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Oil Spill Timely Backtracking Oriented by Wind
Field Correction With Self-Attention Temporal

Convolutional Networks
Yongqing Li , Xinrong Lyu , and Peng Ren , Senior Member, IEEE

Abstract—We investigate the problem of oil spill timely back-
tracking. Most existing methods for backtracking oil spills rely
heavily on historical wind fields. However, during the crucial early
stages of an oil spill accident, only inaccurate forecasted or observed
wind fields are available as historical data, which do not guarantee
reliable accuracy for backtracking the oil spills. On the other hand,
reanalysis wind fields are more accurate data for the historical
wind fields. However, they normally have a latency of many days
and can hardly be used for backtracking the oil spills in a timely
manner. To obtain a timely and accurate estimate of the historical
wind fields, we develop a self-attention temporal convolutional
network (SaTCN). The SaTCN consists of a self-attention network
and a temporal convolutional network. The self-attention network
captures spatial correlations from a historical wind field sequence
in a global manner. The temporal convolutional network captures
spatial correlations and temporal characteristics from an attention-
weighted wind field sequence in a local manner. The SaTCN is
trained subject to the differences between the timely but inaccurate
data of both forecasted and observed wind fields and the accurate
but delayed data of reanalysis wind fields. The well-trained SaTCN
can correct the timely historical wind fields into more accurate
ones by approximating the reanalysis wind fields. The corrected
historical wind fields thus obtained enable timely, accurate oil spill
backtracking. Extensive experiments validate the effectiveness of
the proposed backtracking method in addressing the Sanchi and
Symphony oil spill accidents.

Index Terms—Oil spill backtracking, self-attention, temporal
convolutional network, wind field correction.

I. INTRODUCTION

O IL spills are typical pollution to the oceanic environment
and have a significant impact on the sustainable develop-

ment of oceanic economies [1], [2], [3], [4], [5]. After obtaining
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the location of an oil spill via remote sensing [6], one way
to mitigate the extent of oil spill contamination in time is to
backtrack the source of the spill in a timely manner. As wind [7]
is one major factor for driving oil spill drifts, high-quality data for
the wind plays an important role in oil spill timely backtracking.
In the subsequent parts of this section, we review both existing
oil spill backtracking methods and existing wind field correction
methods. We propose a novel strategy for timely backtracking oil
spills using deep learning, and highlight the unique contributions
of our research.

A. Review of Oil Spill Backtracking

Oil spill backtracking has been studied for decades [8], [9].
Many operational oil spill backtracking models have been de-
veloped to serve specific regions [10], [11]. Seatrack Web is
a fully operational oil spill backtracking system that employs
automatic identification system (AIS) ship track data [12]. The
system has been utilized to retroactively identify potential ves-
sels responsible for oil spills in the Baltic Sea, a portion of the
North Sea, and the Gulf of Finland [13]. An OILMAP oil spill
model was configured to incorporate meteorological and hydro-
dynamic data services for the coastal regions of Dubai [14]. The
model utilizes a deterministic approach for conducting oil spill
backtracking, which allows for the determination of oil spill
sources, as well as the identification of intentional discharges. A
TESEO oil spill transport model was employed for the purpose
of conducting backward simulations of buoys through the uti-
lization of high-frequency (HF) radar currents [15], [16]. Upon
utilizing HF radar currents as inputs, the model is able to output
more accurate simulated trajectories as compared to simulations
that utilize numerical currents. A numerical model BOil was
developed for oil spill backtracking in the Kuwaiti offshore and
Arabian Gulf waters [17]. The BOil model was coupled with a
hydrodynamic numerical model KGulf and can be operated on a
smart mobile. An operational backtracking system developed for
the Iberia coast [18] integrated CleanSeaNet oil spill detections
and ship trajectories supplied by AIS. It can provide efficient
backtracking results and has been validated by multiple satellite
observations. An operational backtracking system was investi-
gated for the northwest European shelf sea [19]. The system
integrates an open modal analysis (OMA) model, providing HF
radar surface currents and an oil spill transport model named
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TABLE I
TIMELINESS DESCRIPTIONS OF REANALYSIS WIND FIELDS

TESEO. The backtracking results with the OMA currents are
more accurate than those with currents from a hydrodynamic
model.

Some recent oil spill backtracking studies were conducted
to address specific difficulties. A backtracking investigation of
Deepwater Horizon oil spill accident was conducted to analyze
the oil spill impacts on sea turtles across the Atlantic [20].
A modified Lagrangian model was utilized to locate the oil
spill positions for PL19-3 oil spill accident that occurred in the
Bohai Sea [21], where wind velocity, current velocity, Stokes
drift velocity, and turbulent diffusive velocity were linearly
combined to simulate the oil particle movements. A numerical
backtracking model was used to locate the source of tar balls
depositing along the west coast of India [22]. The backtracking
results confirmed that the tar balls deposited in different years
were derived from the tanker routes and the Bombay High oil
fields separately. A calibrated Lagrangian model was developed
with a series of Envisat ASAR images [23]. The calibrated
model was configured with optimal parameters for a special
oil spill accident. The calibration operations were conducted by
minimizing the differences between backtracked and observed
oil spill locations. The backtracking results were validated via
PL19-3 oil spill accident. An oil spill backtracking method was
developed for locating both sea surface oil spill source and
underwater oil spill source [24]. The research results reflect
that accurate hydrodynamic background fields are important for
oil spill backtracking performance and it is feasible to improve
the background data by assimilating observation data. A hypo-
thetical oil spill simulation was conducted to investigate the oil
spill impact on Cyclades islands with surface winds and currents
ranging from 2013 to 2018 [25]. The simulation results showed
the islands were at high risk due to their proximity to the main
oil tanker routes.

Most existing oil spill backtracking models are driven by two
crucial factors, i.e., historical wind fields and historical current
fields. The historical current fields are highly related to the his-
torical wind fields. The data for the historical wind fields include
forecasted wind fields, observed wind fields, and reanalysis
wind fields. In the early stages of an oil spill accident, only the
forecasted or observed wind fields are available historical wind
field data. However, these data are relatively inaccurate, which
limits the accuracy of oil spill backtracking. On the other hand,
the reanalysis wind fields are produced by comprehensively inte-
grating the forecasted and observed wind fields with a numerical
assimilation system. They are relatively more accurate but are
not available in the early stages of the oil spill accident [26]. The
timeliness descriptions of the reanalysis wind fields are given in

Table I. They normally have latency of many days, which makes
them unsuitable for oil spill timely backtracking. In this scenario,
obtaining accurate historical wind fields before the availability
of reanalysis wind fields is a challenging problem that needs to
be addressed for oil spill timely backtracking.

B. Review of Wind Field Correction

As discussed at the end of Section I-A, forecasted or observed
wind fields have limited accuracy, while reanalysis wind fields
are more accurate wind field estimates but with time latency [27].
Wind field correction is an effective way to bridge the inaccurate
wind fields and the accurate ones [28]. In recent years, wind
speed correction in a single-station fashion was investigated
to improve numerically forecasted wind fields. Kalman filter-
ing was used to improve numerical weather predictions by
recursively combining observations and numerical forecasts to
minimize corresponding biases [29]. Seven adaptive methods for
forecasted wind speed correction were discussed and compared
based on seven synoptic stations around Ireland [30]. A hybrid
method was developed with four mathematical models (i.e.,
MLR, NLR, ANN, and SVM) to correct forecasted wind speeds
derived from a MM5 mesoscale model [31]. An artificial neural
network (ANN)-based postprocessing method was developed
for improving solar radiation forecasts from a weather forecast
mesoscale model [32]. A differential polynomial neural network
(DPNN) was developed to correct wind speeds derived from an
Aladin numerical forecast model and the National Oceanic and
Atmospheric Administration (NOAA) [33]. The DPNN formed
general differential equations to model complex systems and was
trained as a correction function according to real observations.
Three wind speed correction methods were developed based
on multiple linear regression, a radial basis function neural
network and an Elman neural network [34]. An ANN/SVM-
based model was developed to learn relationships between wind
speed forecasts and measurements for correcting wind-electric
power forecasts [35]. A novel scheme was developed to im-
prove wind measurement accuracy by extracting sea surface
wind information from rain-contaminated X-band marine radar
images [36]. A lightGBM method was developed for correct-
ing numerically forecasted wind speed from ECMWF for 18
observation stations [37]. A short-term wind power prediction
model based on ensemble learning was developed, considering
the rolling error correction strategy [38]. A wind field correction
method was developed to simulate storm surge and inundation
based on a finite-volume coastal ocean model (FVCOM), and
the method was validated with the typhoon Rammasun [39].
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A wind field correction method was developed to correct the
forecasted wind fields from the global forecast system (GFS)
of National Centres for Environmental Prediction (NCEP) [40].
A wind field correction model named CU-net was developed
to correct forecasted wind fields from the European center for
medium-range weather forecast integrated forecasting system
(ECMWF-IFS) to be those close to reanalysis wind fields from
ECMWF-ERA5 [41].

Most existing methods for correcting historical wind fields
are based on data from a single station, which limits their ability
to capture the spatial characteristics reflected in wind fields.
However, wind fields contain more information that is crucial
for oil spill backtracking, as the drift of an oil spill is primarily
influenced by field forces [42]. Therefore, an accurate correction
of historical wind fields is essential for achieving timely and
accurate oil spill backtracking.

C. Promising Oil Spill Timely Backtracking Strategy Based on
Deep Learning

In recent years, deep learning-based spatial-temporal net-
works, such as ConvLSTM [43], [44] and temporal convolu-
tional network (TCN) [45] frameworks, have made significant
advancements in extracting sequential characteristics. However,
the ConvLSTM frameworks have a high computational cost and
are not efficient for correcting wind fields. The TCN frameworks
are efficient networks but they are primarily used for process-
ing vector sequences with 1-D convolutional neural networks
(1DCNNs). They are incapable of extracting 2-D spatial corre-
lations from a wind field sequence in a global manner. There-
fore, while deep learning paves a promising way to sequential
analysis, the development of deep architecture for wind field
correction still remains an open problem.

To achieve accurate and timely oil spill backtracking, we
develop a novel deep learning-based method for correcting
historical wind fields. This is achieved by utilizing a self-
attention temporal convolutional network (SaTCN) to learn the
differences between inaccurate and accurate historical wind
fields. The SaTCN is composed of a self-attention network
and a temporal convolutional network (TCN). Specifically, the
TCN is developed to process tensor sequences by utilizing 3-D
convolutional neural networks (3DCNNs), which enables it to
effectively capture the characteristics of wind field sequences
in the form of a tensor. The SaTCN is trained on historical
wind fields, including forecasted, observed, and reanalysis wind
fields. The SaTCN comprehensively captures both spatial and
temporal characteristics of the input wind field sequence. In
practical operations, the SaTCN takes forecasted and observed
wind fields as input and produces corrected historical wind fields
that approximate the reanalysis wind fields.

We utilize the corrected historical wind fields to drive a numer-
ical backtracking model for the purpose of conducting oil spill
backtracking in a timely manner. The proposed method for oil
spill timely backtracking results in more accurate backtracking
outcomes as compared to using the original historical wind
fields.

D. Novel Contributions

The main novel contributions of this article are summarized
as follows.

1) We develop an oil spill timely backtracking method ori-
ented by deep learning-based wind field correction. The
wind field correction is conducted in a spatial-temporal
fashion. Benefiting from the effectiveness of the wind field
correction, the proposed method achieves more accurate,
timely oil spill backtracking than basic backtracking meth-
ods.

2) We develop a deep learning model, i.e., SaTCN, for the
correction of historical wind fields. The SaTCN compre-
hensively captures both spatial correlations and temporal
characteristics from the wind field sequence. It effectively
produces corrected historical wind fields that approximate
reanalysis wind fields. Therefore, the accurate estimate of
the historical wind fields are obtained in a timely manner.

3) The proposed oil spill timely backtracking method has
been validated by the experiments using data from the
Sanchi and Symphony oil spill accidents. We release our
codes for public evaluations at,1 providing a baseline for
oil spill timely backtracking.

E. Article Organization

The rest of this article is organized as follows. Section II de-
scribes the basic oil spill backtracking method and the proposed
wind field correction-based backtracking method. Section III
presents how to correct historical wind fields into more accurate
ones. Section IV presents the proposed wind field correction
network. Section V presents how to use the corrected historical
wind fields for driving oil spill timely backtracking. Section VI
presents the oil spill timely backtracking results for the Sanchi
and Symphony oil spill accidents. Finally, Section VII concludes
this article.

II. OIL SPILL BACKTRACKING

In this section, we describe the basic oil spill backtracking
method and the proposed wind field correction-based backtrack-
ing (WFCB) method. The backtracking framework utilizes a
Lagrangian oil particle model, which considers oil spills as a
large concentration of particles [46]. This approach transforms
oil spill backtracking into the tracking of backward migrations
of particles. The backward migrations are primarily determined
by two crucial factors [47], [48], i.e., historical wind fields and
historical current fields. The historical current fields are highly
related to the historical wind fields. The accuracy of oil spill
backtracking significantly depends on the accuracy of these two
fields.

The basic oil spill backtracking method is illustrated in
Fig. 1(a). A present oil spill location, a historical wind field, and
a historical current field are input into an oil spill backtracking

1[Online]. Available: https://github.com/liyongqingupc/SaTCN-WindField
Correction
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Fig. 1. Oil spill backtracking. (a) Basic oil spill backtracking. (b) Wind field correction-based oil spill backtracking.

numerical model. The model outputs a backtracked oil spill
location.

The proposed WFCB method is illustrated in Fig. 1(b). The
essential idea of the proposed method is to conduct oil spill
timely backtracking with more accurate historical wind fields.
The WFCB method utilizes the same oil spill backtracking
numerical model and the historical current field as the basic
oil spill backtracking method illustrated in Fig. 1(a). The main
difference is that the WFCB method takes a corrected historical
wind field as input instead of the historical wind field. The
corrected historical wind field is obtained from the correction
network that is trained with historical wind field data set.

Take a single oil particle as an example to introduce the oil
spill backtracking numerical model. Let ub and vb denote the
u (eastward) and v (northward) components of backward drift
velocity for an oil particle, respectively. Let wu

t and wv
t denote

wind velocity components at the oil particle’s location at time
t. They are separately obtained from the two components of
the historical wind field at time t. The wind velocity in the
overall direction is formulated as wt = ((wu

t )
2 + (wv

t )
2)1/2.

Let cut and cvt denote current velocity components at the oil
particle’s location at time t. They are separately obtained from
the two components of the historical current field at time t. The
two components of the oil particle backward drift velocity are
formulated as follows:

ub = αww
u
t + αcc

u
t

vb = αww
v
t + αcc

v
t (1)

where αw and αc are balance weights for the wind velocity and
the current velocity, respectively.

Let Δt denote a minimum temporal resolution for oil spill
backtracking. Let Δxb and Δyb denote the u and v components
of backward drift distance, respectively. The two distance com-
ponents over a Δt interval are determined as follows:

Δxb = ubΔt

Δyb = vbΔt. (2)

Oil particles have a random movement process with the particle
backward drift. Let Rn denote a random number with mean 0
and variance 1, μ denote a weighted parameter of the random
movement,Er denote a horizontal random movement rate, and θ
denotes a directional angle that is uniformly distributed between
0 and 2π. Let Δxr and Δyr denote the u and v components
of random movement distance, respectively. The two distance
components over a Δt interval are formulated as follows:

Δxr = Rn

√
μErΔt cos θ

Δyr = Rn

√
μErΔt sin θ. (3)

The distance components of the oil particle backward migration
are then determined as follows:

Δx = Δxb +Δxr

Δy = Δyb +Δyr. (4)

Let (xt, yt) denote the longitude and latitude coordinates of
an oil particle at time t. γ is the distance corresponding to
each degree of latitude at the same longitude. The backtracked
coordinates (xt−Δt, yt−Δt) of the oil particle over a time interval
of Δt back are formulated as follows:

xt−Δt = xt −Δx/(γ cos y0)

yt−Δt = yt −Δy/γ. (5)

The wind velocity components wu
t and wv

t are important factors
for maintaining the performance of the oil spill backtracking.
They are separately derived from the two components of the
historical wind field at time t. In the early stages of an oil spill
accident, only forecasted or observed wind fields are available
historical wind fields. They are used for driving the basic oil spill
backtracking model illustrated in Fig. 1(a). However, these wind
fields are relatively inaccurate. The basic oil spill backtracking
model driven by them has limited accuracy. Reanalysis wind
fields are regarded as accurate historical wind field estimations
but with latency of many days [49], as shown in Table I.
Therefore, the reanalysis wind fields are not available in the
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Fig. 2. Example of (a) the reanalysis wind field in the u direction and (b) the
reanalysis wind field in the v direction on 1 January 2018 at 06:00 UTC.

oil spill timely backtracking. In this scenario, how to obtain
accurate historical wind fields to provide accurate wind velocity
components wu

t and wv
t for the purpose of oil spill timely

backtracking is a challenging problem. As illustrated in Fig. 1(b),
wind field correction provides a promising way to tackle this
problem.

III. WIND FIELD CORRECTION

In this section, we describe how to correct historical wind
fields into more accurate ones based on deep learning. To
describe the wind field correction, we first describe the wind
field data used in the correction process. As introduced above,
reanalysis wind fields are considered as the accurate historical
wind fields. Both historical forecasted wind fields and historical
observed wind fields are relatively inaccurate. To clearly de-
scribe the wind fields, we give some visual illustrations of wind
field data on 1 January 2018 at 06:00 UTC. Fig. 2 illustrates
the accurate reanalysis wind fields in the u and v directions
separately.

Fig. 3(a) and (b) illustrates the forecasted wind field and the
observed wind field in the u direction, respectively. Fig. 3(c)
illustrates the histogram of wind field errors for Fig. 3(a) with
respect to Fig. 2(a). Fig. 3(d) illustrates the histogram of wind
field errors for Fig. 3(b) with respect to Fig. 2(a). The number
in Fig. 3(c) and (d) represents the number of wind speed values
in the wind field with different error levels.

Fig. 4(a) and (b) illustrates the forecasted wind field and the
observed wind field in the v direction, respectively. Fig. 4(c)
illustrates the histogram of wind field errors for Fig. 4(a) with
respect to Fig. 2(b). Fig. 4(d) illustrates the histogram of wind
field errors for Fig. 4(b) with respect to Fig. 2(b).

Fig. 5 presents the histograms of wind field errors in the
overall direction.

By empirically analyzing historical wind fields in the u, v,
and overall directions, we observe that the wind field errors
of forecasted wind fields with respect to reanalysis wind fields
are mainly in domain of [−1, 1], and the wind field errors of
observed wind fields with respect to reanalysis wind fields are
also mainly in the domain of [−1, 1]. The purpose of the wind
field correction is to correct historical forecasted wind fields
and historical observed wind fields as close as possible to the
corresponding reanalysis wind fields.

Each wind field consists of a u (eastward) component and a
v (northward) component. As shown in Fig. 6, the u component
and v component of each historical wind field are corrected by a
u component correction network and a v component correction
network, respectively. The corrections of the two components
are conducted in the same way. The two correction networks
have the same deep architecture but different parameter values.
The input of each correction network is a sequence of historical
wind field pairs where each historical wind field pair contains
a forecasted wind field component and an observed wind field
component. The output of each correction network is a corrected
historical wind field component.

In the training phase, forecasted and observed wind field
pairs in historical moments are available as inputs of the cor-
rection network, and reanalysis wind fields in the corresponding
historical moments are available for correcting the outputs of
the correction network. The well-trained correction network
can then generate a corrected wind field given a sequence of
wind field pairs. In a practical implementation when an oil
spill accident has just occurred, the forecasted and observed
wind fields are available but the reanalysis wind fields are not
available. The correction network has the capability of correcting
forecasted and observed wind fields into more accurate ones
that are expected to approximate the reanalysis wind fields.
It thus provides more accurate historical wind fields than the
forecasted wind fields and the observed wind fields in the
historical moments. Therefore, the WFCB method illustrated
in Fig. 1(b) can give backtracked oil spill coordinates with
higher accuracy than the basic backtracking method illustrated
in Fig. 1(a).

Wind field correction is the process of correcting the fore-
casted and observed historical wind fields into more accu-
rate historical wind fields. How to design a deep architec-
ture for the correction network for the purpose of rendering
accurate correction of the inaccurate historical wind fields
(i.e., the forecasted and observed wind fields) is a challenging
problem.

IV. SELF-ATTENTION TEMPORAL CONVOLUTIONAL

NETWORKS

In this section, we introduce a deep architecture, i.e., SaTCN,
for the wind field correction network. Section IV-A describes the
main architecture of the SaTCN framework, which consists of a
self-attention network and a temporal convolutional network.
Section IV-B describes the architecture of the self-attention
network. Section IV-C describes the architecture of the tempo-
ral convolutional network. Section IV-D describes the training
procedure of the SaTCN framework.

A. Main Architecture

The SaTCN framework corrects historical wind fields. The
main architecture of the SaTCN framework is illustrated in
Fig. 7. Take one wind field component (u or v) as an example,
and the component is of M ×N size. Let W f

t ∈ RM×N and
W o

t ∈ RM×N denote a forecasted wind field component and
an observed wind field component at time t, respectively. As
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Fig. 3. Example of (a) the forecasted wind field, (b) the observed wind field, (c) the histogram of errors for the forecasted wind field with respect to the reanalysis
wind field, and (d) the histogram of errors for the observed wind field with respect to the reanalysis wind field on 1 January 2018 at 06:00 UTC in the u direction.

Fig. 4. Example of (a) the forecasted wind field, (b) the observed wind field, (c) the histogram of errors for the forecasted wind field with respect to the reanalysis
wind field, and (d) the histogram of errors for the observed wind field with respect to the reanalysis wind field on 1 January 2018 at 06:00 UTC in the v direction.

Fig. 5. Histogram of (a) errors for the forecasted wind field with respect to the
reanalysis wind field and (b) errors for the observed wind field with respect to the
reanalysis wind field on 1 January 2018 at 06:00 UTC in the overall direction.

Fig. 6. Wind field component correction.

shown in Fig. 8, Wt = [W f
t,W

o
t ] ∈ R2×M×N denotes a his-

torical wind field pair at time t. The corrected historical wind
field component denoted as W c

t and the reanalysis wind field
component denoted as W r

t have the same dimension as W f
t.

The SaTCN takes a sequence of historical wind field pairs
{Wt−T1

, . . . ,Wt, . . . ,Wt+T2
} as input, extracts spatial and

temporal characteristics from them, and outputs a corrected
historical wind field component W c

t for Wt. The SaTCN con-
sists of a self-attention network and a temporal convolutional
network. The self-attention network contains (T1 + T2 + 1)
self-attention modules whose number is governed by the length
of the historical wind field sequence. The temporal convolutional
network is constructed by cascaded 3DCNN modules and 2-D
convolutional neural network (2DCNN) modules.

The self-attention network captures the global spatial corre-
lations of a historical wind field pair sequence. The temporal
convolutional network captures the local spatial correlations
and the temporal characteristics of an attention weighted wind
field sequence. These network properties enhance the SaTCN’s
representational power and facilitate the SaTCN to output more
accurate corrected historical wind fields.

B. Self-Attention Network

The self-attention network consists of (T1 + T2 + 1) self-
attention modules. The self-attention network takes a sequence
of historical wind field pairs {Wt−T1

, . . . ,Wt, . . . ,Wt+T2
} as

input and outputs an attention weighted wind field sequence
{St−T1

, . . . ,St, . . . ,St+T2
}. The main architecture of the self-

attention module at time t is illustrated in Fig. 9. The self-
attention module takes Wt as input and outputs an attention
weighted wind field St.
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Fig. 7. SaTCN for historical wind field correction.

Fig. 8. Wind field pair at time t.

As shown in Fig. 9, Wt ∈ R2×M×N is assigned three 1× 1
convolutional operations to obtain three feature maps containing
queryQ ∈ RM×N , keyK ∈ RM×N , and valueV ∈ R2×M×N .
Let Qr ∈ R1×MN , Kr ∈ R1×MN , and V r ∈ R2×MN denote
the variables reshaped from Q, K, and V , respectively. The
self-attention weight matrix ω ∈ RMN×MN is computed as
follows [50]:

ω = softmax(QT
r Kr) (6)

where softmax(·) denotes the softmax operation.
The attention feature map A ∈ R2×M×N is computed as

follows:

A = Reshape(V rω
T) (7)

where Reshape(·) denotes the reshape operation 2×MN →
2×M ×N .

The output of the self-attention module is an attention
weighted wind field St ∈ R2×M×N that is computed as fol-
lows [51]:

St = Conv(A) +Wt (8)

where Conv(·) denotes the 1× 1 convolutional operation.
The self-attention module establishes connections for all wind

velocities in the wind field pair Wt by computing the self-
attention weight matrix ω. It facilitates to capture the global
spatial correlations for each historical wind field pair.

C. Temporal Convolutional Network

The main architecture of the temporal convolutional network
(TCN) is illustrated in Fig. 10. In our research, the TCN part of
the SaTCN is constructed by L cascaded 3DCNN modules and
one 2DCNN module. The TCN takes a sequence of attention

weighted wind fields {St−T1
, . . . ,St, . . . ,St+T2

} as input and
outputs a wind field correction residual W t

′.
The 3DCNN modules are conducted with causal convolution

operations. Let {Hl
t−T1

, . . . ,Hl
t, . . . ,Hl

t+T2
} denote a feature

map sequence output by lth 3DCNN module, where 1 ≤ l ≤ L.
It is computed as follows:

{Hl
t−T1

, . . . ,Hl
t, . . . ,Hl

t+T2

}
= 3DCNN(Z,Hl−1

t−T1
, . . . ,Hl−1

t , . . . ,Hl−1
t+T2

) (9)

where 3DCNN(·) represents the function of 3DCNN mod-
ule [52] and Z ∈ R2×M×N is a zero tensor for padding opera-
tion. The causal convolution implies that the Hl

t is only deter-
mined by the feature map sequence {Z,Hl−1

t−T1
, . . . ,Hl−1

t }. The
L th 3DCNN module outputs {HL

t−T1
, . . . ,HL

t , . . . ,HL
t+T2

}.
The subsequent 2DCNN module takes them as input and outputs
W t

′ as follows:

W t
′ = 2DCNN

(HL
t−T1

, . . . ,HL
t , . . . ,HL

t+T2

)
(10)

where 2DCNN(·) represents the function of 2DCNN module.
As illustrated in Fig. 7, the SaTCN utilizes residual learning

mechanism to learn the differences between the historical wind
field (W f

t or W o
t ) and the reanalysis wind field W r

t. The
historical wind field is adopted by the principle of having higher
spatial resolution. The corrected historical wind field W c

t is
formulated as follows:

W c
t =

{
W f

t +W t
′ forW f

t has high resolution

W o
t +W t

′ forW o
t has high resolution.

(11)

The SaTCN framework plays a key role in extracting spatial
and temporal characteristics from the input wind field pair
sequence. Specifically, the self-attention part of the SaTCN
extracts the global spatial correlations and the TCN part of the
SaTCN extracts the temporal characteristics and the local spatial
correlations. These extracted spatial-temporal characteristics
are integrated by the 2DCNN module to produce the accurate
corrected historical wind field W c

t .
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Fig. 9. Self-attention module.

Fig. 10. Temporal convolutional network.

D. Training the SaTCN

The SaTCN is trained with historical wind field data. The
training loss LS for the SaTCN is given as follows:

LS =
∥∥W r

t −W c
t

∥∥
1

(12)

where LS is called �1 norm loss. Minimizing (12) trains the
SaTCN to generate W c

t as close to W r
t as possible.

The training procedure of the SaTCN is described in Algo-
rithm 1. The SaTCN is trained in cycles such that its correction
ability is gradually improved. The training terminates when
the SaTCN achieves optimal correction accuracies. Finally, the
well-trained SaTCN is capable of producing accurate corrected
historical wind fields.

V. OIL SPILL TIMELY BACKTRACKING DRIVEN BY CORRECTED

HISTORICAL WIND FIELDS

In this section, we present the procedure of historical wind
field correction via the SaTCN and the procedure of using
the corrected historical wind fields for driving oil spill timely
backtracking. After the training described in Section IV-D, a
well-trained SaTCN is ready for applications. In practical oper-
ations, the SaTCN takes a sequence of historical wind field pairs

Algorithm 1: Training Procedure of the SaTCN Framework.
Input: The training set consisting of forecasted wind
fields, observed wind fields, and their corresponding
reanalysis wind fields

Output: The trained parameter set of the SaTCN
for all training epochs do

for all training samples do
Input a historical wind field pair sequence
{Wt−T1

, . . . ,Wt, . . . ,Wt+T2
} and a reanalysis wind

field W r
t;

Compute W c
t according to (11);

Compute LS according to (12) and update the
parameters of the SaTCN.

end for
end for

as input and outputs a corrected historical wind field W c
t for the

specific wind field pair at time t. The corrected historical wind
field W c

t is utilized to provide the wind velocity components
wu

t or wv
t in (1). It provides accurate historical wind velocity

components for oil spill timely backtracking. The backtracked
oil spill coordinates are obtained according to (1)–(5).

Though the SaTCN requires reanalysis wind fields for train-
ing, it does not require them in the practical operations. The
SaTCN can correct historical wind fields in a timely manner.
The corrected historical wind fields do not suffer from the time
latency associated with the reanalysis wind fields but approxi-
mate the accuracy of the reanalysis wind fields. Therefore, the
corrected historical wind fields enable timely, accurate oil spill
backtracking.

VI. EXPERIMENTAL RESULTS

In this section, we conduct extensive backtracking experi-
ments on Sanchi and Symphony oil spill accidents to evaluate
the effectiveness of the proposed backtracking method oriented
by the wind field correction with the SaTCN.
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Fig. 11. Sanchi oil spill observation image and its oil spill labeling. (a) Remote sensing image captured by GF-1 satellite on January 20, 2018 at 11:17 UTC.
(b) Image patch containing Sanchi oil spills. (c) Detected oil spill locations in (b).

TABLE II
WIND FIELD DATA USED FOR SANCHI OIL SPILL BACKTRACKING

TABLE III
DETAILED INFORMATION OF THE REMOTE SENSING IMAGES USED IN THE EXPERIMENTS

A. Experimental Settings and Evaluation Metrics

In this subsection, we describe experimental settings and
evaluation metrics used in the experiments. The numerical
backtracking model is implemented with PyCharm on a PC
platform. Based on empirical evaluations, the wind velocity
weight αw is set to 0.03 and the current velocity weight αc

is set to 1. The SaTCN model is implemented with Tensorflow
1.15.0 framework. A platform with 2 Intel Xeon Gold 5218R
CPUs and 2 NVIDIA Geforce 2080Ti GPUs are used to deploy
the experimental environment.

1) Experimental Settings for Sanchi Oil Spill Backtracking:
The Sanchi oil spill accident happened about 160 nautical miles
east of the Yangtze River estuary on January 6, 2018 at about
12:00 UTC. The oil tanker Sanchi caught fire after the collision
and sank on January 14, 2018 at 08:45 UTC, which is set as
the end time of the oil spill backtracking. The sinking site
was located at (28◦22′N, 125◦55′E) where a large amounts of
condensate oil and fuel oil began to leak on the sea surface.

As shown in Fig. 11(a), the Sanchi oil spill remote sensing
image used in the experiments was captured by GF-1 satellite
on January 20, 2018 at 11:17 UTC, which is set as the starting
time of the oil spill backtracking. Fig. 11(b) is the image patch
containing Sanchi oil spills. The oil spill locations in the remote
sensing image are labeled manually. Fig. 11(c) is the detected

oil spill locations in Fig. 11(b). The detection method is imple-
mented based on open-source code.2 The detailed information of
the remote sensing images used in the experiments is described
in Table III.

To train and test the wind field correction networks for Sanchi
oil spill timely backtracking, we build a wind field data set
containing forecasted wind fields, observed wind fields, and
reanalysis wind fields. The forecasted and reanalysis wind fields
are obtained from an ERA-Interim archive of ECMWF.3 The
ERA-Interim is a part of ECMWF’s meteorological archive and
retrieval system. The ERA-Interim provides coupled forecasted
and reanalysis wind fields at the same time. The reanalysis wind
fields provide a benchmark for the historical wind field correc-
tion. The observed wind fields are obtained from CMEMS.4

The detailed wind field information used for Sanchi oil spill
backtracking is described in Table II.

To investigate the historical wind field correction for the
Sanchi oil spill backtracking, we use the wind field data of

2[Online]. Available: https://github.com/liyongqingupc/MCAN-
OilSpillDetection

3[Online]. Available: https://apps.ecmwf.int/datasets/data/interim-full-
daily/levtype=sfc/

4[Online]. Available: https://resources.marine.copernicus.eu/product-detail/
WIND_GLO_WIND_L4_REP_OBSERVATIONS_012_006/INFORMATION
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Fig. 12. Symphony oil spill observation image and its oil spill labeling. (a) Remote sensing image captured by Sentinel-1 satellite on May 1st, 2021 at 09:56
UTC. (b) Image patch containing Symphony oil spills. (c) Detected oil spill locations in (b).

a square area with upper left located at (40◦N, 125◦E) and
lower right located at (25◦N, 140◦E). To guarantee the precision
of the oil spill backtracking, we set the spatial resolution as
0.125◦ × 0.125◦ and set the temporal resolution as 6 h. The
observed wind fields meet the spatial resolution requirement
by interpolation operations. Each wind field data have two
components with a size of 2× 121× 121. The time range of
the wind field data set is from January 1, 2018 to June 30, 2018.
For each wind field type, there are 724 wind field data used to
conduct experiments, where the 600 data ranging from February
to June are used to train the correction models and the 124 data
of January to test the correction performances.

The historical current fields used in backtracking model are
downloaded from the HYCOM data set GLBv0.08/expt_93.0.5

The spatial resolution of the historical current fields is
0.08◦ × 0.08◦ and the temporal resolution of that is 6 h.

2) Experimental Settings for Symphony Oil Spill Backtrack-
ing: The Symphony oil spill accident happened in the south of
the Qingdao port on April 27, 2021 at 00:51 UTC, which is set
as the end time of the oil spill backtracking. The Liberian oil
tanker Symphony was smashed by the Panamanian cargo ship
Sea Justice. A large amounts of oil leaked on the sea surface.
The accident was located at (35◦43′N, 120◦58′E).

As shown in Fig. 12(a), the Symphony oil spill remote sensing
image used in the experiments was captured by Sentinel-1
satellite on May 1, 2021 at 09:56 UTC, which is set as the starting
time of the oil spill backtracking. Fig. 12(b) is the image patch
containing Symphony oil spills. The oil spill locations in the
remote sensing image are labeled manually. Fig. 12(c) is the
detected oil spill locations in Fig. 12(b). The detailed informa-
tion of the remote sensing images used in the experiments is
described in Table III.

To train and test the wind field correction networks for the
Symphony oil spill backtracking, we build a wind field data
set containing forecasted wind fields, observed wind fields, and
reanalysis wind fields. The forecasted wind fields are obtained
from NCEP-GFS archive.6 The reanalysis wind fields are ob-
tained from an ERA5 archive of ECMWF,7 and they provide a
benchmark for the historical wind field correction. The observed

5[Online]. Available: http://tds.hycom.org/thredds/catalogs/GLBv0.08/
expt_93.0.html?dataset=GLBv0.08-expt_93.0

6[Online]. Available: https://rda.ucar.edu/datasets/ds084.1/#!access
7[Online]. Available: https://cds.climate.copernicus.eu/cdsapp#!/dataset/

reanalysis-era5-single-levels?tab=form

wind fields are obtained from CMEMS.8 The detailed wind
field information used for Symphony oil spill backtracking is
described in Table IV.

To investigate the historical wind field correction for the
Symphony oil spill backtracking, we use the wind field data of a
square area with upper left located at (40◦N, 110◦E) and lower
right located at (25◦N, 125◦E). To guarantee the precision of the
backtracking, we set the spatial resolution as 0.125◦ × 0.125◦

and set the temporal resolution as 6 h. The forecasted and
reanalysis wind fields meet the spatial resolution requirement
by interpolation operations. The time range of the wind field
data set is from April 1, 2021 to September 30, 2021. For each
wind field type, there are 732 wind field data used to conduct
experiments, where the 124 data ranging from April 1 to May 1
to test the correction performances and the rest 608 wind field
data are used to train the correction models.

The historical current fields used in backtracking model are
downloaded from the HYCOM data set GLBy0.08/expt_93.0.9

The spatial resolution of the historical current fields is
0.08◦ × 0.08◦ and the temporal resolution of that is 3 h.

3) Experimental Settings for Wind Field Correction: To
validate the effectiveness of the proposed SaTCN framework,
we compare the correction performance of the SaTCN with
those of ConvLSTM [43], hierarchical generative adversarial
network (HGAN) [53], and temporal convolutional network
(TCN) [45]. The ConvLSTM network is implemented based
on open-source code.10 The HGAN is implemented based on
open-source code.11 The TCN is an improved version based on
open-source code.12

The parameters for training the SaTCN in the experiments
are set as follows. The number of the 3DCNN modules is set
as L = 4. The input sequence length (T1 + T2 + 1) is set to 4,
where T1 = 2 and T2 = 1. The learning rate is set to 0.0005.
The SaTCN is trained with an Adam optimizer. The parameter
configuration for the SaTCN framework is presented in Table V.

4) Experimental Evaluation Metrics: Let (xs, ys) denote the
longitude and latitude coordinates of the true oil spill source.

8[Online]. Available: https://resources.marine.copernicus.eu/product-detail/
WIND_GLO_PHY_L4_NRT_012_004/INFORMATION

9[Online]. Available: http://tds.hycom.org/thredds/catalogs/GLBy0.08/
expt_93.0.html?dataset=GLBy0.08-expt_93.0

10[Online]. Available: https://github.com/giserh/ConvLSTM-2
11[Online]. Available: https://github.com/lihuiupc/HGAN-

TyphoonCloudVisualPrediction
12[Online]. Available: https://github.com/philipperemy/keras-tcn
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TABLE IV
WIND FIELD DATA USED FOR SYMPHONY OIL SPILL BACKTRACKING

TABLE V
PARAMETER CONFIGURATION FOR THE SATCN FRAMEWORK

Let (xb, yb) denote the longitude and latitude coordinates of the
backtracked oil spill source. Let (xe, ye) denote the coordinate
errors of backtracking. (xe, ye) is formulated as follows:

(xe, ye) = |(xs, ys)− (xb, yb)| . (13)

Let R denote the radius of the earth. The distance error of
backtracking is formulated as follows:

Ed = R arccos[cos(ys) cos(yb) cos(xs − xb)

+ sin(ys) sin(yb)]π/180. (14)

To evaluate historical wind field correction performances of
different deep learning models, we utilize some quantitative
evaluation criteria to demonstrate the effectiveness of the pro-
posed model. LetW c

t andW r
t denote a corrected historical wind

field component (either u or v) and a corresponding reanalysis
wind field component.

Root-mean-squared error (rmse) is usually used as an evalu-
ation criterion of errors and it is formulated as follows:

RMSE =

√√√√ 1

MN

M∑
m=1

N∑
n=1

[W c
t(m,n)−W r

t(m,n)]2 (15)

where M and N denote the height (rows) and width (columns)
of a wind field component, respectively.

Mean absolute error (MAE) is an average value of the absolute
errors between two wind field components and it is formulated
as follows:

MAE =
1

MN

M∑
m=1

N∑
n=1

|W c
t(m,n)−W r

t(m,n)| . (16)

RMSE and MAE are used to quantitatively evaluate the historical
wind field correction performances in Section VI-B.

B. Comparisons With Different Deep Learning Methods

In this subsection, we evaluate the effectiveness of the pro-
posed SaTCN framework by comparing it with three differ-
ent deep learning networks (ConvLSTM [43], HGAN [53],
and TCN [45]). Forecasted and observed wind fields provide
baselines for comparing the correction performances of four
deep learning networks. The ConvLSTM, HGAN, and TCN are
separately trained and tested with the same data sets, learning
rate, and optimizer as the SaTCN.

As shown in Fig. 13, the correction performances of four
deep learning networks are compared subject to RMSE and
MAE between January 14, 2018 at 00:00 UTC and January
20, 2018 at 18:00 UTC. The lower the curve, the better the
correction performance. Two evaluation results [see Fig. 13(a)
and (b)] of the four networks are all below the red lines. It is
demonstrated that the four networks have achieved different
degrees of wind field correction. The correction performance
of the SaTCN outperforms the other three networks.

Table VI presents the average correction results for historical
wind fields in u, v, and overall directions between January 14,
2018 at 00:00 UTC and January 20, 2018 at 18:00 UTC. It is
quantitatively validated that the correction errors of the SaTCN
are all less than those of the other three methods in three cases.

As shown in Fig. 14, the correction performances of the four
networks are compared subject to rmse and MAE between April
27, 2021 at 00:00 UTC and May 1, 2021 at 18:00 UTC. Two
evaluation results [see Fig. 14(a) and (b)] of the four networks
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Fig. 13. Correction performance comparison based on rmse and MAE of four methods between January 14, 2018 at 00:00 UTC and January 20, 2018 at 18:00
UTC. (a) RMSE of four correction methods at 28 moments with 6 h intervals. (b) MAE of four correction methods at 28 moments with 6 h intervals.

Fig. 14. Correction performance comparison based on rmse and MAE of four methods between April 27, 2021 at 00:00 UTC and May 1, 2021 at 18:00 UTC.
(a) RMSE of four correction methods at 20 moments with 6 h intervals. (b) MAE of four correction methods at 20 moments with 6 h intervals.

are all below the orange lines. The correction performance of
the SaTCN outperforms the other three networks.

Table VII presents the average correction results for historical
wind fields in u, v, and overall directions between April 27, 2021
at 00:00 UTC and May 1, 2021 at 18:00 UTC. It is quantitatively
validated that the correction errors of the SaTCN are all less than
those of the other three methods in three cases.

Table VIII presents the average correction results on two test
sets in the overall direction. Compared with forecasted wind
fields, the SaTCN achieves an average 14.14% reduction in rmse
and an average 9.71% reduction in MAE on the test set for the
Sanchi oil spill backtracking. Compared with observed wind
fields, the SaTCN achieves an average 11.63% reduction in rmse
and an average 16.45% reduction in MAE on the test set for the
Symphony oil spill backtracking. To evaluate the effectiveness
of the wind field pairs in the historical wind field correction,
we train the four deep learning models with two different inputs
separately.

As shown in Table VIII, the correction performances of the
four models are compared in terms of double inputs and single
input. The term of double inputs implies that the models take a
sequence of forecasted and observed wind field pairs as input.
For Sanchi oil spill backtracking, the term of single input implies
that the models take a sequence of forecasted wind field compo-
nents as input. For Symphony oil spill backtracking, the single
input implies that the models take a sequence of observed wind

field components as input. It is obviously shown that all networks
trained with double inputs have better correction performances
than those with single input. Therefore, with regard to two
evaluation criteria, the overall correction performance of our
proposed SaTCN outperforms the other three deep learning
models.

C. Sanchi Oil Spill Backtracking

In this subsection, we validate the effectiveness of the wind
field correction-based backtracking (WFCB) method on the
Sanchi oil spill accident. In this experiment, we assume that
the oil spill backtracking started from the time when the remote
sensing image [shown in Fig. 11(a)] had been just acquired. At
that time, if the operation of oil spill backtracking was required
to be conducted immediately, the only available data for wind
fields were the relatively inaccurate forecasted wind fields and
observed wind fields. Meanwhile, the reanalysis wind fields
were not available. In this scenario, the timely, accurate oil
spill backtracking should be conducted based on the corrected
historical wind fields from the relatively inaccurate forecasted
wind fields and observed wind fields.

Section VI-B has demonstrated that the proposed SaTCN has
a better correction performance between January 1, 2018 at
00:00 UTC and January 31, 2018 at 18:00 UTC. The corrected
historical wind fields are more similar to the reanalysis wind
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Fig. 15. Visual illustrations of (a) the forecasted wind field, (b) the observed wind field, (c) the reanalysis wind field, and (d) the corrected historical wind field
from the SaTCN on January 1, 2018 at 06:00 UTC in the overall direction.

TABLE VI
AVERAGE CORRECTION RESULTS FOR HISTORICAL WIND FIELDS IN U, V, AND

OVERALL DIRECTIONS BETWEEN JANUARY 14, 2018 AT 00:00 UTC AND

JANUARY 20, 2018 AT 18:00 UTC

fields than the forecasted wind fields and the observed wind
fields. As shown in Fig. 15, the historical wind field corrected
by the SaTCN [see Fig. 15(d)], especially in the red box area,
is visually more similar to the reanalysis wind field (Fig. 15(c))
than the forecasted wind field [see Fig. 15(a)] and the observed
wind field [see Fig. 15(b)]. Fig. 16 describes the overall direc-
tions of the wind fields illustrated in Fig. 15. We utilize these
corrected historical wind fields to conduct the Sanchi oil spill
backtracking.

Fig. 17 presents the Sanchi oil spill backtracking results based
on SaTCN corrected wind fields. The thousands of black dots
represent the locations of oil spill particles at historical moments.

TABLE VII
AVERAGE CORRECTION RESULTS FOR HISTORICAL WIND FIELDS IN U, V, AND

OVERALL DIRECTIONS BETWEEN APRIL 27, 2021 AT 00:00 UTC AND MAY 1,
2021 AT 18:00 UTC

Oil spill backtracking is conducted using these oil particles to
simulate the historical drift trajectory. We define the coordinate
average over all oil spill particles at the same time as the central
location of the oil spills. The blue dots represent the central
locations of the oil spills at historical moments. The blue triangle
represents the backtracked location of the oil spill source and the
red triangle represents the true location of the oil spill source.

Fig. 18 presents the Sanchi oil spill backtracking results based
on different wind fields. To clearly show the historical trajectory,
only the central locations of the oil spills at historical moments
are exhibited in Fig. 18. By comparing different backtracking
results in Fig. 18, we observe that the backtracking result based
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TABLE VIII
AVERAGE CORRECTION RESULTS ON TWO TEST SETS IN THE OVERALL DIRECTION

Fig. 16. Wind directions of (a) the forecasted wind field, (b) the observed wind field, (c) the reanalysis wind field, and (d) the corrected historical wind field from
the SaTCN on January 1, 2018 at 06:00 UTC.

Fig. 17. Sanchi oil spill backtracking results based on SaTCN corrected wind
fields. The black dots represent the oil spill locations at historical moments.
The blue dots represent the central locations of the oil spills at historical
moments. The blue triangle represents the backtracked location of the oil
spill source and the red triangle represents the true location of the oil spill
source.

on the SaTCN corrected wind fields are more close to the true
oil spill source than those based on other wind fields.

To quantitatively evaluate the backtracking results of the
Sanchi oil spill accident, we compute longitude errors, latitude
errors, and distance errors based on the backtracking results
in Fig. 18. Table IX presents the errors based on the basic
backtracking methods and the WFCB methods. By comparing
the backtracking errors, we can see that the errors of the WFCB
methods are lower than those of the basic backtracking meth-
ods. The SaTCN based WFCB method has lower errors than
other deep learning model based WFCB methods. Compared
with the forecasted wind field based backtracking method, the
SaTCN-based method reduces the distance error by 4187 m.
The Sanchi oil spill backtracking experiments validate that the
SaTCN based WFCB method is in favor of accurate backtrack-
ing results.

D. Symphony Oil Spill Backtracking

In this subsection, we validate the effectiveness of the WFCB
method on the Symphony oil spill accident. The oil spill back-
tracking started from the time when the remote sensing image
[shown in Fig. 12(a)] had been just acquired. At that time, the
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Fig. 18. Sanchi oil spill backtracking results based on different wind fields. The black dots represent the present oil spill locations. The blue dots represent the
central locations of the oil spills at historical moments. The blue triangle represents the backtracked location of the oil spill source and the red triangle represents
the true location of the oil spill source. (a) Backtracking based on forecasted wind fields from ECMWF. (b) Backtracking based on observed wind fields from
CMEMS. (c) Backtracking based on corrected wind fields from ConvLSTM. (d) Backtracking based on corrected wind fields from HGAN. (e) Backtracking based
on corrected wind fields from TCN. (f) Backtracking based on corrected wind fields from SaTCN.

TABLE IX
SOURCE LOCATION ERRORS OF SANCHI OIL SPILL BASED ON THE BASIC BACKTRACKING METHOD AND THE WFCB METHOD
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Fig. 19. Visual illustrations of (a) the forecasted wind field, (b) the observed wind field, (c) the reanalysis wind field, and (d) the corrected historical wind field
from the SaTCN on April 27, 2021 at 06:00 UTC in the overall direction.

Fig. 20. Wind directions of (a) the forecasted wind field, (b) the observed wind field, (c) the reanalysis wind field, and (d) the corrected historical wind field from
the SaTCN on April 27, 2021 at 06:00 UTC.

historical reanalysis wind fields are not available. As described in
Section VI-C, the timely, accurate oil spill backtracking should
be conducted based on the corrected historical wind fields.

Section VI-B has demonstrated that the proposed SaTCN
has a better correction performance between April 1, 2021 at
00:00 UTC and May 1, 2021 at 18:00 UTC. The corrected
historical wind fields are more similar to the reanalysis wind
fields than the forecasted wind fields and the observed wind
fields. As shown in Fig. 19, the historical wind field corrected
by the SaTCN [see Fig. 19(d)], especially in the red box area, is
visually more similar to the reanalysis wind field [see Fig. 19(c)]
than the forecasted wind field [see Fig. 19(a)] and the observed
wind field [see Fig. 19(b)]. Fig. 20 describes the overall di-
rections of the wind fields illustrated in Fig. 19. We utilize
these corrected historical wind fields for the Symphony oil spill
backtracking.

Fig. 21 presents the Sanchi oil spill backtracking results based
on SaTCN corrected wind fields. The thousands of black dots
represent the present locations of oil spill particles. Oil spill
backtracking is conducted using these oil particles to simulate
the historical drift trajectory. The blue dots represent the central
locations of the oil spills at historical moments. The blue triangle
represents the backtracked location of the oil spill source and
the red triangle represents the true location of the oil spill
source.

Fig. 22 presents the Symphony oil spill backtracking results
based on different wind fields. By comparing different back-
tracking results in Fig. 22, we observe that the backtracking
results based on SaTCN corrected wind fields are more close to
the true oil spill source than those based on other wind fields.

Fig. 21. Symphony oil spill backtracking results based on SaTCN corrected
wind fields. The black dots represent the oil spill locations at historical moments.
The blue dots represent the central locations of the oil spills at historical
moments. The blue triangle represents the backtracked location of the oil spill
source and the red triangle represents the true location of the oil spill source.

Table X presents the backtracking errors based on the basic
backtracking methods and the WFCB methods. By comparing
the backtracking errors, we can see that the errors of the WFCB
methods are lower than those of the basic backtracking methods.
The SaTCN-based WFCB method has lower errors than other
deep learning model-based methods. Compared with the ob-
served wind field-based backtracking method, the SaTCN-based
method reduces the distance error by 1972 m. The backtracking
experiments of the Symphony oil spill accident validate the
effectiveness of the SaTCN-based WFCB method in accurate
oil spill backtracking.
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Fig. 22. Symphony oil spill backtracking results based on different wind fields. The black dots represent the present oil spill locations. The blue dots represent the
central locations of the oil spills at historical moments. The blue triangle represents the backtracked location of the oil spill source and the red triangle represents the
true location of the oil spill source. (a) Backtracking based on forecasted wind fields from NCEP. (b) Backtracking based on observed wind fields from CMEMS. (c)
Backtracking based on corrected wind fields from ConvLSTM. (d) Backtracking based on corrected wind fields from HGAN. (e) Backtracking based on corrected
wind fields from TCN. (f) Backtracking based on corrected wind fields from SaTCN.

TABLE X
SOURCE LOCATION ERRORS OF SYMPHONY OIL SPILL BASED ON THE BASIC BACKTRACKING METHOD AND THE WFCB METHOD
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VII. CONCLUDING REMARKS

A. Conclusion

In this article, we have developed an oil spill timely back-
tracking method oriented by wind field correction for locating
pollution sources accurately. The wind field correction is con-
ducted by an SaTCN framework, which is able to provide cor-
rected historical wind fields that approximate the corresponding
reanalysis wind fields. The corrected historical wind fields have
enabled timely and accurate oil spill backtracking. Extensive
experiments have validated the effectiveness of the proposed
backtracking method in the Sanchi and Symphony oil spill
accidents. Compared with the forecasted wind field-based back-
tracking method, the SaTCN-based method reduces the distance
error by 4187 m in the Sanchi oil spill accident. Compared
with the observed wind field-based backtracking method, the
SaTCN-based method reduces the distance error by 1972 m in
the Symphony oil spill accident.

B. Limitations

There are various issues that may influence the fate of oil
spills on the sea surface. Our work has focused on one major
issue of wind fields and managed to increase the accuracy of
oil spill backtracking by developing deep learning method for
improving the accuracy of the wind field data. The other issues
such as the type of spilled oil and the effects of oil weathering
are not considered in our current work.

C. Future Work

As with any new approach, there are some unresolved issues
that may present challenges over time. Our future research will
include the development of a more comprehensive oil spill
backtracking model [11] that can account for the movement of
oil spills considering the type of spilled oil and the effects of
oil weathering. In addition, using a regional marine circulation
model instead of the global model HYCOM may provide current
fields with higher temporal and spatial resolutions, which would
improve the backtracking accuracy effectively.
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