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ABSTRACT
This paper presents a technique for tracking of oil slicks movement using synthetic aperture radar (SAR) and external force data with optimal coefficients. The
detected oil from the SAR image is used as input data for tracking model, and wind
and tidal current data are used as external forces to determine the displacement of oil
slick. Forward and backward trackings were performed using a set of 4 SAR images
observed at the time of the Hebei Spirit accident in 2007. The movement vectors are
calculated using wind and tidal current with various coefficients. All tracking results
show more than 56% accuracy. The new linear equations were calculated using coefficient values with the highest accuracy and velocity values of wind and tidal current.
The modified equations were used to back-track from the satellite observation time to
the accident occurrence time. The simulation results shows that most of the particles
of the spread oil traced back around the point of the accident with little exceptions to
some particles which shifted more than the oil spill. This is because the spill time of
the particles are different from each other. Thus, the proposed method will contribute
to the quick response activities and the estimation of location for the source of oil
pollution.

1. INTRODUCTION
The response technology for oil spill on the ocean
can be classified into three types according to the purpose,
namely prevention of further spillage, on-site monitoring
and risk assessment, and response activity. The monitoring
and assessment include the generating geographical information such as the location and movement direction and the
quantitative information such as thickness and volume of
the spilled oil. The generated information can be efficiently used to carry out the response activity and the strategy
modification according to change of the pollution situation
(IMO 1988). For this reason, there has been a considerable
need to improve the accuracy for the techniques of oil detection (Brekke and Solberg 2005; Solberg et al. 2007; Yang et
al. 2013) and movement prediction (Castanedo et al. 2006;
Cucco et al. 2012; Zodiatis et al. 2012).
Forward and backward trackings of oil particles in time
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can provide the future location of oil slicks and the source
of an oil spill (Ciappa and Costabile 2014; Kim et al. 2014;
Suneel et al. 2016; Tian et al. 2017). This information is
very useful for oil pollution response activities. Many systems have been developed to track the trajectory of spilled
oil, such as OSCAR (Oil Spill Contingency and Response
model), GNOME [General National Oceanic and Atmospheric Administration (NOAA) Operational Modelling
Environment], MEDSLIK (3D Oil Spill Model around the
Mediterranean, the Black Seas and worldwide), and ADIOS
(Automated Data Inquiry for Oil Spills) (Reed et al. 1995;
Bergueiro et al. 2006; Zodiatis et al. 2012). However, these
models include errors due to local characteristics, i.e., they
used fixed values for the coefficient of input marine weather
data. Hence, a calibrated model that reflects regional marine
and meteorological characteristics is essential.
Numerous studies have been carried out to improve
the accuracy of prediction results (Xu et al. 2013; Tian et al.
2017). In particular, the technologies that combine oil through
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satellite imagery and movement models have resulted in significant performance improvements (Yu et al. 2016). Tian et
al. (2017) introduced a new method to calibrate Lagrangian
model with a set of 4 ENVISAT-ASAR images. They suggest that optimal coefficients of input marine weather data,
current drift coefficient of 0.4414, wind drag coefficient of
0.0338, wave drift coefficient of 0.5180. Kim et al. (2014)
suggested the modified linear equation optimal to estimate
optimal wind drift coefficient. These studies, however, did
not take into account the spatial changes of tidal current and
wind which may cause a large error in coastal waters of shallow waters with varying bottom topography.
In this paper, we have introduced the forward- and
backward-tracking simulations to predicted oil trajectories
using satellite images. Using a set of 4 synthetic aperture radar (SAR) images, the optimal coefficients for tidal current
and wind in each simulation case were suggested. In order
to consider the spatial changes new coefficient values were
calculated by using the optimal coefficients of each simula-

tion case. This method was applied to the Hebei Spirit oil
spill accident and quantitatively comparison was carried out
with the previously used tracking method.
This paper is organized as follows. In section 2, data
are described including the satellite images, wind and tidal
current, followed by the description of methodology in section 3. In section 4, the results are presented, and concluded
in section 5.
2. DATA

2.1 Satellite Data
In this study, four SAR images acquired by ENVISATASAR, RADARSAT-1, and TerraSAR-X were used for initial position of oil particle and comparison with the simulation results. Figure 1 illustrates the coverage areas, and
Table 1 shows the data acquisition time, sensor mode, polarization, swath width, spatial resolution, wind direction, and
wind data at the Automatic Weather System (AWS) stations

Fig. 1. Coverage of satellite image after the Hebei Spirit oil spill. The boxes represent the boundary of different SAR images as indicated in the
legend. The red mark represents location of the oil spill accident.

Table 1. Parameters of satellite sensors and wind data at each acquisition time.
Satellite

ENVISAT ASAR

RADARSAT-1

TerraSAR-X

ENVISAT ASAR

Acquisition time (LT)

2007.12.11 10:40

2007.12.11 18:31

2007.12.13 06:44

2007.12.14 10:45

Polarization

VV

HH

VV

VV

Incidence angle (deg.)

31.0 - 36.3

31 - 39

31.8 - 40.5

19.2 - 26.7

Nominal resolution (m) (range/azimuth)

150/150

25/27

18.5/18.5

150/150

Wind speed (m s-1)

5.6

6.3

4.3

6.9

Wind direction (deg.)

338.0

347.0

323.1

339.0
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closest to the centroid of the slick areas at each satellite data
acquisition time. For SAR data, the radiometric calibration
was first made to calculate normalized radar cross section
(NRCS), and geometric correlation was also applied.
2.2 Current
The surface current data obtained from Environmental
Fluid Dynamics Code (EFDC) (Craig 2012). This model coordinates were generalized by orthogonal curvilinear horizontal and vertical sigma coordinates. It is a 3-dimensional
hydrodynamic model based on continuity, momentum, salt
balance, and heat balance with hydrostatic and Boussinesq
approximations. The model developed at the Virginia Institute of Marine Science (VIMS) and recommended by US
Environmental Protection Agency (EPA) for environmental
applications. In this study, we used the surface current without wind effect using by the EFDC model with grid spacing
of 500 m (Yang et al. 2009). Surface tidal current data covering the study area were generated at intervals of 30 min.
At the oil particle position at a specific time, the velocity
data is designed to bring the data of near-real time at 30 min
interval.
2.3 Wind
The wind field over the sea area is acquired from the
Korea Meteorological Administration (KMA) (https://data.
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kma.go.kr/cmmn/main.do). The data contain the wind speed
and direction averaged over 1 min at 1 min intervals at different heights. In order to convert the wind into sea surface
wind at a height of 10 m Hellman exponential law was used.
Wind data were obtained from 19 AWS stations around the
position of collision. And, we used the interpolation method
to generate the wind field data of the study area every 30 min.
3. METHODOLOGY

3.1 Oil Particles from SAR Images
In this study, we have distinguished the oil and sea pixels around the oil spill area using threshold value. Then, the
oil slick areas were determined by analyzing the histograms
of NRCS in region of interest and visual inspection on the
basis of response reports for the Hebei Spirit oil spill. In
order to enter the information of the oil detected from the
SAR image into the model, the positions of the detected
slick areas were coordinated (Fig. 2). The oil information
detected in the SAR images was extracted in the binary image format. In order to generate the oil particles which used
as initial data in the model, the image was divided by a certain grid spacing and the position information of the grid
contained in the oil area was extracted. In this study, the
position information is assumed to be oil particles. Since the
size of the oil area extracted from each SAR image is different, a resampling process was performed using the adjusted
lattice spacing to unify the number of input oil particles.

Fig. 2. Oil detection results from SAR images. Black, red, blue, and magenta marks represent oil particles from ENVISAT-ASAR (2007.12.11 10:40
LT), RADASRSAT-1 (2007.12.11 18:31 LT), TerraSAR-X (2007.12.13 06:44 LT), and ENVISAT-ASAR (2007.12.14 10:45 LT) respectively.
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The adjusted lattice spacing was set so that the number of
extracted oil particles was close to 900, and those unified oil
particles were calculated using a random sampling method.
3.2 Tracking Model
Spilled oil on the ocean surface moves with the current
flow and its fate is regulated by various processes such as
evaporation, emulsification, natural dispersion, beaching,
etc. (Reed et al. 1999). The accurate prediction of the oil
movement and fate requires various environmental conditions such as winds, currents, waves, turbulence, salinity,
temperature, solar insolation and bottom topography in
shallow water, etc. Thus, sophisticated prediction models
involve complex computational processes and numerous input data (Reed et al. 1999; Korotenko et al. 2004; Zodiatis
et al. 2012). However, some response systems have used
models that take into account only the essential elements for
quick response (Castanedo et al. 2006; Abascal et al. 2009),
and used satellite data to improve the accuracy (Dietrich et
al. 2012; Xu et al. 2013; Kim et al. 2014). In this study, a
model is designed to use satellite data as initial input data.
Also, wind and current velocity with the drift coefficients
are applied as external force (Fig. 3). The two-dimensional
Lagrangian transport model is used to calculate the trajectories of oil slicks. It takes the particles’ positions in the
following way: at every step, the movements induced by
wind, current and turbulent diffusion are computed for each
oil particle, and then the new position of each particle is
obtained by super positioning of its movement and current
position. The equations are as follows:
xit+∆t = xit + vit∆t + ud

(1)

xit-∆t = xit - vit∆t + ud

(2)

where Eqs. (1) and (2) represent forward and backward
tracking methods, respectively, and xit and xit ± ∆t are location
of the ith particle at the times of t and t ± ∆t, respectively; and
vit is the velocity of the ith particle at the time of t, calculated
as the linear combination of the wind and current velocities,
expressed as:
vit = CcCit + CwWit

(3)

where Cit and Wit are the surface current velocity and wind
velocity, respectively, where the subscript i and superscript
t indicate the particles’ location and time, respectively. The
wind velocity is at 10 m height over the sea surface. ud is the
turbulent diffusive velocity:
ud = (2R - 1)√(cEv∆t)

(4)

where R is a random number in the interval between 0 and
1, Ev (10 m2 s-1) is the turbulent coefficient, and c (12) is a
scaling coefficient (Proctor et al. 1994; Dietrich et al. 2012).
3.3 Tracking Simulation
The process of oil slick tracking involves both advective
and diffusive velocities. The diffusion velocity is dominated
by random walk, and weathering processes including evaporative and decaying processes as well as diffusive velocity
have not been incorporated into this model. The forwardand backward-tracking simulations were carried out for 3

Fig. 3. Design of forward- and backward-tracking models using satellite images. In the calibration step, simulation were carried out for a total of 6
cases to estimate optimal drag coefficients.
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cases. In the case 1 of the forward-tracking model, the oil
particles from EVISAT-ASAR image were inputted into the
simulation as initial data for generation of trajectories at the
acquisition time of RADARSAT-1 image. In the same way,
the RADARSAT-1 and TerraSAR-X images were used as
the initial data for the cases 2 and 3 respectively. The backward simulation is in the reversed direction in time to the
forward simulation. For example, in the case 1 the image of
RADARSAT-1 is input and simulated up to the observation
time of ENVISAT-ASAR. The simulation time of each case
was set as the difference of observation time of satellite images. The case 1 had the shortest difference time of 7 h and
51 min between the start and end time, and the case 2 had the
longest time of 36 h and 13 min (Table 2). To get an optimal
combination of two coefficients in Eq. (3), namely Cc, Cw,
quantitative evaluation of simulation was carried out using
various marine environmental information. The tidal current
drift coefficient was applied in the range of 100 - 120% at
1% interval. Also, the movement simulation of oil particles
was simulated using wind drift coefficient with values ranging from 1 - 5% at intervals of 0.1%. In order to calculate the
optimum coefficient value, a total of 1020 simulation results
and the satellite data were compared quantitatively. Quantitative evaluation was done by lattice cells method (Kim et al.
2014). In the present study, the same cell size (500 × 500 m)
as the current and wind fields were used. The results of the
calculation of optimal coefficients are described in details in
section 4.

for determining accuracy is the temporal and spatial variation
of marine weather data. Figures 5 and 6 show time series
data of the wind and tidal current at the midpoint of the detected oil area from each satellite. Tidal current shows repetitive changes in the north-south direction, and the velocity
shows almost the same value (Fig. 6). However, it shows a
somewhat weaker speed in the last detected oil area (Fig. 6d).
Wind variations, on the other hand, vary greatly with time
and space (Fig. 5). In case 2, relatively weak winds were observed, while in case 3, strong winds persisted in the south
direction. In addition, the last detected oil area showed a very
different wind change pattern from the other areas (Fig. 5d).
Therefore, the reason for the relatively low accuracy of case
3 is that it uses a fixed coefficient value without considering
the change of the temporal and spatial marine weather data.
In order to perform the simulation considering the temporal and spatial changes of the marine weather data new
coefficient values were calculated using the coefficients applied when the highest matching results were obtained.

Cc’ = aCit + b

(6)

4. RESULTS

Cw’ = cWit - d

(7)

The accuracy of the simulation results is compared with
the satellite observation information. Figure 4 shows the forward- and backward-tracking comparison results which have
highest matching rate of over 56%. Table 3 shows the values
of the highest matching ratio among the results of the simulation and the values of the tidal current and wind coefficients
applied to the simulation. In this study, only two-dimensional
wind and current information were used as external forces;
thus, factors like weathering effect and bottom topography
were not considered. Indeed, in coastal waters the external
force due to waves can be an important factor in determining the movement of oil particles. Another important reason

The coefficients a, b, c, and d are given by 46.699 × 10-2
(s m-1), 75.523 × 10-2, 0.911 × 10-2 (s m-1), and 1.518 × 10-2,
respectively (Fig. 7). This formula can reflect the time and
spatial changes of wind speed and tidal current. However,
when used in other areas, it must be checked for suitability.

4.1 Estimation of Optimal Coefficient

v’it = Cc’Cit + Cw’Wit

(5)

where v’it is the advection velocity of ith oil particle at the
time of t. Cc’ and Cw’ are the calculated current drift and
wind drag coefficients, respectively:

4.2 Backward-tracking of the Hebei Spirit Accident
The purpose of backtracking is to locate the source
of the pollutants or resource exploration. In this study, we
evaluated the possibility of backward-tracking in time to
the location of the Hebei Spirit accident in 2007 using only

Table 2. Start and end times for forward and backward tracking simulation and time difference for cases 1 - 3.
Forward: Start time (LT)
Backward: End time (LT)

Forward: End time (LT)
Backward: Start time (LT)

Time difference

12.11. 18:31

7 h 51 min

Case 2

12.11. 18:31

12.13. 06:43

36 h 13 min

Case 3

12.13. 06:43

12.14. 10:45

28 h 01 min

Case 1

12.11. 10:40
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(a)

(b)

(c)

(d)

(e)

(f)

Fig. 4. Comparison between observed and forward- and backward-simulated oil slicks for case 1: (a) and (b), case 2: (c) and (d), and case 3: (e) and
(f), respectively. Left and right column represent forward- and backward-tracking results. The black and red marks represent observed and simulated
oil slicks, respectively. The black marks in (b) extracted from ENVISAT-ASAR (2007.12.11 10:40 LT). The observed oil slicks in (a), (d), and (c),
(f) detected from RADARSAT-1 (2007.12.11 18:31 LT) and TerraSAR-X (2007.12.13 06:44 LT), respectively. The black marks in (e) represent
observed oil slicks from ENVISAT-ASAR (2007.12.14 10:45 LT).
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Table 3. Highest matching rate between simulation result and satellite data, and the
drag coefficients of tidal current and wind.
Forward

Backward

Condition (%)

Matching Rate

Condition (%)

Matching Rate

Case 1

Cw: 1.0, Cc: 114

69.32

Cw: 2.0, Cc: 101

56.22

Case 2

Cw: 1.3, Cc: 103

91.08

Cw: 1.3, Cc: 113

76.76

Case 3

Cw: 3.1, Cc: 110

69.10

Cw: 2.9, Cc: 100

72.59

(a)

(b)

(c)

(d)

Fig. 5. Wind vector at the center of detected oil area from each SAR image during simulation time. The light grey, grey, and dark grey boxes represent the duration of case 1, 2 and 3, respectively.
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(a)

(b)

(c)

(d)

Fig. 6. Tidal current vector at the center of detected oil area from each SAR image during simulation time. The light grey, grey, and dark grey boxes
represent the duration of case 1, 2 and 3, respectively.

(a)

(b)

Fig. 7. Scatter diagram of the drift coefficients and speed. (a) and (b) represent wind speed and tidal current speed, respectively.
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wind and tidal current data with improved linear equations.
The KOMPSAT-2 image was used as the input satellite data
for its observation time was closest to the time of the accident among other satellite data (Yang et al. 2009). KOMPSAT-2 can acquire panchromatic image of 1 m resolution
and four bands multispectral images of 4 m resolution. In
this study, we used the multispectral image to extract oil
spilled area. As the oil has continuously spilled out from
the accident time to the satellite observation time, it is not
appropriate to use the entire oil detection result as input data
for the backward-tracking model. Therefore, it is necessary
to perform backtracking by separating the oil from the satellite image at the time similar to the time when the accident
occurred. In order to distinguish the spilled oil at the beginning of an accident based on the position of the detected oil
in the satellite image, one oil particle was forward-tracked
from the accident location to the KOMPSAT-2 observation
time. The simulation result shows that spilled oil at the time
of the accident moved from the location of the Hebei Spirit
accident to the south-eastern coast. Therefore, the detected oil particles located in this area were assumed to be oil
spilled at the time of the accident. The oil particles in the
grey box in Fig. 8 were entered as initial position of oil particles and backward tracking was performed at the time of
the accident (Fig. 9). It was confirmed that the oil particles
move close to the point of accident with time while showing
the characteristic of repetitive motion by strong tidal current. The distance error of the backward tracking result was
quantitatively evaluated using the positions of backtracked
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oil particles corresponding to the accident time within 3 h.
From the distance between the 765 oil particle positions and
the accident location, it is found that the minimum error is
0.08 km, and the maximum error is 16.14 km with an average error of 6.43 km. The results of this model show that
the use of the coefficient correction formula and satellites
can predict the direction of oil particle movement and the
oil position including errors within several km even if only
wind and current are used. Therefore, when satellite and
correction formula are used, it is possible to obtain information useful for establishing an initial response plan for an
oil spill accident using minimum information. For more accurate error analysis, it may be necessary to use a nonlinear
equation-based simulation model that takes account of the
acceleration of oil particles during backtracking. In addition, a simulation is required that takes the actual emission
time of the input particles of the simulation into account.
5. CONCLUSIONS
This paper presents a technique for fast tracking of
oil slicks movement using SAR and marine weather data
with optimal coefficients. Forward- and backward-trackings
were performed using 4 SAR images observed at the time
of the Hebei Spirit accident in 2017. All tracking results
show more than 56% accuracy. The new linear equations
were calculated using the highest accuracy calculated coefficient values, and wind and tidal current velocity values.
The modified equations were used for back-tracking from

Fig. 8. The black marks indicate oil detection result from KOMPSAT-2 image (2007.12.08 11:04 LT). The other color markers indicate the predicted oil positions every 30 min from the time of the accident to the observation of the satellite. From red to blue color markers, they show the
predicted oil location for every 5 h from the accident to 25 h after the accident. Purple marks represent the predicted oil position from 25.5 h to the
time of satellite observation. The grey box is used to extract the initial oil particles for backward-tracking simulation. The red triangle represents the
accident position of the Hebei Spirit.

518

Kim et al.

Fig. 9. The black triangle markers represent initial oil particle for backward-tracking simulation. The color lines indicate trajectories from the time
of the satellite observation to the Hebei Spirit accident. The black square marks show end position of oil particles at the time of the accident. The
red triangle represents the accident position of the Hebei Spirit oil spill.

the satellite observation time to the time of the accident. The
simulation results showed that the particles of oil were backtracked around the point of the accident. However, some
particles were found to move more than the oil spill by this
back-tracking. This is because the spill time of the particles
are different for different particles. The cause of this result
should be studied using additional data and more precise
simulations. This result will contribute to increase the efficiency of practical application for maritime spill response
and regulation of illegal oil spill activities. Especially, it is
expected to be used for the source point estimation and resource exploration using the backward-tracking function.
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