conservative threshold rather than by any failure of the colorimetric response.

Table 5. Consolidated UAV-based field-detection performance for gasoline (95E5) and diesel (EN 590),
pooled across all frames (derived from Tables 3 and 4). Confidence intervals are Wilson 95% CIs;
F1-scores are point estimates.

Metric Gasoline (95E5) Diesel (EN 590)

Positive Strips Deployed 157 92
TP 139 89
FN 18 3

Negative Strips Deployed 29 62
TN 29 62
FP 0 0

Sensitivity (95% CI) 0.885 (0.825–0.927) 0.967 (0.909–0.989)
Specificity (95% CI) 1.000 (0.883–1.000) 1.000 (0.942–1.000)
Precision (95% CI) 1.000 (0.973–1.000) 1.000 (0.959–1.000)
Accuracy (95% CI) 0.903 (0.852–0.938) 0.981 (0.944–0.993)

F1-Score 0.939 0.983

No false positives were observed across 91 negative control strips (29 gasoline,
62 diesel), corresponding to a specificity of 100% (Wilson 95% CI: 96.0–100%). The relatively
small number of negative controls reflects the unambiguous optical contrast between dry
(white) and fuel-exposed (pink to orange) sensor strips: unexposed strips retain their white
appearance and fall far outside the hue ranges used for positive classification, so that no
false positives from blank sensors were observed under the applied threshold regime in the
evaluated scenarios. In addition to the conservative hue thresholds, candidate detections
were constrained by size and shape filtering, so that color-matched distractors are only
accepted if they also match the expected strip geometry; environmental false positives from
background elements such as soil, vegetation, or debris were not observed. It should be
noted that the lower bounds of the Wilson confidence intervals for specificity (88.3% for
gasoline, 94.2% for diesel, 96.0% combined) reflect the finite number of negative controls
evaluated rather than an actual methodological limitation; no false detection occurred
in any of the analyzed frames, and the binomial interval width is governed solely by
sample size. This underlines that the system maintained high specificity despite variable
outdoor lighting conditions. The conservative threshold settings reduced sensitivity for
borderline cases.

Future implementations employing adaptive thresholding algorithms that adjust
bounds based on local illumination, or machine learning-based classification trained on
diverse field imagery, could improve detection rates while maintaining low false posi-
tive rates. Integration of texture features, shape analysis, or contextual information (e.g.,
expected strip distribution patterns) could further enhance robustness. Imaging was per-
formed using a DJI Zenmuse H20T sensor system. Based on the recorded pixel density of
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6.77 px/cm at an altitude of 50 m (corresponding to a GSD of approximately 0.15 cm/pixel),
the camera was operated at an optical zoom factor of 10×. This magnification was nec-
essary to compensate for the small physical size of the sensors and to ensure sufficient
spatial resolution for color extraction at the maximum operating limit. The transition from
644 pixels per sensor area at 20 m to 103 pixels at 50 m illustrates the decrease in effective
resolution and leads to an increasing deterioration of the colorimetric signal, which is
caused, among other factors, by subpixel mixing.

4.4. Environmental Aspects and Selectivity

The use of a color correction matrix based on ColorChecker calibration helped stabilize
color measurements under changing lighting conditions, which is known to be a challenge
for colorimetric measurement in the field [62]. While the testing conditions in the laboratory
were always at around 625 lux, the outdoor conditions reached up to 77,000 lux. Figure S9d
shows that diesel hue values remain stable at ~25–30◦ over 100 min, while gasoline hue
values shift progressively toward the 0◦/360◦ boundary as volatile components evaporate.
This divergence increases inter-class separation over time, meaning that partially evapo-
rated gasoline spills produce an even more unambiguous classification signal than fresh
fuel [63]. Because outdoor experiments with liquid fuel spills were necessarily restricted to
controlled test-site scenarios, the reported field performance should be interpreted within
the environmental conditions examined here. The field validation was limited to a con-
trolled test site, a specific surface, selected fuels, and daylight conditions; more complex
real-world scenarios including heavy precipitation, dust accumulation, heterogeneous soils,
dense vegetation, environmental residues, mixed or multicomponent contaminants, and
highly reflective surfaces were not investigated and may affect detection reliability. More-
over, gasoline is a complex mixture of several different compounds; it remains possible that
other gasoline-type hydrocarbon mixtures may result in the same colorimetric response.
The selectivity of the sensor is fundamentally determined by the solvatochromic properties
of Nile red, which responds to bulk solvent parameters rather than specific molecular
structures [54,64]. Solvatochromic and physicochemical solvent-property data underlying
the supplementary solvent comparison were based on established reference sources [65–67].
This inherent constraint limits the ability to differentiate between similar fuels, such as
kerosene and HVO100 or MDO and conventional diesel.

However, the sensor provides a reliable rough categorization into different classes,
which should be sufficient for an initial risk assessment. The results for all tested liquid
fuels are summarized in Figure 5.

The primary objective of this study was the aerial differentiation of gasoline and diesel
spills, as validated in the UAV field trials. The observed sensitivity to ethanol content
within gasoline blends constitutes an additional analytical dimension beyond the original
binary classification scope. This capability is important in light of regulatory developments
toward higher bioethanol blending rates.

5. Conclusions
This study demonstrates that passive, paper-based solvatochromic sensors can be

effectively integrated into UAV imaging to detect, classify, and spatially locate fuel con-
taminants from the air. In controlled laboratory experiments, Nile red-impregnated test
strips yielded characteristic hue signatures that clearly differentiated gasoline blends from
diesel-type fuels, with low intra-class variability across multiple replicates. By deploying
these sensors around simulated spills and imaging them with a multirotor UAV at 20 m
altitude, we established an end-to-end workflow from sensor preparation to aerial detection
and hazard zone mapping. The automated classification achieved sensitivities of 88.5% for
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gasoline (F1 score of 0.94) and 96.7% for diesel (F1 score of 0.98) with a pooled sensitivity
of 91.6% across both fuel types. No false detections were observed, and indicative hazard
zones were derived from the spatial distribution of the detected paper sensors for rapid
situation assessment. The system is subject to inherent limitations: Classification remains
qualitative, detection accuracy still may depend on ambient illumination and calibration,
and the solvatochromic response reflects bulk solvent properties rather than molecular
identity. The system is therefore intended for rapid on-site detection and categorization of
liquid contamination. Accordingly, these results should be viewed as an experimental proof
of concept obtained under controlled conditions, which expands the portfolio of Passive
Smart Dust. Further studies are required to confirm performance in different, multicompo-
nent, and environmentally variable HAZMAT scenarios. Supplementary optical scanning
modes, including fluorescence and machine learning-based image classification approaches,
are currently being investigated. Subject to these limitations, this Passive Smart Dust sys-
tem offers a practical, cost-effective platform that combines biodegradable cellulose-based
disposable sensors for color measurement with standard UAV image capture to quickly
locate fuel spills and categorize hazards.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/drones10070522/s1.
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