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Abstract: An outdoor experiment was conducted to measure the thickness of oil films (0~3000 µm)
using an airborne hyperspectral imager and thermal infrared imager, and the spectral response and
thermal response of oil films of different thicknesses were analyzed. The classic support vector
regression (SVR) model was used to retrieve the oil film thickness. On this basis, the suitable
range for retrieving oil film thickness using hyperspectral and thermal infrared remote sensing was
explored, and the decision-level fusion algorithm was developed to fuse the retrieval capabilities of
hyperspectral and thermal infrared remote sensing for oil film thickness. The following conclusions
can be drawn: (1) Based on airborne hyperspectral data and thermal infrared data, the retrieval
accuracy of oil films of different thicknesses reached 154.31 µm and 116.59 µm, respectively. (2) The
S185 hyperspectral data were beneficial for retrieving thicknesses greater than or equal to 400 µm,
and the H20T thermal infrared data were beneficial for retrieving thicknesses greater than 500 µm.
(3) The result of the decision-level fusion model based on a fuzzy membership degree was superior
to those obtained using a single sensor (hyperspectral or thermal infrared), indicating that it can
better integrate the retrieval results of hyperspectral and thermal infrared remote sensing for oil film
thickness. Furthermore, the feasibility of using hyperspectral and thermal infrared remote sensing to
detect water-in-oil emulsions of different thicknesses was investigated through spectral response and
thermal response analysis.

Keywords: oil film thickness retrieval; hyperspectral remote sensing; thermal infrared remote sensing;
brightness temperature difference; machine learning; decision-level fusion

1. Introduction

Marine oil spills are one of the most serious environmental pollution accidents in
the process of human exploitation of the sea, and the pollution produced is very harmful
to the marine environment and marine living resources. Under the influence of wind,
waves, and currents, oil slicks on the sea surface undergo emulsification, resulting in the
formation of water-in-oil (WO) emulsions and oil-in-water (OW) emulsions of varying
concentrations [1,2]. These emulsions increase the volume and viscosity of oil slicks, making
them less prone to dispersion and causing longer-lasting pollution to the marine ecological
environment [3]. In recent years, the frequent occurrence of marine oil spill emergencies
around the world [4–10] has highlighted the necessity and urgency of paying attention to
the problem of marine oil spills.

At present, many remote sensing technologies have been used to monitor marine
oil spills, such as ultraviolet remote sensing, multispectral remote sensing, hyperspectral
remote sensing, infrared remote sensing, and synthetic aperture radar (SAR). Oil exhibits a
higher reflectance than seawater in the ultraviolet range, and ultraviolet remote sensing
can be used to monitor very thin oil films with a thickness of less than 0.1 µm [11], but the
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response to thicker oil films is weak, and it is difficult to achieve accurate detection over
long distances due to a shorter wavelength [12,13]. Multispectral remote sensing provides
a large imaging width and has a certain ability for estimating the thickness of oil films.
However, it needs to be assisted by hyperspectral images, or it can only estimate the relative
thickness of oil films [14–16]. Hyperspectral remote sensing has a high spectral resolution,
which can identify the detailed characteristics of different oil spill pollution types [17–20],
and it is easy to extract spectral characteristics related to the oil film thickness [21–24],
but it is vulnerable to the interference of sun glints, clouds, and other environmental
factors [25,26]. The radiant brightness temperature of the oil film on the sea surface differs
significantly from that of clean seawater, making thermal infrared imaging technology
effective in identifying and quantifying thicker oil films on the sea surface. It can also
provide continuous detection capabilities throughout the day [27–29]. However, thermal
infrared imaging technology has a weak detection effect on thin oil films [30] and cannot
identify the non-emulsified oil and oil–water emulsions [31,32]. Lidar uses the difference
in the laser echo signal and the spectral characteristics of oil-spill-induced fluorescence
to determine the type and property of an oil spill. It has the advantages of all-day and
all-weather operation, but its oil spill detection theory needs to be improved, and its
practical application ability still needs to be verified [33,34]. Synthetic aperture radar (SAR)
has become the primary means of emergency monitoring for marine oil spills due to its
advantages of all-day, all-weather monitoring and being free from clouds [35–38]. However,
it also has some disadvantages, such as a high false alarm rate in oil spill detection and
difficulty in identifying oil spill pollution types and estimating oil film thickness [27,39].

Oil film thickness (OT) is an important factor in remote sensing monitoring of marine
oil spills and serves as a significant and important indicator for estimating the amount of oil
spills. Accurate information on oil spill distribution and thickness can help in assessing dis-
aster losses and formulating emergency response strategies, which is of great significance
for disaster prevention and mitigation. At the same time, remote sensing retrieval of OT
has always been a challenging research topic at home and abroad [40,41]. Currently, in the
business monitoring work of marine oil spills, the monitoring personnel mainly estimate
the OT through visual interpretation of aerial true-color photographs according to the Bonn
Agreement [42]. However, the main problem with the Bonn Agreement is that the identifica-
tion of different colors of oil film is greatly affected by subjective and environmental factors.
Moreover, the Bonn Agreement cannot accurately distinguish oil films with a thickness
greater than 200 µm, and it is difficult to directly guide the interpretation and application of
satellite optical remote sensing images [43]. To achieve the retrieval of OT based on optical
remote sensing images, scholars at home and abroad have carried out extensive research.
At present, the optical means used for OT retrieval mainly include hyperspectral remote
sensing and thermal infrared remote sensing. Hyperspectral remote sensing employs the
principles of spectral reflectance to achieve quantification of OT, making it a significant
means for remote sensing retrieval of OT [44–46]. Thermal infrared remote sensing, on
the other hand, utilizes the laws governing infrared emissivity or brightness temperature
difference to achieve OT retrieval [30,47,48]. Due to the effect of ocean dynamics, marine
oil spills often exist in the form of oil–water emulsions. Quantifying the oil–water ratio of
emulsions is also an important aspect of estimating the oil spill amount [2,49,50].

Currently, most of the studies on estimating the OT using optical remote sensing
technology are conducted based on a single sensor type. The mechanisms of hyperspectral
remote sensing and infrared remote sensing for retrieving OT are different, leading to
variations in their respective capabilities. For example, infrared remote sensing is sensitive
to thick oil films [30], while ultraviolet remote sensing is sensitive to thin oil films [11]. The
accuracy of the OT retrieved using a single sensor type cannot meet the needs of accurate
monitoring applications. Recently, more and more scholars have paid attention to the
combined monitoring of marine oil spills using two types of sensors, which can effectively
improve the remote sensing monitoring level of marine oil spills [32,51–55].

The main contributions of our study are as follows:
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(1) The oil film thickness ranging from 200 to 1000 µm in the Bonn Agreement has been
refined, and the retrieval of the oil film thickness has been conducted.

(2) The study established the relationship between spectral reflectance, brightness tem-
perature difference (BTD), and OT, constructed an OT retrieval model, and explored
the suitable range for retrieving the OT using hyperspectral and thermal infrared
remote sensing.

(3) The study developed a decision-level fusion algorithm for OT retrieval using hyper-
spectral and thermal infrared remote sensing, enhancing the remote sensing capability
for OT retrieval.

2. Materials and Methods
2.1. Experiment

The outdoor simulated oil spill experiment was conducted in a plastic tank filled with
seawater in August 2022 (Figure 1a). To minimize interference from the bottom and stray
light, the bottom and walls of the plastic tank were covered with matte black cloth. In order
to ensure a normal heat exchange between seawater and oil film, 18 different thicknesses
(ranging from 0 to 3000 µm) of crude oil were distributed within floating black PVC circular
rings with an inner diameter of 7 cm (Figure 1b). The main principle for achieving the OT
(Table 1) is to finely divide the oil thicknesses greater than 100 µm and less than 1000 µm in
the Bonn Agreement. The experiment started at 16:00 local time in Qingdao and continued
until 16:00 the following day. Airborne hyperspectral data (collected only in the daytime)
and thermal infrared data of oil films of different thicknesses were acquired every hour. At
the same time, the spectral reflectance of seawater and oil films of different thicknesses in
the range of 350~2500 nm was measured using analytical spectral devices (ASD) FieldSpec4
to better analyze the spectral characteristics of oil films of different thicknesses (Figure 1c).
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Figure 1. Experimental setup: (a) black PVC circular rings in the plastic box; (b) sample distribution;
(c) spectral reflectance measurement using ASD.

Table 1. Oil film thickness setting.

Sample
Number Thickness/µm Sample

Number Thickness/µm Sample
Number Thickness/µm

1 0 7 300 13 900
2 10 8 400 14 1010
3 40 9 500 15 1500
4 70 10 610 16 2000
5 100 11 700 17 2510
6 200 12 800 18 3000

During the entire experimental process, real-time information such as wind speed and
temperature was recorded using an anemometer. The crude oil used in the experiment
(asphalt content 1.57%, colloid 18.77%, wax 7.56, density 0.932 g/mL at 25 ◦C) was produced
from China’s Shengli Oilfield. The OT was calculated by dividing the mass of oil dripped
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into the ring with the density of the crude oil and the area of the ring. The mass of crude
oil dripped into the ring was obtained by averaging multiple measurements using a high-
precision electronic balance with an accuracy of 0.001 g. To ensure a uniform distribution of
the oil film within the PVC rings to the maximum extent, oil films need to be left to stand
for at least 3 h.

2.2. Data

The experiment was conducted under clear weather and wind speeds less than 3 m/s.
Hyperspectral and thermal infrared images of oil films of different thicknesses were ap-
proximately synchronously obtained using the Cubert S185 airborne hyperspectral imager
(Cubert, Ulm, Germany) (Figure 2a) and the Zenmuse H20T airborne thermal infrared im-
ager (DJI, Shenzhen, China) (Figure 2b). The main parameters of the Cubert S185 airborne
hyperspectral imager and the Zenmuse H20T airborne thermal infrared imager are shown
in Table 2.
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Figure 2. Experimental instruments: (a) Cubert S185 airborne hyperspectral imager; (b) Zenmuse
H20T airborne thermal infrared imager.

Table 2. The main parameters of Cubert S185 hyperspectral imager and Zenmuse H20T thermal
infrared imager.

Cubert S185 Hyperspectral Imager Zenmuse H20T Thermal Infrared Imager

Parameter Index Parameter Index

spectral range/nm 450~950 spectral range/µm 8~14
spectral resolution/nm 8 resolution 640 × 512
spatial resolution/cm 2.7@10,000 sensitivity (NETD)/mK ≤50 @ f/1.0
field of view angle/◦ 20.6 display field of view angle/◦ 40.6

specification/px2 1000 × 1000 measuring range/◦C −20~+60
sampling interval/nm 4 pixel spacing/µm 12

number of channels 125 aperture f/1.0
focal length/mm 16 focal length/mm 13.5

flight altitude in the
experiment/m 6 flight altitude in the

experiment/m 3

The data acquired by the S185 hyperspectral imager include the raw spectral data,
calibration data from the standard panel, and dark current measurement data. By running
the Cubert Utils Touch 2.6.0 program on a computer, the data can be imported, and the
software automatically recognizes the calibration data from the standard panel and dark
current measurement data. The corresponding reflectance data can be exported using the
data export function in the software. After obtaining raw data using the H20T thermal
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infrared imager, brightness temperature data can be exported through DJI Thermal Analysis
Tool 2.1.8 and MATLAB 2014a program.

According to the size of the experimental scene, the preprocessed airborne hyperspec-
tral image and airborne thermal infrared image were cropped using ENVI 5.3 software.
Figure 3a shows the preprocessed and cropped airborne hyperspectral image acquired at
10:00, with spatial resolutions of 2.1 mm and a size of 126 px × 189 px. Figure 3b shows
the preprocessed and cropped airborne thermal infrared image acquired at 10:00, with
spatial resolutions of 2.7 mm and a size of, 480 px × 640 px. Mask the areas on the airborne
hyperspectral image except for 18 circles. Register and crop the thermal infrared imagery
based on the circular regions in the hyperspectral data.
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The ASD FieldSpec4 spectrometer was used to measure Lambertian standard panel,
seawater, oil films of different thicknesses, skylight, and Lambertian standard plate in order
to obtain their radiance and then convert the radiance into the spectral reflectance of oil
films of different thicknesses and seawater according to the formula in reference [18].

2.3. Methods
2.3.1. Support Vector Regression Model for Oil Film Thickness Retrieval

This study aims to preliminarily explore the feasibility of combined retrieval of OT
using airborne hyperspectral remote sensing and thermal infrared remote sensing. Here, a
classic support vector regression (SVR) model was selected to perform OT retrieval based
on airborne hyperspectral and thermal infrared data, respectively.

The main idea of the SVR algorithm [56] is to use kernel function to map data to
high-dimensional space and construct the best-fitting hyperplane in the new space, so
that the hyperplane can maximize the gaps between data samples. In general, the SVR
algorithm is an effective method for processing data with complex internal relations, which
can establish an accurate regression model through the selection of appropriate kernel
functions and parameters and calculate in high-dimensional space, effectively avoiding
the problem of curse of dimensionality. The constrained optimization problem of the SVR
model can be expressed as

min 1
2‖w‖

2 + C
n
∑

i=1
(ξi + ξ∗i )

s.t


yi − w.ϕ(xi)− t ≤ ε + ξi
−yi + w.ϕ(xi) + t ≤ ε + ξ∗i , i = 1, 2, . . . , n
ξi ≥ 0, ξ∗i ≥ 0

, (1)

where x represents input sample, w denotes the weight vector, C represents the penalty
factor, ξi and ξ∗i are the slack variables, and ϕ(xi) refers to mapping xi to a high-dimensional
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space. i indicates the sample number, t is the threshold, ‖w‖ represents the magnitude of
the normal vector to the surface that is being approximated, and s.t is the abbreviation of
“subject to”, representing constraint conditions.

The kernel function of the SVR model used in this article is the radial basis function
(RBF). The grid method is used to automatically optimize the penalty factor and kernel
function parameter in the MATLAB environment using the libSVM function, and the results
are tested using the 5-fold cross-validation (CV) method [57].

2.3.2. Decision-Level Fusion Model Based on Fuzzy Membership Degree

The mechanisms of hyperspectral remote sensing and infrared remote sensing for
retrieving OT are different, leading to variations in their respective capabilities. The
decision-level fusion algorithm based on fuzzy membership degree can fully utilize the
information of multisource remote sensing images and inherit the advantages of different
remote sensing information through fusion strategies. The decision-level fusion algorithm
based on fuzzy membership [7] is used to fuse the retrieved results of OT obtained from hy-
perspectral images and thermal infrared images. The basic idea is to distinguish each pixel
in sequence according to the established decision rules. For the pixels that cannot be distin-
guished, the membership degree belonging to each category is calculated (Equation (2)),
and the category with the highest membership degree is selected as the OT segment to
which the pixel ultimately belongs. h and t represent the OT retrieval results based on
the hyperspectral image and thermal infrared image, Ch and Ct represent the OT range
of a certain pixel on the hyperspectral image and thermal infrared image, and Th and Tt
represent the OT of the current pixel, respectively. ECh and ECt represent the mean relative
error of the current pixel within the corresponding OT range, and MCh and MCt represent
the fuzzy membership of the current pixel within the corresponding OT range, respectively.
TD denotes the OT after decision-level fusion.

The rules for decision-level fusion are as follows:

• When Ch = Ct, if Th = Tt, then TD = Th = Tt;
• When Ch = Ct and Th 6= Tt, if ECh < ECt , then TD = Th, otherwise, TD = Tt;
• When Ch 6= Ct, if MCh > MCt and ECh < ECt , then TD = Th; otherwise, if MCh > MCt

and ECh > ECt , then TD = Tt;
• When Ch 6= Ct, if MCh < MCt and ECt < ECh , then TD = Tt; otherwise, if MCh < MCt

and ECt > ECh , then TD = Th.

Mc = 0.5 +

{
n

∑
i=1

[ωi(Mr
c − 0.5)]α

} 1
α

, (2)

where Mc represents the membership degree of category c. In the experiment, the range of
c is [1,18], which is 18 OTs. n represents the number of retrieval result images. ωi represents

the weight and satisfies
n
∑

i=1
ωi = 1. α is an odd number, and if a and b represent the retrieval

accuracy of OT based on hyperspectral image and thermal infrared image, respectively,
then ω1 = a

a+b , ω2 = b
a+b .

2.3.3. Accuracy Evaluation

In order to evaluate the accuracy of the retrieval of OT based on hyperspectral and
thermal infrared data, this paper adopts two accuracy evaluation indicators: root-mean-
square error (RMSE) and mean relative error (MRE). RMSE and MRE reflect the degree of
difference between retrieved values and measured values, with smaller values indicating a
higher retrieval accuracy of OT. The expressions for RMSE and MRE are as follows:

RMSE =

√√√√√ n
∑

i=1
(Ti − T̂i)

2

n
, (3)
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MRE =
1
n

n

∑
i=1

∣∣Ti − T̂i
∣∣

T̂i
, (4)

where Ti represents retrieved OT value (µm), T̂i represents measured OT value (µm), and n
denotes the number of samples.

3. Results and Analysis
3.1. Photothermal Response of Crude Oil at Different Thicknesses

The photothermal response refers to the incidence of light upon the surface of a
material, which results in the absorption of photon energy by electrons, thereby inducing
their excitation. These excited electrons then transfer the energy to molecules through
collisions and other processes, thereby inducing vibration and rotational acceleration,
ultimately generating thermal energy. The incident light undergoes distinct processes of
refraction, reflection, and absorption within the oil film layer. With an increase in the
thickness of the oil film, the interference effect of the oil film on the incident light gradually
transitions from a state of multiple-beam interference to that of dual-beam interference.
Simultaneously, thicker oil films exhibit a more intense absorption of incident light, leading
to a reduction in reflectance within the visible and near-infrared spectral range. During
daytime, thicker oil films absorb a greater amount of solar radiation, converting it into an
increased quantity of thermal energy, which manifests as higher brightness temperatures,
thereby presenting positive contrast image characteristics in thermal infrared imagery.

3.1.1. Spectral Characteristics of Oil Films of Different Thicknesses

According to Figure 4, the spectral curves of the crude oil films of different thicknesses
exhibit consistent reflection peaks at ~720 nm, ~815 nm, and ~1125 nm. Within the spectral
range of less than 1200 nm, the spectral curves of the oil films decrease with increasing
thickness. In the spectral range above 1200 nm, the spectral curves of the oil films remain
relatively unchanged with varying thickness. Specifically, within the ultraviolet range, the
spectral reflectance of the oil films of different thicknesses is higher than that of seawater. In
the near-infrared spectral range of 760~900 nm, the spectral reflectance of seawater is higher
than that of an oil film of a thickness greater than 100 µm, and the spectral reflectance
of the crude oil gradually decreases with increasing thickness. The spectral reflectance
of oil films of a thickness less than 40 µm is always higher than that of seawater. The
spectral response of oil films of different thicknesses is influenced not only by the spectral
absorption characteristics of the oil film, but also by the strength of the reflection signal of
the background water body [14].

3.1.2. Thermal Response of Oil Films of Different Thicknesses

In the experiment, 400 pixels were, respectively, selected for seawater and each thick-
ness of oil film, and the brightness temperature (BT) of 400 pixels was averaged for each
thickness of oil film to reduce the influence of accidental factors. The BTs of 17 oil films of
different thicknesses and seawater are shown in Figure 5a. The BTs of oil films of different
thicknesses exhibit a similar trend. After sunrise, due to solar irradiation, the BTs of the oil
films of different thicknesses and seawater increase gradually, reaching their maximum
around noon (11:00), and then gradually decreases, reaching their minimum before sunrise
(5:00). At the same time, it can be found that under solar irradiation, the BT of the oil film
rises faster than that of seawater, because the oil film absorbs more solar radiation than
seawater. After sunset, due to the lack of solar irradiation, the BT of the oil film decreases
faster than that of seawater.
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The BTD between oil films of different thicknesses and seawater are shown in Figure 5b.
Under solar irradiation, the BT of the oil film rises faster than that of seawater, resulting
in a positive BTD within this time window. When there is a lack of sunlight, the BT of the
oil film decreases faster than that of seawater, resulting in a negative BTD within this time
window. The BTD between oil films and seawater increases with an increasing OT, reaching
its maximum around noon (11:00). The maximum BTD between an oil film of a thickness
of 3000 µm and seawater can reach 15 ◦C at noon. There is a strong correlation between
the BTD and OT, indicating that the retrieval results for oil films of different thicknesses
should be good using thermal infrared data.

3.2. Retrieval Results of OT
3.2.1. Retrieval Results of OT Using Hyperspectral Data

A total of 200 training samples were selected for each thickness, and the remaining
samples were used for testing. The spectral reflectance ratio between each OT and seawater
was used as the input for the SVR model. The RBF was chosen as the kernel function of
the SVR model, with the optimal penalty parameter determined to be 4.59 and the optimal
kernel function parameter set as 0.01 using the grid search method. The retrieval results
for oil films of different thicknesses based on hyperspectral images are shown in Figure 6a.
Overall, the RMSE of oil films of different thicknesses based on airborne hyperspectral
images is 154.31 µm, with MRE of 0.68. Meanwhile, the retrieved values for thinner oil
films show larger discrepancies compared with the measured values, while thicker oil films
exhibit smaller discrepancies. It should be noted that there is no oil film in the first ring,
but some pixels are retrieved as oil films. This is because the airborne hyperspectral imager
uses a standard white board for calibration. For weak reflection targets such as a marine oil
spill, a standard gray board should be used for calibration, which needs be improved in
the next experiment.
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3.2.2. Retrieval Results of OT Using Thermal Infrared Data

A total of 400 training samples were selected for each thickness, and the remaining
samples were used for testing. Due to the strong correlation between BTD and OT, the BTD
between each thickness of oil film and seawater is used as the input for the SVR model.
The RBF was chosen as the kernel function of the SVR model, with the optimal penalty
parameter determined to be 0.125 and the optimal kernel function parameter set as 2 using
the grid search method. The retrieval results of oil films of different thicknesses based on
thermal infrared images are shown in Figure 6b. Overall, the RMSE of oil films of different
thicknesses based on thermal infrared images is 116.59 µm, with an MRE of 0.27, indicating
better retrieval results compared with those based on hyperspectral images. At the same
time, it can also be found that the discrepancies between the inversion values and the
measured values were smaller for thicker oil films compared with thinner ones.
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The thermal infrared imager and the hyperspectral imager are installed on different
airborne platforms, and their imaging angles cannot be completely consistent during the
measurement process. Based on the circular regions in the hyperspectral data, the registered
and cropped thermal infrared image contains some edges of the rings; therefore, there is
some information about the rings in Figure 6b.

3.3. The Suitable OT Range for Retrieval Using Hyperspectral and Thermal Infrared Data

To investigate the suitable range of OT retrieval using hyperspectral and thermal
infrared data, the SVR model was used for OT retrieval. The retrieved OT values were com-
pared with the measured OT values. The retrieval error ranges were set for different OTs in
the figures. If the retrieval error satisfies Formula (5), it indicates that the hyperspectral or
thermal infrared data are suitable for the retrieval of that OT.

|Tr − Tm| ≤ 0.3 · Tm, (5)

where Tr represents reverted OT values (µm), and Tm represents measured OT values (µm).

3.3.1. The Suitable OT Range for Retrieval Using Hyperspectral Data

It can be intuitively seen from Figure 7 that the retrieval results of the OTs that are
greater than or equal to 400 µm using hyperspectral data are all distributed in the error
range of ±0.3T. For example, the retrieval results of an OT of 500 µm are all distributed in
the range of between 350 µm (−0.3T) and 650 µm (+0.3T). However, the retrieval results of
an OT that is less than 400 µm are mainly distributed outside the error range of ±0.3T. For
example, 50% of the retrieval results of an OT of 300 µm are distributed outside the error
range between 210 µm (−0.3T) and 390 µm (+0.3T).
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According to Figure 7, the retrieval results of the Ots that are greater than or equal
to 2000 µm using hyperspectral data are all distributed in the error range of ±0.2T. For
example, the retrieval results of an OT of 2000 µm are all distributed in the range of between
1200 µm (−0.2T) and 1800 µm (+0.2T). In summary, it can be considered that the Cubert
S185 airborne hyperspectral data (with a spectral range of 450–950 nm) are suitable for
retrieving OTs greater than or equal to 400 µm.
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3.3.2. The Suitable OT Range for Retrieval Using Thermal Infrared Data

It can be intuitively seen from Figure 8 that the retrieval results of the Ots that are
less than or equal to 500 µm using thermal infrared data are mainly distributed outside
the error range of ±0.3T. For example, the retrieval results of the OT of 300 µm are not
all distributed within the range between 210 µm and 390 µm. The retrieval results of OTs
greater than 500 µm are all distributed in the range of ±0.3T. For example, the retrieval
results of an OT of 700 µm are all distributed in the range between 490 µm (−0.3T) and
910 µm (+0.3T). In summary, it can be considered that Zenmuse H20T airborne thermal
infrared data (NETD ≤ 50 mK) are suitable for retrieving OTs greater than 500 µm.

Remote Sens. 2023, 15, x FOR PEER REVIEW 12 of 19 
 

 

 
Figure 8. Comparison between OTs retrieved from thermal infrared data and measured OTs (red 
dashed area represents an error range of ±0.1T, blue dashed area represents an error range of ±0.2T, 
and orange dashed area represents an error range of ±0.3T). 

3.3.3. OT Derived from Decision-Level Fusion of Hyperspectral and Thermal Infrared 
Remote Sensing 

We used the decision-level fusion algorithm based on the fuzzy membership degree 
to fuse the OTs retrieved from the airborne hyperspectral data and thermal infrared data. 
Overall, the RMSE of oil films of different thicknesses in the result of decision-level fusion 
reaches 104.53 µm, which is an improvement of 49.78 µm and 12.06 µm compared with 
the retrieval results based on the hyperspectral and thermal infrared data, respectively. 
The MRE of oil films of different thicknesses in the result of decision-level fusion reaches 
0.25, which is an improvement of 0.43 and 0.02 compared with the retrieval results based 
on the hyperspectral and thermal infrared data, respectively. According to Figure 9, the 
retrieval results for OTs greater than or equal to 500 µm in the decision-level fusion result 
are all within an error range of ±0.2T. However, 50% of the retrieval results for OTs smaller 
than 500 µm are outside the error range of ±0.3T. This indicates that the decision-level 
fusion algorithm can effectively synergize the two techniques for retrieving the OT. How-
ever, it is important to note that the decision-level fusion algorithm cannot improve the 
results for thicknesses where both techniques perform poorly. 

Figure 8. Comparison between OTs retrieved from thermal infrared data and measured OTs (red
dashed area represents an error range of ±0.1T, blue dashed area represents an error range of ±0.2T,
and orange dashed area represents an error range of ±0.3T).

According to Figure 8, the retrieval results of an OT greater than 1000 µm using
thermal infrared data are all distributed in the error range of ±0.2T. The retrieval results of
an OT greater than 1500 µm using thermal infrared data are all distributed in the error range
of ±0.1T. This reflects that thermal infrared remote sensing has better retrieval accuracy for
thicker oil films.

3.3.3. OT Derived from Decision-Level Fusion of Hyperspectral and Thermal Infrared
Remote Sensing

We used the decision-level fusion algorithm based on the fuzzy membership degree
to fuse the OTs retrieved from the airborne hyperspectral data and thermal infrared data.
Overall, the RMSE of oil films of different thicknesses in the result of decision-level fusion
reaches 104.53 µm, which is an improvement of 49.78 µm and 12.06 µm compared with the
retrieval results based on the hyperspectral and thermal infrared data, respectively. The
MRE of oil films of different thicknesses in the result of decision-level fusion reaches 0.25,
which is an improvement of 0.43 and 0.02 compared with the retrieval results based on the
hyperspectral and thermal infrared data, respectively. According to Figure 9, the retrieval
results for OTs greater than or equal to 500 µm in the decision-level fusion result are all
within an error range of ±0.2T. However, 50% of the retrieval results for OTs smaller than
500 µm are outside the error range of ±0.3T. This indicates that the decision-level fusion
algorithm can effectively synergize the two techniques for retrieving the OT. However, it is
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important to note that the decision-level fusion algorithm cannot improve the results for
thicknesses where both techniques perform poorly.
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4. Discussion
4.1. The Possibility of Detecting WO emulsions of Different Thicknesses Using Hyperspectral and
Thermal Infrared Remote Sensing

WO emulsions refer to the dispersion of seawater in the form of small droplets within a
continuous phase of crude oil, whereas OW emulsions refer to the dispersion of crude oil in
the form of small droplets within a continuous phase of seawater. WO emulsions represent
a transitional state during the conversion of non-emulsified oil into OW emulsions. Once
they transform into OW emulsions, the difficulty of handling them increases significantly,
making it even more challenging to estimate the amount of spilled oil accurately. There-
fore, accurate monitoring of WO emulsions is essential for the protection of the marine
environment.

Similarly, hyperspectral and thermal infrared images of WO emulsions of four thick-
nesses (500 µm, 1500 µm, 2500 µm, 3500 µm) at different concentrations (100%, 90%, 75%,
60%) were synchronously obtained using the Cubert S185 airborne hyperspectral imager
and the Zenmuse H20T airborne thermal infrared imager. The WO emulsions were pre-
pared in the laboratory using a high-speed dispersion machine and emulsifier according to
the method of Lu et al. [44]. On the basis of analyzing the spectral and thermal responses
of WO emulsions of different thicknesses at the same concentration, the possibility of
detecting WO emulsions of different thicknesses using hyperspectral and thermal infrared
remote sensing is explored in this section.

4.1.1. Spectral Characteristics Analysis of WO Emulsions of Different Thicknesses at the
Same Concentration

WO emulsions exhibit a strong spectral response in the spectral range of near-infrared
and shortwave infrared. Particularly, prominent reflection peaks are observed at ~1650 nm,
~2125 nm, and ~2200 nm, attributed to the absorption of C-H within WO emulsions. The
spectral reflectance of WO emulsions at the same concentrations gradually decreases with
the increase in thickness in the spectral range under 1200 nm (Figure 10a). However, the
spectral reflectance of WO emulsions gradually increases with the increase in thickness in
the spectral range greater than 1200 nm [44,53]. For WO emulsions at different concentra-
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tions of the same thickness, the spectral reflectance of WO emulsions gradually increases
with increasing concentration in the spectral range under 1000 nm. However, the spectral
reflectance of WO emulsions gradually decreases with increasing concentration in the
spectral range greater than 1000 nm (Figure 10b).
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area is a non-atmospheric window, and the red rectangular area represents the spectral range of
airborne hyperspectral image).

In the spectral range of airborne hyperspectral images (450~950 nm), there are dif-
ferences in the spectral response of WO emulsions of different thicknesses at the same
concentration, as well as in WO emulsions at different concentrations of the same thickness.
Therefore, it is theoretically estimated that the retrieval results of WO emulsion thickness
using hyperspectral images should be good. However, this is based on the inference of WO
emulsions of larger thickness intervals in the experimental design. Further experiments
are needed for thickness retrieval of WO emulsions of smaller thickness intervals using
hyperspectral data.

4.1.2. Thermal Characteristics Analysis of WO Emulsions of Different Thicknesses at the
Same Concentration

A total of 400 pixels of seawater and WO emulsions of four thicknesses (0.5 µm, 1.5 µm,
2.5 µm, 3.5 µm) at different concentrations (60%, 75%, 90%) were, respectively, selected,
and the BT of the 400 pixels was averaged to reduce the influence of accidental factors.
The BTs of the WO emulsions of four thicknesses at different concentrations and seawater
are shown in Figure 11a. The variation trend of BTs for WO emulsions of four thicknesses
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at different concentrations over time is similar. After sunrise (4:47), the BTs of the WO
emulsions of different thicknesses and seawater increase over time due to solar irradiation,
reaching their maximum around noon (11:00–13:00), and then gradually decrease until
reaching their minimum before sunrise. At the same time, it can be observed that under
solar irradiation, the BTs of the WO emulsions increase faster than that of seawater. After
sunset (19:02), due to the lack of solar irradiation, the BTs of the WO emulsions decrease
faster than that of seawater, but the BTs of the WO emulsions are always higher than that
of seawater.
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tions over time: (a) BT; (b) BTD.

In contrast to the BTDs of crude oil films of different thicknesses and seawater, the
BTDs of WO emulsions of four thicknesses at different concentrations and seawater con-
sistently exceeds 0 for 24 consecutive hours (Figure 11b). The BTDs of the WO emulsions
increase with the increase in thickness and concentration, with thickness playing a domi-
nant role, and reach their maximum around noon (12:00). The maximum of the BTDs for a
WO emulsion of a thickness of 3500 µm at different concentrations can all reach 23 ◦C at
noon. The BTDs show a correlation with thickness between 10:00 and 14:00, indicating a
certain quantification capability for WO emulsions of different thicknesses using thermal
infrared data. However, further research is needed for thickness quantification of WO
emulsions of smaller thickness intervals using thermal infrared data.
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4.2. Factors Affecting Experimental Results and Applicability

The acquisition of relevant data in the experiment was carried out under relatively
controllable conditions, but there are still many shortcomings that restrict the generalizabil-
ity of the above experimental results to other environments. Factors that may affect the
experimental results are as follows:

(1) Deviations in crude oil quality measurement: The OT is calculated by dividing the
mass of crude oil dropped into the ring with the density of oil and the area of the ring.
According to the preset OT, the mass of crude oil that needs to be dropped into the
ring is calculated. However, due to the limitations of the dropper, the mass of crude
oil in the same ring needs to be weighed repeatedly to reach the desired thickness.
The measurement error will directly affect the accuracy of the OT.

(2) Not completely uniform OT: The oil films are placed in small circular rings to ensure a
uniform diffusion as much as possible. However, it cannot be guaranteed that the OT
of the selected training samples within the same circular ring is completely uniform.
This can affect the accuracy of estimating the OT using the model.

(3) Asynchronicity in data acquisition: The experiment uses an airborne hyperspectral
imager and an airborne thermal infrared imager to obtain the OT data separately.
Although the time interval between the two imaging processes is minimized, the two
sensors are not on the same drone, making it impossible to obtain synchronous data
at the same imaging angle. This can have a certain impact on estimating the OT.

(4) The effects of solar elevation angle, air temperature, wind speed, and evaporation are
not analyzed: The experiment was conducted for 24 consecutive hours. Under certain
sensor sensitivity conditions, a different solar elevation angle can directly affect the
quality of the spectrum and brightness temperature data. At the same time, the oil
film may evaporate with changes in temperature and wind speed, which may affect
the estimation of the OT.

(5) Insufficient consideration of substrate type and environmental factors: Different water
quality conditions, seawater depths, and marine substrate types have different effects
on the reflectance spectra. The size of the plastic tank used in this experiment is limited,
and the experimental environment is relatively ideal, which is significantly different
from the real ocean boundary conditions. This directly affects the effectiveness of the
experimental results in real marine applications.

(6) There is still significant room for improvement in terms of the practical applications
of airborne sensors: Although unmanned aerial sensors have the advantage of ma-
neuverability and flexibility, their single strip imaging width is currently limited by
the sensor’s field-of-view angle and flight altitude. Furthermore, their endurance and
storage capacity can also impact the practical application.

5. Conclusions

This study is a preliminary study on combined retrieval of oil spill thickness using
hyperspectral and thermal infrared remote sensing. Based on the airborne hyperspectral
and thermal infrared data acquired for oil films of different thicknesses, the spectral re-
sponse and thermal response of these oil films were analyzed. The SVR model was used
to perform OT retrieval based on the airborne hyperspectral and infrared data. On this
basis, the suitable range for retrieving the OT using hyperspectral and thermal infrared
remote sensing was investigated. Meanwhile, the decision-level fusion algorithm was
developed to integrate the retrieval results for the OT of hyperspectral and thermal infrared
remote sensing.

The following conclusions can be drawn from this paper: (1) Based on airborne
hyperspectral data and thermal infrared data, the retrieval accuracy (RMSE) of oil films
of different thicknesses using the classic SVR model reached 154.31 µm and 116.59 µm,
respectively. (2) The Cubert S185 airborne hyperspectral data (with a spectral range of
450~950 nm) are beneficial for retrieving thicknesses greater than or equal to 400 µm, and
the Zenmuse H20T airborne thermal infrared data (NETD ≤ 50 mK) are beneficial for
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retrieving thicknesses greater than 500 µm. (3) The result of decision-level fusion based on
the fuzzy membership degree is better than those of the single sensors, indicating that it
can better integrate the retrieval results for OT using hyperspectral and thermal infrared
remote sensing.

Furthermore, factors that may affect the experimental results were discussed, including
deviations in the oil quality measurement, not completely uniform OTs, asynchronicity in
data acquisition, the failure to analyze the impact of solar elevation angle and wind speed
on the estimation of OT, insufficient consideration of substrate type and environmental
factors, and the further improvement of airborne sensors in practical applications. In
addition, the spectral and thermal responses of WO emulsions of four thicknesses (500 µm,
1500 µm, 2500 µm, 3500 µm) at the different concentrations (100%, 90%, 75%, 60%) were
analyzed to explore the possibility of using hyperspectral and thermal infrared remote
sensing to detect WO emulsions.

Next, it is necessary to explore the feasibility of applying relevant experimental results
to real marine oil spill scenarios and spaceborne hyperspectral and thermal infrared remote
sensing, aiming to provide technical support for emergency monitoring of marine oil spills.
Additionally, in the future, hyperspectral and thermal infrared coaxial integrated systems
can be developed to synchronously obtain oil spill images containing different thicknesses
of oil films, and based on this, model applications can be analyzed and carried out.
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