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Abstract: Remote sensing is an important method for monitoring marine oil-spill accidents. However,
methods for measuring oil-film thickness remain insufficient. Due to the stable differences in the
surface emissivity and temperature of oil and water, the oil film can be detected using thermal
infrared. This study measured emissivity of seven different oil-film thicknesses and seven different
American Petroleum Institute (API) densities, and analyzed the spectral characteristics. Results
show an optimal wavelength position for oil-film thickness and fuel API density monitoring is
12.55 um. Principal component analysis and continuum removal methods were used for data
processing. Stepwise multiple linear regression was used to establish relationships between emissivity
and oil slick thicknesses and API densities. Oil-film thickness and fuel API density data were
analyzed by principal component analysis and continuum removal before regression analysis. The
spectral emissivity data was convolved into Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER) and Advanced Very High Resolution Radiometer (AVHRR) thermal bands to
determine potential of the sensor in oil-film detection. The result shows that neither could be used to
estimate thickness. The AVHRR-4 band and band 12 and 13 of the ASTER could be used to separate
oils from water and have potential to distinguish different oil types.

Keywords: marine oil spills; oil-film thickness; fuel APL; spectral emissivity

1. Introduction

With the development of oil extraction and maritime transportation, marine oil-spill accidents
frequently occur, causing severe damage to the marine environment [1,2]. In addition, oil spills contain
aromatic hydrocarbons, which are highly toxic to humans [3]. Oil can also be adsorbed on the coastline
and damages the local ecological environment [4]. Obtaining information on oil spills is essential
for timely action to reduce environmental and ecological pollution. Remote sensing is a detection
technology that can provide macro and dynamic observations and is not limited by geographical
location and human factors, and is one of the most effective means to monitor the diffusion range
and oil thickness following an oil spill [5-7]. Commonly used oil-spill monitoring technologies
include the synthetic aperture radar [8], optical remote sensing [9], and laser fluorescence [10]. The
synthetic aperture radar is widely used in oil-spill detection because of its all-day and all-weather
capabilities [11]. However, synthetic aperture radar satellite measurements are affected by weather
conditions and oil thickness [12]. With the development of charge-coupled device (CCD) cameras,
optical remote sensing gained both higher resolution and lower cost. However, CCDs can be interfered
with by other background information such as reflected sunlight [13]. Laser fluorescence is a form
of active remote sensing with all-weather characteristics, and fuel oil can show strong fluorescence
characteristics to distinguish it from other substances [14]. However, laser fluorescence has obvious
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deficiencies in measuring fuel thickness [12]. Thermal infrared analysis distinguishes oil on the sea
surface by thermal comparison. Because the emissivity of water and oil are different, thermal contrast
is generated, and the emissivity depends on the thickness of the oil slick [15]. During the daytime,
thick oil slicks become warmer than the surrounding water while thinner, detectable slicks appear
cooler. This reverses at nighttime [16,17]. A thin film interference theory-based model is used to
describe the thickness-dependent contrast between the background water and the sea surface covered
by crude oil [18,19]. The thermal infrared emissivity of fuels was measured and analyzed using
statistical methods [20-22]. At the same time, the different emission spectra of the fuels were detected,
and a relationship between the fuel emissivity and the American Petroleum Institute (API) density
was obtained.

At present, thermal infrared technology is widely used in vegetation and soil detection. Among
these [23], the relationship between the emissivity spectrum of the thermal infrared region and the
leaf area index is obtained. The thermal infrared region is used to study soil moisture [24], and it
has been proven that the long-wave infrared band is more accurate than visible-near infrared and
shortwave infrared for the prediction of soil properties [25]. Some studies have applied thermal
infrared technology to fuel-oil measurements, using regression analyses, to test the degree of soil
oil pollution [26], and through experiments have identified midday as the optimal detection time
for oil slicks [27]. The relationship between the wavelength and emissivity of the oil-film thickness
in the range of 0-380 um was obtained by using the thermal infrared band to detect the oil slick
thickness [22]. It was concluded that the thermal infrared emissivity of oil films changes greatly when
they are thin and that the emissivity changes slightly with thickness as the oil-film thickness increases.
It was also concluded that the correlation between emissivity and thickness changes greatly in the
range of 11.7-13 um, and that the correlation is weak. The emissivity changes considerably with an
increase in the oil-film thickness at 11.7 um and 12.55 um, and so can be used to detect the oil-film
spectral response [22]. However, the multicollinearity of the spectrum for statistical analysis was not
considered. In this study, the aforementioned thermal infrared fuel detection methods were integrated.
The thickness of an oil slick was measured in the thermal infrared band, and the data emissivity was
statistically analyzed.

The purpose of this study is to determine the thickness of an oil film by detecting its thermal
infrared emissivity. Considering the multicollinearity of spectral emissivity data, a model was built
using stepwise multiple linear regression. Principal component analysis and continuum removal were
used to reduce the data dimensions. This study also used different fuel types for analysis to determine
the relationship between different oil emissivity and its API density. Different thermal infrared sensors
were also used to resample the spectral data to determine the potential of these sensors for measuring
oil films and identifying fuel types.

2. Materials and Methods

2.1. Experimental Conditions

The experiment was conducted from 15 to 16 August 2019. There were no moving, tall objects in
the vicinity of the experimental site. The measurement time is recommended in the early morning or
late afternoon. At this time, the sample temperature is relatively stable. It can avoid the change of
targets’ temperature caused by atmospheric convection, and avoid the unstable downward radiation
of atmosphere. Also, the temperature of the instrument could remain stable. The mean air temperature
during the experiment was 30 °C. During the measurement, the sky was cloud free and there was no
wind, which may reduce the influence of the atmosphere.

2.2. Oil Sample and Its Measurement

The experiment consisted of two parts. Firstly, water from Bohai Bay was placed into a beaker,
and the fuel (numbered 0) was gradually added onto the water surface. In the oil-film experiment, the
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fuel used was Great Wall Marine Lubricant with a viscosity (100 °C) of 19.9 mm? /s. A Teflon beaker
was used because the Teflon material is not hydrophilic and has no wall hanging phenomenon. The
diameter of the beaker was 190 mm. The beaker was placed directly below the spectrometer, the height
of the tripod adjusted, and the water surface was 1 meter away from the spectrometer lens. Oil was
applied to the center of the water surface with a syringe. The measurement was performed after about
5 min of adding oil, during which the oil could fully spread and reach the same temperature as the
water. After the fuel had fully spread, a thermal infrared spectrometer was used to obtain the oil-film
thermal infrared spectrum. The distribution of oil on the water surface is not uniform and the shape of
an oil film is always irregular. This makes it difficult to calculate the area of oil film directely. Photos of
the oil films were taken and geometric correction performed with ArcGIS (v. 10.0, ESRI). By using the
shape-area calculation fuction in ArcGIS, we could obtain the area of oil films on the water surface. In
the second part of the experiment, the experimental samples were fuels obtained from seven ships.
The fuel was placed in a petri dish under the spectrometer to measure emissivity. The fuels of the
seven ships were numbered from No. 1 to No. 7 and the API density of the seven oils is shown in
Table 1. The fuel used in the experiment is shown in Figure 1.

Table 1. Different American Petroleum Institute (API) density tables for different ship fuels used in
this study.

Sample No. No.1 No.2 No.3 No.4 No.5 No.6 No.7
API 25.04 27.04 28.13 34.99 34.97 33.38 29.30

Figure 1. Fuel used in the experiment; Nos. 1-7 fuel and No. 0 fuel (from left to right).

2.3. Emissivity Calculation Principle

Under clear sky conditions, the thermal infrared radiation at the top of the atmosphere includes
surface thermal infrared emission radiation, thermal path radiation, scattered solar radiation, direct
solar radiation and scattered radiation reflected from the surface, and atmospheric thermal infrared
radiation [28]. For the thermal infrared atmospheric window of 8-14 um, the contribution of solar
radiation was negligible, so the scattered solar radiation, the direct solar radiation reflected from the
ground, and the scattered radiation could be ignored in the radiation transmission equation. The
atmospheric radiation transmission equation in the thermal infrared band can be expressed as:

L(A) = B(Ts,A)e(A)t(A) + [1 —e(A)]Ly (A)t(A) + Ly (A) (1)

where A is the wavelength; L(A) is the radiation brightness received by the sensor; T is the physical
temperature; B(Ts,A) is the black body radiation brightness corresponding to the temperature Ts;
£(A) is the emissivity at the wavelength A; #(A) is the atmospheric transmittance; Ly (A) is the
atmospheric downward radiation; and Ly (A) is the upward radiance of the atmosphere. Because
ground measurements were obtained and the objects were close to the sensor, it can be assumed that
Ly (A) was 0 and #(A) is 1. The radiative transfer equation can be transformed into:

L(A) = B(Ts, A)e(A) +[1 - e(A)]Ly(A) @

Here, L(A) was provided by a 102F portable Fourier transform thermal infrared (FTIR) spectrometer,
which can obtain the infrared thermal spectrum of ground objects with high spectral resolution. A
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temperature emissivity separation algorithm can calculate surface temperature and emissivity. The
unknown quantities in the radiative transfer equation are the surface temperature Ts, the emissivity
£(A), and the downward radiance L (A) of the atmosphere. The downward radiance of the atmosphere
is generally measured by a highly reflective gold plate:

Loanel — € 1B(1 1)
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Li(A) =
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where Lpane is the radiance reflected by the diffuse reflection plate received by the instrument; &gl
is the emissivity of the diffuse reflection plate; and B(T 1) is the black body radiation brightness
corresponding to the diffuse reflection plate. The size was 10 X 10 cm, the surface was gold-plated, and
the reflectivity was 0.6. Therefore, the object emissivity formula is:

_ Lpanel—€panel B ( Tpanel )
L (/\ ) 1-¢ panel

ed =

)

L —& B(T,
B(Ts, /\) _ Lpanel ilia?:ineg panel)

2.4. Instrumentation and Spectral Measurements

The thermal infrared spectrum was measured and recorded by a 102F portable FTIR spectrometer.
The observation range of the spectrometer was between 2-25 pm and the spectral resolution was
2 cm~!. In this experiment, the emissivity range was 8-13 um.

The FTIR spectrometer was fixed on a tripod that was positioned at a height of one meter from
the ground. Liquid nitrogen was added to the spectrometer for cooling prior to the spectrometer
being turned on. Calibration was performed using a black body [29]. In this experiment, the high
temperature was set to 40 °C and the low temperature was set to 20 °C. After the calibration was
completed, the blackbody was removed, the lens was rotated, and the gold plate was placed directly
below the spectrometer lens so that the center of the gold plate covered the entire lens. The downward
radiation of the atmosphere and the temperature of the gold plate were measured by a thermocouple
thermometer. The fixed position of personnel was maintained during the experiment to reduce
atmospheric radiation errors. The gold plate was removed, the oil film was fixed under the lens, and
the surface emissivity of the oil film that formed on the water surface of the petri dish (after the oil-film
diffusion was static) was measured.

2.5. Statistical Analysis

Spectral emissivity data showed strong collinearity between wavelengths, which rendered the
data redundant. The data required processing to eliminate the multicollinearity of the data. This study
principally used the following methods to analyze the measurement data: (1) principal component
analysis; (2) continuum removal; and (3) stepwise multiple linear regression. Principal component
analysis and continuum removal were used to eliminate the multicollinearity and highlight the
significant characteristics of spectral data. The 1st and 2nd principal components were selected to
perform stepwise multiple linear regression, in which the components were input parameters, and
the oil-film thickness was the output. Cluster analysis was used to compare and classify different
fuel data, and the classification results of fuel data were obtained. SPSS25 was used to classify the
fuel data of different ships, and systematic cluster analysis was used for the investigation. The
specific method used the connection between groups, and the measurement interval used the squared
Euclidean distance. This experiment also used Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER) and Advanced Very High Resolution Radiometer (AVHRR) sensors to resample
the data and analyzed the feasibility of the sensor in determining fuel thickness and type [30].
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3. Results

3.1. Emission Spectrum

According to analyses of oil-film spectral data, the oil characteristics became increasingly obvious
with an increase in the oil film thickness. When the oil-film thickness was zero (Figure 2), the emissivity
of water was measured at close to 1. Following the gradual addition of oil to the beaker, the emissivity
was measured after the oil was fully diffused. As the thickness of the oil film increased, the emissivity
of the oil film changed. At around 8.2 um, the emissivity fluctuated slightly with the oil-film thickness.
In the range of 8.5-10.5 um, with the increase of oil-film thickness, the change of emissivity was small
and fluctuated at around 0.95. In the range of 10.5-13 pum, the emissivity changed considerably with the
oil-film thickness, and the overall emissivity showed a downward trend. Furthermore, the emissivity
fluctuated considerably around 11.7 um, 12.55 um, and 12.8 um. These positions are also mentioned
in the research conducted by Xiong [27] and Shih [18]. According to the literature, the measured
emissivity is the combination of emissivity of water and pure oil when the oil film is relatively thin. As
the thickness increases, the contributions of oil become more important. The emissivity fluctuation
was most obvious at 12.55 um, where the largest reflection wave valley appeared. Here the emissivity
of the oil film reached a minimum value of 0.82.

0.92
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Emissivity
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Figure 2. Emissivity data for different oil-film thickness.

Figure 3 shows the emissivity curves of different ship fuel oils. The APl is a measure designated
by the American Petroleum Institute to represent the density of petroleum products. API values of
different fuels are different; the larger the API value, the lighter the crude oil and the smaller the relative
density. The standard temperature is 15.6 °C (60 °f), and its relative density at 15.6 °C is as follows:

141.5

Pl ——M
A Relative density

1315 (5)
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Figure 3. Emissivity data for fuel used by different ships.

The APIs of the fuels of the seven different ships used in this experiment are shown in Table 1.

Figure 3 shows that the trends of the wavelength emissivity curves of the fuel used by different
ships were the same. However, there was a significant difference in emissivity between different
fuels, whereby the emissivity of the fuel decreased with an increase in wavelength. At 8-10 um, the
emissivity (0.95) changed a little with an increase in the wavelength. However, at 10-13 um, with the
increase of wavelength, the emissivity of the fuel decreased rapidly, among which there were obvious
troughs at 11.6 pum and 12.55 um. This was the same position as the trough of the oil film in water. The
lowest point of the fuel emissivity occurred at a wavelength of 12.55 pm, and the lowest value was 0.2.
According to the API density of different fuel varieties, shown in Table 1, it was found that the overall
trend of the emissivity curve did not change with an increase in the wavelength. However, the larger
the API density, the larger the emissivity reduction range and the higher the peak value.

3.2. Cluster Analysis

The fuel classification results obtained by different ships are shown in Table 2.

Table 2. Clustering results of fuel for different ships.

Stage Cluster 1 Cluster 2 Coefficient
1 4 5 0.026
2 4 6 0.099
3 2 3 0.156
4 2 7 0.454
5 1 2 0.662
6 1 4 8.998

The stages in Table 2 indicate the order of clustering. Clusters 1 and 2 represent the fuel type, and
clustering coefficients indicate the degree of the clustering effect. As can be seen from Figure 4, the first
stage was to cluster No. 4 oil and No. 5 oil, and the clustering coefficient between the two was 0.026.
Clustering was performed for No. 4 oil and No. 6 oil with a clustering coefficient of 0.099. Figure 4
shows the pedigree chart using an average join classification. The clustering results are the same as
those in Table 2.



J. Mar. Sci. Eng. 2020, 8, 135 7 of 14

7

B

1

Figure 4. Cluster tree of different ship fuel oils.

By comparing the API values of the fuel oil for each ship (Table 1), it was found that the oil with
a similar API value was always clustered first and that the APIs of No. 4 oil and No. 5 oil were the
closest. They were, accordingly, combined into one group in the cluster analysis. The API difference
between No. 2 o0il and No. 3 oil was 0.09, in which the difference was the second smallest. This was
accordingly clustered in the second step in the cluster analysis. The API difference between No. 1 oil
and No. 4 oil was 9.95, the largest API difference among the fuels used in the experiment. This was
ultimately integrated into one group in the cluster analysis.

3.3. Multiple Stepwise Linear Regression

Because of the multicollinearity of the original spectral data, if the original data was used to
perform multiple linear regression, the variance of the regression coefficient may be increased. At
the same time, it is easy to mistake the important explanatory variable as an insignificant variable,
resulting in the invalidation of the predictive function of the model. The larger variance will enlarge
the prediction interval and render the prediction meaningless. The principal component analysis is a
statistical correlation method for the investigation of the correlation between multiple variables. The
analysis can reveal the internal structure of multiple variables through a few principal components.
This analysis derives a few principal components from the original variables so that they retain
as much information as possible about the original variables, and are unrelated to each other [31].
The continuum removal method can effectively highlight the characteristics of the spectral curve
and normalize it to a consistent spectral background. This is advantageous for the comparison of
characteristic values with other spectral curves [32]. The continuum removal method did not change
the position of the sensitive wavelength, and could more effectively compare the spectral characteristic
values, highlight the characteristics of the response spectrum, strengthen the characteristic shape of the
spectral curve, and enhance the identifiability. Through principal component analysis and envelope
curve removal, the main components of the spectral data were extracted, the dimensionality of the
spectral data was reduced, and the multicollinearity was eliminated. The processed data were fitted by
multiple stepwise regression, and the relationship between the predicted value and the actual value
was obtained.

The principal component analysis method was used initially to reduce the dimensionality of the
data. The principal component analysis was performed using SPSS (v. 25, IBM), where the variable is
the emissivity at each wavelength. For the oil-film thickness emissivity data, four main components
were extracted, and the cumulative contribution rate was 99.8%. Multivariate stepwise regression
was used for fit modeling, and the results are shown in Figure 5a. The R? of this model is 0.864.
When calculating different API fuel oil data, the principal component analysis was used to reduce the
dimension of the data [25]. During the principal component analysis of different fuel emissivity data,
a total of three principal components were extracted, and the cumulative contribution rate reached
99.6%. Multiple stepwise linear regression was applied to fit the fuel emissivity data of different ships
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and the result is shown in Figure 5b. The R? is 0.957. The models of emissivity and different oil-film
thickness, and emissivity and different fuel AP]I, all fit well.
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Figure 5. (a) Multiple stepwise regression image after dimension reduction by principal component
analysis of emissivity data of different fuel film thickness; and (b) multiple stepwise regression
image after dimension reduction by principal component analysis of emissivity data of different API
fuel densities.

Continuum removal of the original emissivity data with different thickness and multiple linear
regression analysis was conducted on the obtained data (Figure 6a). The R? of the model is 0.920.
Figure 6b shows the multiple stepwise linear regression for different API fuels after the continuum
removal. The model R? is 0.983. Based on the above fitting figures, the data processed by continuum
removal had a positive effect on the prediction of oil-film thickness and API density.
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Figure 6. (a) Multiple stepwise linear regression image after continuum removal of different fuel film
thicknesses; and (b) multiple stepwise linear regression image after continuum removal of different
API fuel densities.

3.4. Thermal Infrared Sensor Data Simulation

To simulate the spectrum from airborne or spaceborne sensor images, the spectral resolution of
ASTER and AVHRR was resampled [33,34]. The wavelength and full width at half maximum (FWHM)
information of ASTER and AVHRR were obtained, and the spectral resampling module in ENVI (v.
5.5, Harris Corporation) used to resample the spectrum. ASTER can obtain information from visible
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light to the thermal infrared spectrum. It also has a range of surface image data with high geometric
and radiation resolution [35-37]. AVHRR has high time resolution, wide-coverage, and a low price,
which is useful for capturing rapid dynamic changes on the ground and is conducive to high-density
dynamic remote-sensing research [38]. The data was used to resample the spectral emissivity obtained
in the experiment to determine the potential for fuel detection in the thermal infrared band.

Figure 7 shows the resampling results of different oil-film thickness emissivity spectra for different
satellite sensors. The resampling spectrum of ASTER (Figure 7a) shows the resampling spectrum of
different oil-film thickness. According to the resamped spectrum, the oil could be separated from water
easily, while the thickness of oil film could not be estimated because of the similarity of emissivity of
each film. Figure 7b shows the resampling spectrum for different API fuels. It was observed that in
the ASTER resampling spectrum, two frequency bands can be used to distinguish between different
fuel types. The bands are band 12 (8.925-9.275 um) and band 13 (10.25-10.95 um). Figure 8 shows the
results of the resampling of different oil-film thicknesses and different API fuels using the AVHRR.
Figure 8a displays the emissivity spectra of different oil-film thicknesses convolved to the AVHRR
sensor. AVHRR has two thermal infrared bands; the channel range that can be used to verify the oil-film
thickness is AVHRR-4 and the wavelength range is 10.5-11.3 pm. Figure 8b shows the resampling
spectrum for the emissivity of different API fuels. It was found that the AVHRR-4 could be used for
oil spill detection. It has the potential to separate different oils from each other. It is quite difficult to
estimate the thickness of oil film.
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Figure 7. (a) Resampling spectra of the fuel film thickness emissivity using Advanced Spaceborne
Thermal Emission and Reflection Radiometer (ASTER); and (b) resampling spectra of the emissivity of
different API fuel densities using ASTER.
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Figure 8. (a) Resampling spectra of fuel film thickness emissivity using Advanced Very High
Resolution Radiometer (AVHRR); and (b) resampling spectra of emissivity of different API fuel
densities using AVHRR.

4. Discussion

In this experiment, the emissivities of different oil thickness and API fuel were measured. The
emissivities of different fuel film thicknesses differed in the range of the thermal infrared band, and
the main wave peak was between 11.5 um and 13 pm. The position of the peak of the infrared
spectrum was largely determined by the atomic mass and the chemical bond strength of the vibrating
functional group [39]. Different functional groups have different atomic masses and chemical bond
strengths. Therefore, different structures from the peak position of the thermal infrared spectrum can
be determined.

In the measured emissivity spectrum, two distinct emissivity troughs appeared, at 11.7 pm and
12.5 um. This is because the fuel contains a benzene ring containing aromatic bonds, which make its
chemical properties and infrared spectrum unique [40]. The absorption peak position of the benzene
ring was 14.7-14.9 um, forming a single absorption band. Because the benzene ring contains six
hydrogen atoms, each hydrogen atom can be replaced by other groups, so a substituted structure of the
benzene ring is formed. The mono-substitution absorption position is between 12.9-14 pm. Because of
the unique structure of the benzene ring, the disubstituted content is divided into m-disubstituted,
o-disubstituted, and p-disubstituted. For the ortho-disubstituted, the position of the absorption peak is
usually between 13-13.7 pm and the absorption diagnostic peak of the o-disubstituted is 12.3-13.3 pm.
In addition, a ring-bending peak appears at 14.5 um. There is no loop bending for the p-disubstituted,
so the only absorption diagnostic peak is between 11.6 pm and 12.6 um [41]. Because of the existence
of p-disubstituted and m-disubstituted in fuel oil, the emission spectrum of p-disubstituted decreased
at the wavelength of 11.7 um, and that of m-disubstituted decreased at the wavelength of 12.5 um.

Some experiments have used partial least square regression [42] or support vector machines [43]
to establish models to predict the API density of fuel oil. In this experiment, the multiple stepwise
linear regression method was used to predict the API density of fuel oil, and valuable results were
obtained. At the same time, it is demonstrated that the emissivity of the fuel decreases with the increase
of the API density, which confirms previous experimental results [44].

Figure 9 presents the wavelength emissivity data in the form of a contour map of different oil-film
thickness and wavelength emissivity. The abscissa represents the wavelength, the ordinate represents
the oil-film thickness, and the color band represents the fuel emissivity. From Figure 9a the most contour
information can be observed at A, and the emissivity changes most obviously with the oil thickness.
Therefore, near point A is the wavelength position (12.55 pm) where the thickness of the oil film is
optimal. Figure 10 shows the difference between the emissivity of the oil film and the fuel emissivity
of each oil-film thickness. From Figure 10, it can be observed that as the wavelength increased, the
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oil-film emissivity difference gradually increased, with the largest difference in emissivity at 12.55 um.
The maximum difference was 0.16, and a significant difference in emissivity also appeared at 11.7 um.
In conclusion, it can be seen that 12.55 um is the optimal wavelength location for testing the fuel
thickness, and 11.7 um can also be used as the wavelength location for testing the fuel film thickness.
This finding also conforms to the most sensitive region location for the fuel film thickness measured
in the thermal infrared band experiment [27]. Taking the influence of atmosphere into account, the
spaceborn sensors may have limited ability to distinguish oil films with different thicknesses or APIs.
However, it still has the potential to separate less viscous, light oils form more viscous, heavy oils, if the
hyperspectral thermal sensors are used [45]. The content of this paper will provide some reference for
the thermal infrared hyperspectral spaceborne sensor to monitor oil spills in the future. In Figure 9a
the ordinate represents the API value of different fuels, and the color band represents the emissivity
value. From Figure 9b it is observable that in the range of 8.0-11.5 pum, as the fuel API value increased
the emissivity did not change considerably, so this area cannot be used as a band to test the fuel API.
As the API value increased at B, the contour line changed significantly, so B is the optimal wavelength
position (12.55 pm) for testing the API value of the fuel. As the fuel API value increased at A, the fuel
emissivity also changed, however, the trend is not as obvious as at B. This is also a useful wavelength
position (11.7 um) for testing the fuel APL
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Figure 9. Contour maps of (a) different fuel film thickness and wavelength emissivity; and (b) API fuel
density and wavelength emissivity for different fuels.
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5. Conclusions

In this experiment, the thermal infrared spectra of different oil-film thicknesses and the thermal
infrared spectra of different API fuels were measured. Multiple stepwise linear regression was used
to build the model. Principal component analysis and continuum removal were used to reduce the
dimensional data and reduce factor model errors due to multicollinearity. Stepwise multiple linear
regression was performed using the processed data. Cluster analysis was used to cluster different
types of fuels. The clustering order was based on the fuel API value. The closer the API values of
the two fuels, the earlier the clustering was performed. The API values with the largest difference
were merged at the end of the cluster analysis. This experiment also convolved the emissivity spectra
to ASTER and AVHRR channels to assess the ability of these sensors to distinguish the oil film with
different thickness and crude oil variety. The results show that the ASTER and AVHRR-4 could be
used to detect oil films on the water surface. Neither of the two sensors has the ability to estimate the
thickness of oil film. Bands 12 and 13 could be used to identify different types of fuel. The AVHRR-4
channel has the potential to identify different fuel types. The assessment only considered the band
number and spectral response function. The influences of instrument noise, atmosphere, and the
observation geometry are not taken into account. In order to obtain more accurate result, real thermal
infrared remote sensing images will be used in future work to estimate the capability of sensors in
oil-film detection and mornitoring.
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