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Abstract
Laser-induced �uorescence (LIF) is an effective, all-weather oil spill identi�cation method that has been
widely applied for oil spill monitoring. However, the distinguishability on oil types is seldom considered
while selecting excitation wavelength. This study is intended to �nd the optimal excitation wavelength for
�ne-grained classi�cation of re�ned oil pollutants using LIF by comparing the distinguishability of
�uorometric spectra under various excitation wavelengths on some typical types of re�ned-oil samples.
The results show that the �uorometric spectra of oil samples signi�cantly vary under different excitation
wavelengths, and the four types of oil applied in this study are most likely to be distinguished under the
excitation wavelengths of 395 nm and 420 nm. This study is expected to improve the ability of oil types
identi�cation using LIF method without increasing time or other cost, and also provides theoretical basis
for the development of portable LIF devices for oil spill identi�cation.

1. Introduction
As the fast development of offshore oil exploitation and maritime transportation, oil spill events caused
by leakages from platforms and collisions of ships frequently occurred and negatively affected maritime
transportation and ocean environment (Fingas and Brown, 2013a; Alves et al., 2016). With the awareness
of the destructive impacts of oil spills, the detection and prevention of oil spill events have become an
important and interdisciplinary topic. Thanks to the international cooperation on the oil spill prevention
and response, such as the International Convention on Oil Pollution Preparedness, Response, and Co-
operation (OPRC), the number of large oil spill events has signi�cantly decreased in the past few
decades. However, medium and small oil spill events (from 7 to 700 ton) still occurred frequently and
endangered ocean environment (ITOPE, 2021). Besides the collisions of ships, medium and small oil spill
events could also be caused by load, unload, ballast, fuel charging, tank cleaning, and various maritime
activities. Re�ned oil, such as diesel, gasoline, and lubricant, are commonly witnessed in medium and
small oil spill events (Loh et al., 2021).

Oil types identi�cation is a �ne-grained classi�cation problem that can help determine the source of
leakage and the plan for responses. Chemical methods, such as chromatographic/mass spectroscopic
analysis on oil samples (Texeira et al., 2014; Bayona et al., 2015), and “oil spill �ngerprint” methods
(Christensen and Tomasi, 2016; Liu et al., 2017; Boehmer- Christiansen, 2008) can provide accurate
inferences on oil spill types. However, these methods usually require in situ sampling and large analytical
equipment. Thus, they could be time-consuming, and usually not �t for medium and small oil spill events.
It is necessary to develop a fast and accurate method for oil types identi�cation in medium and small oil
spill events.

Almost all types of petroleum hydrocarbons (PHCs) have unique �uorometric characteristics, which can
be used for PHC identi�cation on soil, sea water, ice, and other complicated background (Fingas and
Brown, 2013b; Araújo et al., 2021). Therefore, laser-induced �uorescence (LIF) is an effective, all-weather
oil spill identi�cation method that has been widely applied for oil spill monitoring. Brown et al. (1996)
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designed an airborne laser �uorosensors and conducted some �eld tests. Hou et al. (2017, 2019, 2021)
conducted a series of studies on the �uorometric characteristics of aromatic hydrocarbons in different
types of oil, and designed a port-based device for oil spill monitoring based on LIF. Although LIF could
effectively identify the present of oil pollutants, it is di�cult to provide �ne-grained classi�cation between
various types of oil that have similar �uorometric spectra. In order to solve this problem, Chekalyuk and
Hafez (2013) proposed an “Advanced Laser Fluorometry” (ALF) method by using laser with multiple
excitation wavelengths. However, both LIF and ALF methods overlooked the selection of excitation
wavelengths: they usually determine the excitation wavelength based on laser frequency doubling of the
equipment or excitation e�ciency of the material (Brown and Fingas, 2003). Distinguishability is seldom
considered while selecting excitation wavelength. In order to have a comprehensive understanding on the
characteristics of LIF, researchers combined the �uorometric spectra under different excitation
wavelengths and formed excitation-emission matrix (EEM) (Baszanowska and Otremba). EEM introduces
additional information in the dimension of excitation wavelength, and thus potentially improves the
accuracy of oil types identi�cation (Christensen et al., 2005). However, the measurements of EEM are also
costly, time-consuming, and di�cult to applied in real situation (especially for medium and small oil spill
event) (Hou et al., 2017).

Considering the limitations in the previous works on LIF and EEM, this study is intended to compare the
distinguishability of �uorometric spectra under various excitation wavelengths on some typical re�ne oil
samples, and �nd the optimal excitation wavelength for oil types identi�cation using LIF. By examining
and analysing EEMs of different oil types, this study is expected to improve the ability of oil spill
classi�cation using LIF method without increasing time or other cost. Furthermore, this study is expected
to provide theoretical basis for the development of portable LIF devices for oil spill identi�cation.

2. Methodology

2.1 Equipment and material
In the experiment, �uorescence is excited using a laser xenon lamp and collected using a hyperspectral
sensor. An adjustable xenon lamp is used as the light source for excitation in order to collect the
�uorometric spectra at different excitation wavelengths. The model of the laser xenon lamp used in the
experiment is TLS-300XR (Fig. 1a), which is produced by Oriel Instruments, Newport Corporation,
America. The tunable spectral range of the laser xenon lamp is from 300 nm to 1800 nm, and its spectral
resolution is 5 nm. Only the ultraviolet part that is strong enough to excite �uorescence is used for the
purpose of the study.

Intensity of �uorescence is then measured using a portable hyperspectral sensor: Analytical Spectral
Devices (ASD) FieldSpec3 (Fig. 1b). The response spectral range of the device is 350-2500 nm. The
spectral resolution is 3 nm at 700 nm and 10 nm at 1400/2000 nm, and the sampling interval is 1.4 nm
from 350 nm to 1050 nm, and 2 nm from 1000 nm to 2500 nm.
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Sea water and various types of oil samples were prepared for the purpose of the experiment. Seawater
samples were collected in the port of Lingshui, China, in the northern Yellow Sea. Diesel, gasoline, and
two types of lubricant are selected as the objects of identi�cation in this study: (1) 0# diesel, which
solidi�es at 0°C and has a density of 830 kg/m3. It is commonly used as ship fuel; (2) 92# gasoline,
which contains 92% isooctane and 8% heptane, and has a density of 730 kg/m3. It is commonly used as
fuel for small ships; (3) Mobile 0W40, of which the density is 850 kg/m3. It is commonly used as lubricant
for gasoline engine; (4) DAZIRAN CF-4, of which the density is 880 kg/m3. It is a commonly used as
lubricant for diesel engine. Fig. 2 shows the appearances of these four types of oil samples.

Multiple measurements on the �uorometric spectra of oil samples are conducted under different oil
thicknesses and excitation wavelengths in order to form the training dataset for the classi�er, and also
test the robustness of the classi�er (whether the classi�er is able to distinguish oil samples at different
thicknesses). 1 ml, 2 ml, and 4 ml of oil samples are collected using pipette and dropped into glass
bottles with seawater. The bottles with oil samples are placed statically until stable oil �lms are formed.
Since the oil samples used in this study are re�ned oil and relatively easy to spread on water surface, they
did not need to be warmed before use, and usually took less than 1 minute to form stable oil �lms.
However, since some of the oil samples can easily volatilize, the bottles need to be covered with frosted
caps. Additionally, a bottle with only sea water is prepared to measure the background �uorescence.

Oil thickness can be estimated using the diameter of the glass bottle and the volume of the oil sample.
The glass bottles used in the experiments are 40 mm in diameter and 25mm in height. Thus, the oil
thicknesses of 1 ml, 2 ml, and 4 ml oil samples are about 0.8 mm, 1.6 mm, 3.2 mm, respectively. It should
be noted that although the oil thickness is recorded in the experiment, it is not fed to the classi�er in order
to test whether the model is able to recognize the types of oil without pre-knowledge about oil thickness.
1000 �uorometric spectra are collected for each type of oil under each set of oil thickness and excitation
wavelengths. Thus, there are totally 15,000 �uorometric spectra collected to form the training and testing
data under each set of excitation wavelengths. 80% of the collected EEMs are used as training dataset
and 20% of those are used as testing data.

2.2 Experiment design
Fluorometric spectra under different excitation wavelengths are collected in experiments as the training
and testing dataset of the classi�er. The experiment is conducted under dark laboratory condition in order
to prevent the inferences of ambient light on LIF of the oil samples. The range of excitation wavelength
(λex) from laser xenon lamp is set at 355-455 nm, and the step length is set at 5 nm. Therefore, the
�uorometric spectra are collected under 21 different excitation wavelengths. The classi�er makes
prediction using the �uorometric spectra collected under each of the 21 bands, and the optimal excitation
wavelength can be determined by examining the accuracies of classi�cation results under these 21
bands.
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The range of emission wavelength (λem) is set at 370-700 nm at the spectra resolution of 1 nm. Thus,
there are 351 bands in each spectrum. In order to avoid the in�uence from Rayleigh scattering, the
emission wavelengths lag behind the excitation wavelengths by 15 nm. A schematic diagram of the
experiment is shown in Fig. 3a, and a photograph of the experiment setting is shown in Fig. 3b.

1000 �uorometric spectra are collected for each type of oil under each set of oil thickness and excitation
wavelengths. Thus, there are totally 15,000 �uorometric spectra collected to form the training and testing
data under each set of excitation wavelengths. 80% of the collected �uorometric spectra are used as
training dataset and 20% of those are used as testing data.

2.3 Implementations of classi�er
After the �uorometric spectra are collected for the four types of oil at different thicknesses and under
different excitation wavelengths. 21 identi�cation experiments are conducted using the �uorometric
spectra collected under each set of excitation wavelengths. The accuracies of the experiments are
evaluated and compared in order to �nd the optimal excitation wavelength for oil types classi�cation.

Because the types of oil are labelled when taking �uorescence measurements, regular supervised learning
methods that provide more accurate classi�cation with smaller number of calculations are preferable for
the oil types identi�cation task. Bagged random forest (RF) is selected as the classi�er in this study. RF is
a classical method of supervised machine learning that consists of a number of tree-like classi�cation
units and a majority vote (Breiman, 2001). Each classi�cation unit makes prediction based on its own
decision tree. The votes from all classi�cation units are collected and the prediction with largest number
of votes is considered as the �nal output (Liaw and Wiener, 2002). RF is able to handle high-dimensional
data effectively, and has been applied to spectral analysis and classi�cation (Belgiu and Dragut, 2016).

In this study, the whole spectrum that consists of 351 bands is considered as the input data. The size of
output is 4, which presents for the 4 categories of oil used in the experiments. The bagged RF model
consists of 200 tree-like classi�cation units. The working �ow of RF applied in this study is shown as
Fig. 4. The model is constructed using Statistical and Machine Learning Toolbox in MATLAB R2019a, and
trained on a computer of 2.5 GHz Intel i5-7300HQ CPU and 8.0 GB of RAM.

3. Results

3.1 Laser induced �uorometric spectra
The collected �uorometric spectra of oil samples are corrected with those of the sea water sample in
order to eliminate the background �uorescence. Two examples of the processed �uorometric spectra
collected under excitation wavelengths of 385 nm and 420 nm are shown as Fig. 5.

The �uorometric spectra at all 21 different excitation wavelengths can be combined and form EEM in
order to provide better visualization and conduct more comprehensive analysis on the �uorometric
spectra. EEMs generated using the �uorometric spectra of four types of oil are shown as Fig. 6. As shown
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in the EEMs, obviously, there are signi�cant differences in the �uorometric spectra collected under
different excitation wavelengths. Therefore, it is necessary to examine the distinguishability of LIF
method under different wavelengths.

3.2 Oil types identi�cation at different excitation
wavelength
As mentioned above in the methodology part, 21 classi�cation experiments are conducted using the
�uorometric spectra under each of the excitation wavelengths, and the accuracies of all experiments are
compared in order to determine the optimal wavelength. The accuracies of identi�cation results are
quantitatively evaluated through producers’ accuracies (PA), users’ accuracies (UA), and overall
accuracies (OA). PA, UA, OA for the four types of oil under all excitation wavelengths are plotted in Fig. 7.
Additionally, the general accuracy of the model, which is de�ned as the ratio between the number of all
correct predictions and that of all test data, are plotted in Fig. 8.

4. Discussion

4.1 Interpretation of �uorometric spectra
According to the results, the �uorescence intensities of diesel and diesel engine oil are relatively low, and
have similar pattern under the excitation wavelengths of 385 and 420 nm. The �uorescence intensities of
92# gasoline and gasoline engine oil are relatively higher. 92# gasoline has similar peak of �uorescence
at about 450 nm under these two excitation wavelengths; while that for 0W40 shifts from 450 nm to 520
nm under these two excitation wavelengths. The shapes of �uorometric spectra for diesel and diesel
engine oil are visually identical under these two excitation wavelengths. The peaks of �uorescence for
these two types of oil shift from 440 nm to about 500 nm under the two excitation wavelengths, while the
peaks are not as signi�cant as those of gasoline and gasoline lubricant.

According to the generated EEMs in Fig. 6, these four different types of oil have similar peak of
�uorescence at about 450 nm under the excitation wavelength of 380 nm. 0W40 have an additional peak
of �uorescence at about 550 nm under the excitation wavelength of 445 nm. These results generally
conform with the observations of LIF in previous studies (Brown and Fingas, 2003; Christensen et al.,
2005; Baszanowska and Otremba, 2019; Loh et al., 2021).

4.2 Optimal excitation wavelength for oil types
identi�cation
According to the OA of the classi�cation results for the four types oil under all excitation wavelengths
(Fig. 7c), the classi�er has low identi�cation accuracies under the excitation wavelengths from 365 nm to
385 nm. Diesel and diesel engine oil are also di�cult to be identi�ed over 440 nm, while gasoline and
gasoline engine oil also have low identi�cation accuracies from 400 nm to 410 nm.
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Referring to the general accuracy graph (Fig. 8), the model is generally not able to provide very accurate
classi�cation results in the spectral range of excitation laser described above. Combining the OA for the
identi�cation results of all four types of oil, the model is able to achieve identi�cation results with the
highest accuracy under the excitation wavelengths 395 nm and 420 nm. This result indicates that the
four types of oil applied in this experiment are most distinguishable under these two excitation
wavelengths.

5. Conclusion
The selection of the optimal excitation wavelength for �ne-grained classi�cation of re�ned oil pollutants
using LIF is studied through experimental analysis in this paper. Comparing the accuracies of the
identi�cation results using the �uorometric spectra collected under different excitation wavelengths, it
seems that the four types of oil are most likely to be distinguished under the excitation wavelengths of
395 nm and 420 nm. This study provides a guidance to the choices of excitation laser for oil types
identi�cation using LIF method. In the future study, the authors’ team will consider include more types of
oil pollutants (and even the mixture of different types of oil) in the experiment in order to establish an
optimal excitation wavelength for distinguishing between broader types of oil pollutants.
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Figure 1

Photographs of the equipment that are used to collect �uorometric spectra: (a) TLS-300XR laser xenon
lamp; (b) Analytical Spectral Devices (ASD) FieldSpec3 hyperspectral sensor.

Figure 2

Photograph of the oil samples: (a) 0# diesel; (b) CF-4; (c) 0W40; (d) 92# gasoline.
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Figure 3

Experiment setting details: (a) schematic diagram; (b) photograph.
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Figure 4

Overall structure of the bagged random forest (RF) model applied in this study.
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Figure 5

Fluorometric spectra under different excitation wavelength: (a) 385 nm; (b) 420 nm.
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Figure 6

EEMs of four different types of oil used in the experiment: (a) 0# diesel; (b) 92# gasoline; (c) 0W40; (d)
CF-4.
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Figure 7

Accuracies of the identi�cation results on four types of oil under different excitation wavelengths: (a)
users’ accuracy; (b) producers’ accuracy; (c) overall accuracy
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Figure 8

Classi�er’s general accuracies of the identi�cation results under different excitation wavelengths.


