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O1l Spill Drift Prediction Enhanced by Correcting
Numerically Forecasted Sea Surface Dynamic
Fields With Adversarial Temporal
Convolutional Networks

Peng Ren™, Senior Member, IEEE, Qilin Jia, Qing Xu

Abstract— Timely and accurate representation of sea surface
dynamic fields is crucial for oil spill drift prediction. Numerically
forecasted sea surface dynamic fields are available in a timely
manner, but their accuracy is limited. Conversely, reanalysis sea
surface dynamic fields offer superior accuracy but suffer from
time delays. To enhance the performance of oil spill drift predic-
tion, we propose a deep-learning-based approach to correcting
numerically forecasted sea surface dynamic fields, aligning them
more closely with reanalysis sea surface dynamic fields. Our
approach introduces an adversarial temporal convolutional net-
work (ATCN) framework, consisting of a temporal convolutional
network (TCN)-based corrector and a discriminator. The TCN
can characterize sea surface dynamic field sequences both spa-
tially and temporally. In this scenario, the corrector processes
the numerically forecasted sea surface dynamic fields and out-
puts corrected sea surface dynamic fields that approximate the
reanalysis sea surface dynamic fields. Adversarial training with
the discriminator further refines the corrector. This approach
enhances timely oil spill drift prediction using the corrected sea
surface dynamic fields. We also provide a dataset of oil spill drifts
from the Symphony and Sanchi accidents, including related sea
surface dynamic field data and oil spill remote sensing data,
establishing a baseline for evaluating oil spill drift prediction.
Experiments on this dataset validate the ATCN framework’s
effectiveness in enhancing oil spill drift prediction.

Index Terms— Adversarial temporal convolutional networks
(ATCNs), oil spill drift prediction, sea surface dynamic fields.

I. INTRODUCTION
HE impacts of oil spills on damaging marine ecosystems
and economies have been widely recognized [1], [2], [3],
[4], [5]. One important effort to quickly respond and mitigate
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these negative impacts is the timely and accurate prediction of
oil spill drifts [1], [6], [7]. In this scenario, timely and accurate
data representing sea surface dynamic fields, which drive oil
spill drifts, play a crucial role [8].

Dynamic field data can be obtained through various meth-
ods, with two major families stemming from numerical
forecast and reanalysis. The two families are complementary
in terms of timeliness and accuracy. In addition, both require
remote sensing for data refinement.

In this section, we begin by reviewing the research liter-
ature on numerically forecasted sea surface dynamic fields
and reanalysis sea surface dynamic fields. We then com-
pare them and discuss their complementarity. Following this,
we review oil spill drift prediction and propose a deep
learning-based approach to enhancing oil spill drift prediction.
Finally, we summarize our novel contributions and give the
organization of this article.

A. Review of Numerically Forecasted Sea Surface Dynamic
Fields

Numerically forecasted sea surface dynamic fields are data
generated by numerical models to depict forecasted future sea
surface dynamic situations.

The global forecast system (GFS) by the National Centers
for Environmental Prediction (NCEP) was among the first to
provide numerically forecasted sea surface dynamic fields [9].
The European Centre for Medium-Range Weather Forecasts
(ECMWF) established an integrated forecasting system, ref-
erenced in Roberts’ 2018 climate study. In addition, the
United States Navy developed the Navy Coupled Ocean Data
Assimilation (NCODA), which contributed to the launch of the
global ocean forecasting system (GOFS). These forecasting
systems are indispensable, providing essential resources of
numerically forecasted sea surface dynamic fields for both
research and practical applications.

Numerically forecasted sea surface dynamic fields are gen-
erated by numerical models rooted in physical laws [10].
They can be obtained in a timely manner. However, their
accuracy is limited. First, numerical models are formulated as
physical equations that follow ocean dynamic laws but lack
fine variability. Second, observational data, especially remote
sensing data, can just be partially used to initialize numerical
models for forecasting future dynamic fields. Despite efforts
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to assimilate observational data, its capability to improve
forecasted future dynamic fields is constrained.

B. Review of Reanalysis Sea Surface Dynamic Fields

Reanalysis sea surface dynamic fields are generated through
reanalyzing numerically forecasted sea surface dynamic fields
by referencing an extensive array of high-quality remote
sensing and in situ historical observations [1], [5]. They are
widely considered as accurate representations of sea surface
dynamic fields.

The collaboration between NCEP and the National Center
for Atmospheric Research (NCAR) resulted in the develop-
ment of the Reanalysis-1 model [11], which comprehensively
addresses complex conditions, including those in coastal
regions [12]. This effort was further advanced by the
Reanalysis-2 model, jointly proposed by NCEP and the
Department of Energy (DOE) [13]. In addition, the ECMWF
significantly contributed a series of reanalysis models, includ-
ing ERA-40 [14], ERA-Interim [15], and ERA-5 [16]. These
schemes provide reanalysis sea surface dynamic fields as accu-
rate resources for various research and practical operations.

While reanalysis sea surface dynamic fields rely heavily on
historical observations to maintain their high accuracy, they
inevitably suffer from long time delays [17].

C. Comparison Between Numerically Forecasted and
Reanalysis Data, and Their Complementarity

Numerically forecasted sea surface dynamic fields are gen-
erated by numerical models to depict future sea surface
dynamic situations. They can provide timely data for driving
oil spill drift prediction models. Conversely, reanalysis sea
surface dynamic fields are historical data that represent past
dynamic fields. They cannot be directly used for driving oil
spill drift prediction models because of their latency.

On the other hand, the accuracy of numerically fore-
casted sea surface dynamic fields is limited because these
fields are generated by solving fixed physical equations with
observations as partial initializations. Conversely, reanalysis
sea surface dynamic fields are much more accurate because
they involve plenty of remote sensing and in situ historical
observations for reanalyzing the numerically forecasted sea
surface dynamic fields.

Accesses to numerically forecasted and reanalysis data
related to sea surface dynamic fields on a global scale is pri-
marily facilitated through institutions such as NCEP, NCAR,
ECMWEF, CMEMS, and HYCOM. The pros and cons of
numerically forecasted sea surface dynamic fields and reanal-
ysis sea surface dynamic fields are summarized in Table I. It is
observed that they are complementary in terms of timeliness
and accuracy. It is anticipated that data representation which
takes advantages of both the timeliness of numerical forecast
and the accuracy of reanalysis can be explored for oil spill
drift prediction.

D. Review of Oil Spill Drift Prediction and Proposal for Its
Enhancement

One representative method for oil spill drift prediction
is the Lagrangian scheme [18], which considers oil spills
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as a collection of discrete particles and drives the oil spill
particles using wind and current fields. The Stokes drift model
is another typical method which takes more comprehensive
dynamic fields into consideration. Although various oil spill
drift prediction models have been developed, it is widely
accepted that the drift of oil spills is predominantly influenced
by sea surface dynamic forces [19] including winds, currents,
etc.

Most existing methods for predicting oil spill drift tra-
jectories heavily rely on numerically forecasted sea surface
dynamic fields, sourced from operational forecasting systems.
Liu et al. [20], [21], [22] demonstrated the feasibility of
merging satellite imagery of oil spills with numerical models
of ocean circulation for the purpose of capturing oil spill
movements, especially in the Deepwater Horizon incident. The
OILTRANS model [23] exemplified oil spill drift prediction
in the Celtic Sea. Cheng et al. [24] applied an operational
forecasting model to delineate the trajectory of oil spills
from the Gannet Alpha platform. Jones et al. [25] analyzed
the drift dynamics of various oil types in the North Sea.
Rohrs et al. [26] used the OpenOil model to investigate drift
processes. Brekke et al. [27] conducted a comparative study
of oil spill drift prediction referencing remote sensing and
in situ observations, underscoring the critical influence of
wind and current on oil spill drift prediction. The numerical
forecasting systems can provide timely representations of
future sea surface dynamic fields to drive oil spill drift models.
However, their accuracy tends to be limited as discussed in
Sections I-A and I-C.

Numerous attempts using traditional techniques such as
Kalman filtering and support vector machines have been
made in improving forecasted sea surface dynamic fields [28],
[29], [30], [31], [32], [33], [34], [35], [36]. These methods
apply to a wide range and consider various environmental
factors, geographical location, and model errors. Furthermore,
there are forecast correction methods tailored for specific
models and data sources, such as the Aladin model and
the ECMWF numerical weather prediction model [32], [36],
[37], [38]. In recent years, deep learning has significantly
advanced remote sensing technology in both land and ocean
observation [39], [40], [41], [42], [43], [44], [45], [46], [47],
[48], [49], [50], [511, [52], [53], [54], [55]. More recently,
utilization of various deep learning models for improving sea
surface dynamic field forecasts has emerged as a remarkable
trend. These deep learning methods encompass convolutional
neural networks (CNNs), recurrent neural networks (RNNs),
and long short-term memory (LSTM) networks, among others.
Notably, advancements such as the adversarial ConvLSTM
network [56] and the self-attention temporal convolutional
network (TCN) [57], which are enhancements based on LSTM
and TCN, respectively, have been applied to wind field cor-
rection, yielding effective outcomes. However, these methods
have limitations in comprehensively characterizing both tem-
poral and spatial variations.

Based on the above reviewed literature, we make three
key observations. First, numerically forecasted sea surface
dynamic fields and reanalysis sea surface dynamic fields can
form data pairs that train deep learning models to correct the
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TABLE I
TIMELINESS AND ACCURACY OF SEA SURFACE DYNAMIC FIELDS

Data Agency Update Timeliness | Accuracy
) ) NCEP +14 days
Numerically forecasted sea surface dynamic fields v X
HYCOM +5 days
. . CMEMS -7 days
Reanalysis sea surface dynamic fields X v
ECMWF -5 days

former, approximating them to the latter. Second, sea surface
dynamic fields exhibit rich temporal and spatial information,
highlighting the need for a new deep learning framework that
comprehensively captures both temporal and spatial variations
to correct numerically forecasted sea surface dynamic fields
using their corresponding reanalysis data. Third, the corrected
sea surface dynamic fields are expected to drive oil spill drift
prediction models in a timely and accurate manner. In light
of these observations, we propose to develop an adversarial
TCN (ATCN) framework to correct numerically forecasted
sea surface dynamic fields, aligning them more closely with
reanalysis data, and use these corrected sea surface dynamic
fields as driving forces for oil spill drift prediction.

E. Novel Contributions

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

1) ATCNs for Sea Surface Dynamic Field Correction: A
novel ATCN framework is introduced to effectively cor-
rect numerically forecasted sea surface dynamic fields
by capturing spatial correlations and temporal varia-
tions (see Section II). It produces corrected sea surface
dynamic fields that closely align with reanalysis data,
enabling timely and accurate representation of sea sur-
face dynamic fields.

2) QOil Spill Drift Prediction Enhanced by the Corrected Sea
Surface Dynamic Fields: We propose using the corrected
sea surface dynamic fields obtained through the ATCN
framework as driving forces for oil spill drift prediction
models (see Section III). This approach enhances the
performance of oil spill drift prediction with superior
prediction outcomes.

3) Baseline Dataset for Evaluating Oil Spill Drift Pre-
diction: The effectiveness of the proposed oil spill
drift prediction method is evaluated by comprehensive
experiments on data related to the Sanchi and Symphony
oil spill accidents. We release the dataset and code for
public evaluations (see Section 1V).

F. Article Organization

The structure of this article is outlined as follows: Section II
introduces the ATCN framework, the training process of the
ATCN:s, and the sea surface dynamic field correction with the
trained ATCNS. Section III presents a sea surface dynamic field
correction-based oil spill drift prediction (SDFCP) strategy.

Section IV presents the datasets, which include various sea
surface dynamic field data and oil spill remote sensing data
for the Symphony and Sanchi accidents. Section V presents
the experimental results, which validate the correction per-
formance of the ATCNs and validate the effectiveness of the
SDFCP strategy. Finally, Section VI provides the concluding
thoughts for this article.

II. ATCNS FOR SEA SURFACE DYNAMIC FIELD
CORRECTION

In this section, we introduce ATCNs for correcting numer-
ically forecasted sea surface dynamic fields. Section II-A
introduces the overall ATCN framework, which consists of a
corrector and a discriminator. Sections II-B and II-C introduce
the architectures of the corrector and the discriminator, respec-
tively. Section II-D introduces the loss functions for training
the corrector and the discriminator. Section II-E introduces the
proposed sea surface dynamic field correction approach.

A. Framework Overview

A dynamic field has two components in the u- and
v-directions. In our work, the two components are processed
separately in the same manner. Before Section V (i.e., the
section of experimental evaluations), each component will
be indiscriminately referred to as a dynamic field for the
purpose of concise formulations. Let F ,f , F7, and F; denote
the numerically forecasted sea surface dynamic field, the
reanalysis dynamic field, and the corrected dynamic field at
time ¢, respectively.

Fig. 1 illustrates the proposed ATCN framework, which con-
sists of a corrector and a discriminator. The corrector takes a
sequence of numericalljy forecasted sea surface dynamic fields
{thfTw . ,F,f, R Ft+T2} as input, and produces a corrected
sea surface dynamic field F; for the numerically forecasted sea
surface dynamic field F ,f as output. The discriminator takes
either {F;, F, ,f } pair or {F, F ,f } pair as input, and outputs a
score reflecting the similarity between the two dynamic fields
in one pair.

The corrector and the discriminator are trained in an adver-
sarial manner until the corrector produces corrected sea surface
dynamic fields which closely approximate the reanalysis sea
surface dynamic fields. This adversarial training approach
refines the corrector’s ability, in favor of improving correction
accuracy.
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B. Corrector

As illustrated in Fig. 2, the corrector consists of
L 3-D CNN (3DCNN) modules, one 2DCNN module,
and a residual learning operation. The corrector takes a
sequence of numerically forecasted sea surface dynamic
fields {F{:TI, R F,f, . ,F,f+T2} as input, and produces a
corrected sea surface dynamic field F; for the numerically
forecasted sea surface dynamic field F,f as output. The
3DCNN modules operate causal convolutions. The sequence
{HLT], L HL L Hﬁ+T2} are the output feature maps from
the /th 3DCNN layer, where 1 </ < L.

They are computed as follows:

{H_,,....H,.. H_,}

=3DCNN(H,}.,....H,”', ..., H;}) (1)

where 3DCNN(-) denotes the operations performed by
the 3DCNN module. The causal convolutions ensure
that Hﬁ depends only on the previous feature map
sequence {Htln e Hﬁfl}. The Lth 3DCNN module outputs
{Hf ;.....H, ... H} .} The output of the final 3DCNN
module is the input to the 2DCNN module. Let 2DCNN(-)
denote the operations performed by the 2DCNN module.
As illustrated in Fig. 2, the corrector uses a residual learning
strategy, which adds the numerically forecasted sea surface

dynamic field F ,f to the output of the 2DCNN. The corrected
sea surface dynamic field F; is given by

F¢=F/ +2DCNN(HL ., ... . H', ... H ). ()

The TCN effectively extracts spatial and temporal features
from the dynamic field sequence, rendering the corrected
sea surface dynamic field F; by considering comprehensive
spatiotemporal variations.

C. Discriminator

As illustrated in Fig. 3, the discriminator consists of five
convolutional layers, with LReL.U activation functions follow-
ing the first four layers. The discriminator takes {F,, F tf } as
input, where F, can be either F; or F;. The output D(F,, F',f )
is a score representing the average value of the feature map
generated by the discriminator’s final convolutional layer,
where D(-,-) denotes the discriminator’s operations. A big
score of D(F,, F ‘,f ) reflects that the F, closely aligns with F7.

D. Training

Let L¢, denote the loss function for training the corrector.
It penalizes the difference between the corrected sea surface
dynamic fields and the reanalysis sea surface dynamic fields
and also penalizes the correct judgment of the discriminator.
It is given by

Le, = M|[F; = Fil|, - p(F:.F/) 3
where \; is a balancing parameter, ||[F; — F{|; is an £;-norm
loss, and —D(F,”,F,f) is an adversarial loss. Minimizing (3)
trains the corrector to align F; closely with F;.

Let Lp, denote the loss function for training the discrimi-
nator. Minimizing it aims to improve its ability to distinguish
between the corrected sea surface dynamic fields and the
reanalysis sea surface dynamic fields. It is given by

exffveo(E ) -] @
where )\, is a balancing parameter, F,isa randomly sampled
value between F¢ and F), the term [D(F,f, F) — D(F/, F)]
captures the adversarial loss, driving the discriminator to see
F? as fake and F7 as real, and the term [||V;71D(I~7,, F,f)||2—1]2
is the gradient penalty loss, aiming to keep gradient stability.

Minimizing (4) trains the discriminator to distinguish F; from
Fr
T
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E. Wind and Current Field Correction

In this section, we introduce the proposed sea sur-
face dynamic field correction approach, using the ATCN
framework.

The training process of the ATCNs is given in Algorithm 1.
The training alternates between the corrector and the discrim-
inator in an adversarial manner. This means they compete to
improve their abilities. The corrector is trained to make better
corrections. The discriminator is trained to better distinguish
the fields. The training stops when the discriminator keeps
giving constant scores, such that it cannot distinguish between
the corrected sea surface dynamic fields and the reanalysis sea
surface dynamic fields. At this point, both the corrector and
the discriminator have reached their best performance where
the corrector generates the most accurate corrected sea surface
dynamic fields.

Algorithm 1 Training Process of the ATCNs

Input: The training dataset, comprising numerically fore-
casted sea surface dynamic fields and their corresponding
reanalysis sea surface dynamic fields.

Output: The trained ATCNs parameters.
for each training epoch do

for each training data sample do
Input a sequence of numerically forecasted sea sur-
face dynamic fields {Ff_Tl, ...,F‘,f, .. .,FZ+T2} and a
reanalysis sea surface dynamic field F7.
Compute the corrected sea surface dynamic field Fy
according to (2).
Train the discriminator: Update the parameters of the
discriminator by minimizing Lp, in (4).
Train the corrector: Update the parameters of the
corrector by minimizing L¢, in (3).

end for

end for

As described in Section I-C, the reanalysis wind fields
and the analysis current fields are considered accurate. They
are used as the ground-truth wind fields and current fields.
Although the ATCNs need reanalysis wind fields and analysis
current fields during training, they do not need these fields
during practical operations. Therefore, the corrected sea sur-
face dynamic fields are obtained without delay and they can
enable timely and accurate oil spill drift prediction.

IITI. OIL SPILL DRIFT PREDICTION ENHANCED BY THE
CORRECTED SEA SURFACE DYNAMIC FIELDS

In this section, we develop an SDFCP strategy. To this end,
we commence by presenting a basic oil spill drift prediction
strategy, as illustrated in Fig. 4, where the core is an oil
spill drift numerical prediction model. The oil spill drift
numerical prediction model is normally formulated subject to
a Lagrangian scheme that considers oil spills as a collection
of individual particles [19]. In this scenario, oil spill drift
prediction is transformed into predicting the drift of a large
number of oil spill particles. The oil spill drift numerical
prediction model is mainly driven by two factors, sea surface
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wind fields and sea surface current fields [58], [59]. Therefore,
the inputs of the model include oil spill positions extracted
from remote sensing data, numerically forecasted wind fields,
and numerically forecasted current fields, and the outputs are
predicted oil spill particle positions.

As presented in Section II-A, a dynamic field has two
components in the #- and v-directions, separately. For an oil
spill particle, let wy and w} denote the sea surface wind field
components at time ¢ in the eastward and northward directions,
respectively. Similarly, let ¢/ and ¢; denote the sea surface
current components in the eastward and northward directions,
respectively.

Let u, and v, denote the eastward (x) and northward (v)
drift speed components, respectively. They are given by

up = oyw, + aec;
v v
Uy, = oW, + ey (5

where «,, and o, denote the weighting factors for the wind
speed and the current speed, respectively.

Let At denote the time increment for oil spill drift. Let Ax),
and Ay, denote the eastward (u) and northward (v) compo-
nents of drift displacement, respectively. The two displacement
components over At are given by

Ax, = u,At
Ay, = v,At. (6)

Let R, denote a random variable with a zero mean and a unit
variance, i denote a parameter for weighting the randomness
in movement, E, denote the rate of horizontal random motion,
and 6 denote a directional angle uniformly distributed over
a circle. Let Ax, and Ay, denote the eastward (u) and
northward (v) components of random movement displacement,
respectively. They are given by

Ax, = R,
Ay, =R,

WE, Atcosd
WE, At sinf. (7

Let Ax and Ay denote the eastward (1) and northward (v)
components of the total drift displacement, respectively. They
are given by

Ax = Ax, + Ax,
Ay = Ay, + Ay,. (8)

Let (x;, y;) denote the geographical coordinates (i.e., lon-
gitude and latitude) of an oil spill particle at time ¢. Let y
denote the displacement that corresponds to one degree of
latitude along the same meridian. The position (X;yar, Yr+ar)
of the oil spill particle at the time ¢ + At is given by

Axp
Xiyar = X+ —
Y COS y;
Ay
Yirar =y + TP ©)

The wind field components (i.e., w; and w;) and the
current field components (i.e., ¢; and c¢;) are crucial factors
for maintaining the performance of oil spill drift prediction.
The accuracy of the oil spill drift prediction heavily relies on

the accuracy of the wind fields and current fields.
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Fig. 5. Sea surface dynamic field correction-based oil spill drift prediction.

Most existing works tend to use numerically forecasted sea
surface dynamic fields (i.e., both wind fields and current fields)
as inputs of the oil spill drift numerical prediction model. The
numerically forecasted sea surface dynamic fields are timely
but with limited accuracy. To improve the accuracy of the sea
surface dynamic fields while maintaining their timeliness as
well, we develop an SDFCP strategy, which is illustrated in
Fig. 5.

The SDFCP strategy exploits a well-trained ATCN frame-
work to correct numerically forecasted sea surface dynamic
fields into more accurate sea surface dynamic fields (as pre-
sented in Section II-E). In practical operations, the ATCNs
take a sequence of numerically forecasted sea surface dynamic
fields {F,’:T], e, th, R F[J£+T2} (wind fields or current
fields) as input and output a corrected sea surface dynamic
field F; (i.e., a corrected current field or a corrected wind
field) at a specific time 7. In the novel SDFCP strategy, the
corrected current field is used as the current field component
¢t or ¢ in (5), and the corrected wind field is used as the
wind field component w; or w; in (5). They offer more
accurate current field components and wind field compo-
nents to the oil spill drift numerical prediction model. The
predicted oil spill particle positions are obtained according
to (5)—(9).

Here, we make two observations. First, the corrected sea sur-
face dynamic fields are more accurate than their corresponding
numerically forecasted sea surface dynamic fields, and they are
supposed to drive the oil spill drift numerical prediction model
to give more accurate oil spill drift prediction results. Second,
when the numerically forecasted sea surface dynamic fields
are obtained, they are immediately processed by the ATCNs
into the corrected sea surface dynamic fields, which enable the
timeliness of the oil spill drift prediction. Therefore, the novel

SDFCP strategy gives both accurate and timely oil spill drift
prediction results.

Our method can be implemented immediately upon observ-
ing an oil spill, as the necessary components—the trained
corrector and the numerically forecasted sea surface dynamic
fields—are both readily available. The corrector is already
trained, and the forecasted dynamic fields can be accessed
several days in advance.

The overall strategy of enhancing oil spill drift prediction by
correcting numerically forecasted sea surface dynamic fields
with ATCNs is applicable globally. However, sea surface
dynamics can vary significantly between open seas and coastal
areas. Therefore, it is essential to train and implement the
ATCNs specifically for the region where the strategy will be
applied.

IV. DATASETS FOR SYMPHONY AND SANCHI OIL SPILL
ACCIDENTS

In this section, we present a dataset of sea surface dynamic
fields and a dataset of oil spills, both of which are for Sym-
phony and Sanchi oil spill accidents. The datasets along with
the code for implementing the proposed method are released
at https://github.com/jiaqilin114/UPC_OilSpill_Track.

A. Dataset: Sea Surface Dynamic Fields

In this section, we present the sea surface dynamic field
dataset, including numerically forecasted wind fields, reanal-
ysis wind fields, numerically forecasted current fields, and
analysis current fields.

As presented in Table II, the numerically forecasted wind
fields are sourced from the NCEP-GFS archive, and the
reanalysis wind fields are sourced from the ECMWF-ERAS
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Fig. 6. Sea surface dynamic fields in the u-direction on May 1, 2021 at 00:00 UTC. (a) Numerically forecasted wind field. (b) Reanalysis wind field.
(c) Numerically forecasted current field. (d) Analysis current field.

TABLE 1I
SEA SURFACE DYNAMIC FIELD DATA
Data type Data source | Spatial resolution | Temporal resolution
Numerically forecasted wind fields NCEP 0.125° x 0.125° 6 hours
Reanalysis wind fields ECMWF 0.125° x 0.125° 6 hours
Numerically forecasted current fields HYCOM 0.125° x 0.125° 6 hours
Analysis current fields CMEMS 0.125° x 0.125° 6 hours

archive. The numerically forecasted current fields are sourced 241 x 2 has two components (i.e., # and v). The dynamic
from the HYCOM-GLBYy0.08 archive, and the analysis current fields are described separately as follows.

fields are sourced from the CMEMS-GOPAF archive. The 1) The numerically forecasted wind fields are provided for
data region covers the area (40°N, 110°E) to (10°N, 140°E). two periods: January 1-December 31, 2021, and January
It covers both from the Symphony and Sanchi oil spill acci- 1-December 31, 2018. Each period includes 1460 wind
dents. As presented in Table 1II, the spatial resolution is set to fields.

0.125° x 0.125° through sampling, and the temporal resolution 2) The reanalysis wind fields are provided for two periods:
is set to 6 h. Each dynamic field (i.e., numerically forecasted January 1-December 31, 2021, and January 1-December
dynamic field or reanalysis dynamic field) with a size of 241 x 31, 2018. Each period includes 1460 wind fields.
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TABLE III
REMOTE SENSING DATA FOR THE SYMPHONY OIL SPILL ACCIDENT
Capture date File name Satellite
2021-05-01 S1A_IW_GRDH_1SDV_20210501T095610_20210501T095635_037693_047292_191D | Sentinel-1
2021-05-02 GF1_WFV4_E122.0_N35.0_20210502_L1A0005626723 GF-1
2021-05-05 GF1_WFVI1_EI121.3_N36.3_20210505_L1A0005631787 GF-1
2021-05-07 S1B_IW_GRDH_1SDV_20210507T095540_20210507T095605_026797_03337C_693E | Sentinel-1

TABLE IV
REMOTE SENSING DATA FOR THE SANCHI OIL SPILL ACCIDENT
Capture date File name Satellite
2018-01-18 S2A_MSIL1C_20180118T022021_N0206_R003_T51RYM_20180118T073758 | Sentinel-2
2018-01-20 GF1_WFV4_E125.4 N28.4_20180120_L1A0002945335 GF-1

Fig. 7. Symphony oil spill remote sensing data captured by the Sentinel-1 satellite on May 1, 2021 at 09:56 UTC: image, patch, and oil spill position.

Fig. 8. Symphony oil spill remote sensing data captured by the GF-1 satellite on May 2, 2021 at 10:55 UTC: image, patch, and oil spill position.

Fig. 9.  Symphony oil spill remote sensing data captured by the GF-1 satellite on May 5, 2021, at 10:28 UTC: image, patch, and oil spill position.

Fig. 10. Symphony oil spill remote sensing data captured by the Sentinel-1 satellite on May 7, 2021, at 09:55 UTC: image, patch, and oil spill position.
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Fig. 11.
Fig. 12.
TABLE V
PARAMETER CONFIGURATION FOR THE
ATCN FRAMEWORK
Layer Filter Kernel Padding
3DCNN + LReLU 256 3x3 causal
c 3DCNN + LReLU 128 3x3 causal
3DCNN + LReLU 64 3x3 causal
3DCNN + LReLU 32 3%x3 causal
2DCNN + LReLU 1 1x1 same
Conv + LReLU 64 5%5 same
D Conv + LReLU 128 3x3 same
Conv + LReLU 64 3x3 same
Conv 1 3x%3 same

C refers to the Corrector, D refers to the Discriminator.

3) The numerically forecasted current fields are provided
for the period from January 1 to December 31, 2021,
comprising a total of 1460 current fields.

4) The analysis current fields are provided for the period
from January 1 to December 31, 2021, comprising a
total of 1460 current fields.

We present visual examples of the sea surface dynamic
fields in the u-direction on May 1, 2021 at 00:00 UTC in
Fig. 6. Fig. 6(a) and (b) illustrates the numerically forecasted
wind field and the reanalysis wind field, respectively. Fig. 6(c)
and (d) illustrates the numerically forecasted current field and
the analysis current field, respectively.

In our study, the corrected sea surface dynamic fields
have temporal and spatial resolutions of 0.125° and 6 h,
respectively, which match the resolutions of the numerically
forecasted sea surface dynamic fields. However, our method
is equally applicable if numerically forecasted sea surface
dynamic fields with higher temporal and spatial resolutions
are used, yielding the same solution.

4701018

Sanchi oil spill remote sensing data captured by the Sentinel-2 satellite on January 18, 2018, at 02:20 UTC: image, patch, and oil spill position.

Sanchi oil spill remote sensing data captured by the GF-1 satellite on January 20, 2018, at 11:17 UTC: image, patch, and oil spill position.

B. Dataset: Oil Spills

In this section, we present the remote sensing dataset for
both the Symphony and Sanchi oil spill accidents. Auto-
matic oil spill detection is a crucial but challenging task,
especially when oil spill features are unclear. On the other
hand, our work focuses on oil spill drift prediction. For this
purpose, oil spills are manually detected by experts to provide
reliable evidence for validating our oil spill drift prediction
strategy.

The dataset includes remote sensing data during the
processes of both the Symphony and Sanchi oil spill
accidents.

1) Symphony Oil Spill Accident: The time range of the
remote sensing data is between May 1, 2021 and May 7,
2021. The data were captured at four times. Details of
the remote sensing data about the Symphony oil spill
accident are presented in Table III.

2) Sanchi Oil Spill Accident: The time range of the remote
sensing data is between January 18, 2018 and January
20, 2018. The data were captured at two times. Details
of the remote sensing data about the Sanchi oil spill
accident are presented in Table IV.

Fig. 7 illustrates the remote sensing data captured by the
Sentinel-1 satellite on May 1, 2021, at 09:56 UTC, for the
Symphony accident. Fig. 8 illustrates the remote sensing data
captured by the GF-1 satellite on May 2, 2021, at 10:55 UTC,
for the Symphony accident. Fig. 9 illustrates the remote
sensing data captured by the GF-1 satellite on May 5, 2021,
at 10:28 UTC, for the Symphony accident. Fig. 10 illustrates
the remote sensing data captured by the Sentinel-1 satellite
on May 7, 2021, at 09:55 UTC, for the Symphony accident.
Fig. 11 illustrates the remote sensing data captured by the
Sentinel-2 satellite on January 18, 2018, at 02:20 UTC, for
the Sanchi accident. Fig. 12 illustrates the remote sensing
data captured by the GF-1 satellite on January 20, 2018,
at 11:17 UTC, for the Sanchi accident.
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Fig. 13. Wind field correction performances in the u-direction between May 1, 2021 at 00:00 UTC and May 8, 2021 at 06:00 UTC. (a) RMSE at 30 moments

with 6-h intervals. (b) MAE at 30 moments with 6-h intervals.
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12 moments with 6-h intervals. (b) MAE at 12 moments with 6-h intervals.

V. EXPERIMENTAL EVALUATIONS

This section comprehensively evaluates our novel oil spill
drift prediction strategy through extensive experiments on the
Symphony and Sanchi oil spill accidents, specifically focusing
on the efficacy of our strategy that incorporates corrections to
wind and current fields via the ATCN framework. Synthetic
aperture radar (SAR) remote sensing data and optical remote
sensing data from Sentinel-1, Sentinel-2, and GF1 presented
in Section IV-B are used for validating the oil spill drift
prediction results.

A. Experimental Settings

We describe the settings and metrics used in our experi-
ments. Our method is implemented in Python3 on two Intel
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Current field correction performances in the u-direction between May 1, 2021 at 00:00 UTC and May 8, 2021 at 06:00 UTC. (a) RMSE at
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(b)

Wind field correction performances in the u-direction between January 18, 2018 at 00:00 UTC and January 20, 2018 18:00 UTC. (a) RMSE at

Xeon Gold 5218R CPUs and NVIDIA Geforce V100 GPUs,
using TensorFlow 1.15.0.

1) Sea Surface Dynamic Field Correction: For evaluating
the performance of the ATCN framework for sea surface
dynamic field correction, we set the parameters for training the
ATCNs in the experiments as follows. The number of 3DCNN
modules is L = 4. The input sequence length (T} + T, + 1) is
set to 4, where 7| = 2 and T, = 1. The learning rate is 0.0005.
Both the corrector and the discriminator in the ATCNs are
trained using the Adam optimizer. Both the balance parameters
A; and A, are set to 10. The parameter configuration of the
ATCN framework is presented in Table V.

We use the data presented in Section IV-A for experiments.
The 1430 wind fields from January 1 to May 1, 2021, and
from May 8 to December 31, 2021, are used for training. The
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30 wind fields from May 1 to May 8 are used to test the
correction performance. The 1430 current fields from January
1 to May 1, 2021, and from May 8 to December 31, 2021, are
used for training. The 30 current fields from May 1 to May
8 are used to test the correction performance. The 1448 wind
fields from January 1 to January 18, 2018, and from January
20 to December 31, 2018, are used for training. The 12 wind
fields from January 18 to January 20 are used to test the
correction performance.

We use the following quantitative evaluation metrics,
to evaluate the sea surface dynamic field correction
performance.

Root-mean-squared error (RMSE) is commonly used as
an evaluation metric for errors, and it is calculated as
follows:

1 M N . )
RMSE = | - SN [Feonon) = Fim.m)®. - (10)

m=1 n=1

Mean absolute error (MAE) is also commonly used as
an evaluation metric for errors, and it is calculated as
follows:

Fi(m,n) —F;(m,m)|. (11

| MN
MAE = - SN
m=1 n=1

2) Oil Spill Drift Prediction: The experimental parameters
are determined through rigorous empirical tests and set in
terms of «, = 0.03, o = 1, E, = 0.005, © = 12, and
y =111 km.

We use the remote sensing dataset presented in Section IV-B
for experiments. We use remote sensing data to capture the
initial and final positions of an oil spill drift trajectory segment.
For the Symphony oil spill accident, we use two oil spill drift
trajectory segments to evaluate the predictions. Figs. 7 and 8
gives the initial and final situations of the first drift trajectory
segment depicted by the remote sensing data, respectively.
Figs. 9 and 10 gives the initial and final situations of the second
oil spill drift trajectory segment depicted by the remote sensing
data, respectively. For the Sanchi oil spill accident, we use
one segment of the oil spill drift trajectory to evaluate the
prediction. Figs. 11 and 12 gives the initial and final situations
of the drift trajectory segment depicted by the remote sensing
data, respectively.

To assess prediction accuracy, we compare the predicted oil
spill region with the oil spill region captured by the remote
sensing data at the end of the trajectory segment. We evaluate
the oil spill drift prediction performance by measuring the
distance between the center point of the predicted oil spill
region and that of the ground-truth region. This distance serves
as the error metric for our assessment.

B. Sea Surface Dynamic Field Correction

In this section, we evaluate the performance of the ATCN
framework by comparing its correction results with four differ-
ent deep learning networks: CNN, ConvLSTM [60], temporal
convolutional network [61], and adversarial ConvLSTM net-
work [56]. These four different deep learning networks are

4701018

TABLE VI

WIND FIELD CORRECTION PERFORMANCES IN #-DIRECTION
BETWEEN MAY 1, 2021 AT 00:00 UTC AND MAY 8,
2021 AT 06:00 UTC

Type Network RMSE MAE
Forecasted 2.1077 1.5801
CNN 1.6569 1.1862
Wind ConvLSTM 1.5424 1.1139
TCN 1.5780 1.0626
ACLN 1.5820 1.0127
ATCNs 1.4407 | 0.9108
TABLE VII

CURRENT FIELD CORRECTION PERFORMANCES IN ©-DIRECTION
BETWEEN MAY 1, 2021 AT 00:00 UTC AND MAY 8,
2021 AT 06:00 UTC

Type Network RMSE MAE
Forecasted 0.1684 0.1070
CNN 0.1512 | 0.0924
Current ConvLSTM | 0.1640 | 0.1002
TCN 0.0950 | 0.0785
ACLN 0.1064 | 0.0828
ATCNs 0.0912 | 0.0760
TABLE VIII

WIND FIELD CORRECTION PERFORMANCES IN #-DIRECTION BETWEEN
MAY 18, 2018 AT 00:00 UTC AND MAY 20, 2018 AT 18:00 UTC

Type Network RMSE MAE
Forecasted 1.4298 1.0479
CNN 0.9975 0.7944
ConvLSTM 1.0037 0.7958
Wind
TCN 0.9364 0.7440
ACLN 0.9405 0.7563
ATCNs 0.8562 0.6972

separately trained and tested with the same dataset, learning
rate, and optimizer as the ATCNs. We use the values of RMSE
and MAE in the u-direction of the sea surface dynamic fields
for evaluation.

Fig. 13 gives the numerically forecasted wind correction
performances of five deep learning networks. The low curve
indicates good correction performance. Fig. 13(a) and (b)
shows that the five networks achieve different levels of wind
field correction, and the correction performance of the ATCNs
is better than the other four networks. Table VI presents
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Prediction results for the Symphony oil spill drift first trajectory segment, driven by different dynamic fields. In each of (a), (c), and (e), golden

region indicates the ground-truth final oil spill region of the drift, and the cyan region indicates the predicted final oil spill region of the drift. In each of
(b), (d), and (f), black point indicates the center point of the ground-truth initial oil spill region of the drift, the golden point indicates the center point the
ground-truth finial oil spill region of the drift, the cyan point indicates the center point of the predicted finial oil spill region of the drift, the red points
dynamically show the predicted drift trajectory, and the gray arrow indicates the direction of the oil spill drift.

the wind field correction performances. It confirms that the
correction performances of the ATCNs are better than those
of the other four methods.

Fig. 14 gives the numerically forecasted current correction
performances of five deep learning networks. Fig. 14(a) and (b)
shows that the five networks achieve different levels of current
field correction, and the correction performance of the ATCNs
is better than the other four networks. Table VII presents
the current field correction performances. It confirms that the
correction performances of the ATCNs are better than those
of the other four methods.

Fig. 15 gives the numerically forecasted wind correction
performances of five deep learning networks. Fig. 15(a) and (b)

shows that the five networks achieve different levels of wind
field correction, and the correction performance of the ATCNs
is better than the other four networks. Table VIII presents
the wind field correction performances. It confirms that the
correction performances of the ATCNs are better than those
of the other four methods.

Although our method achieves state-of-the-art performance
in the experimental comparisons, it faces challenges in exper-
imental configurations. First, the time intervals of the sea
surface dynamic fields for training and testing the ATCNs are
continuous, with no time gaps. A key challenge for future
experiments is how to train the ATCNs using historical data
and then implement them with present data which may have

Authorized licensed use limited to: Qingdao University of Science & Technology. Downloaded on March 30,2026 at 11:43:07 UTC from IEEE Xplore. Restrictions apply.



REN et al.: OIL SPILL DRIFT PREDICTION ENHANCED BY CORRECTING SEA SURFACE DYNAMIC FIELDS

(e)

Fig. 17.

35.9

35.6

35.9
35.8
QE 35.7
35.6

35.5

4701018

@ Ground truth initial oil spill center point
Ground truth final oil spill center point

® Center points of oil spill drift predictions

@ Final center point of oil spill drift predictions

> Movement direction

355

121.04 121.06 121.08 121.10

E/°

(b)

121.12 121.14 121.16

Ground truth initial oil spill center point

Ground truth final oil spill center point

® Center points of oil spill drift predictions

@ Final center point of il spill drift predictions
- Movement direction

121.04 121.06 121.08 121.12

(@

121.10 121.14 121.16
E/°

Ground truth initial oil spill center point

Ground truth final ol spill center point

® Center points of oil spill drift predictions

@ Final center point of il spill drift predictions
~ Movement direction

121.04 121.06 121.08 121.12

®

121.10 121.14 121.16
E/°

Symphony oil spill drift second trajectory segment prediction results driven by different dynamic fields. The colors and symbols have the same

meanings as those in Fig. 16. (a) Numerically forecasted wind and current fields. (b) Numerically forecasted wind and current fields. (c) Corrected wind
fields and numerically forecasted current fields. (d) Corrected wind fields and numerically forecasted current fields. (e) Corrected wind and current fields.

(f) Corrected wind and current fields.

time gaps from the historical data. Second, there are several
hyperparameters involved in training the ATCNs, and deter-
mining how to tune them with minimal intervention remains
another challenge.

C. Oil Spill Drift Prediction

We commence by evaluating the effectiveness of the SDFCP
strategy for the Symphony oil spill accident. We assume
that the two oil spill drift trajectory segments started at the
moments when the remote sensing images shown in Figs. 7
and 9 were acquired, separately. Section V-B has already
demonstrated the efficacy of the ATCN framework, which
shows superior performance in correcting sea surface dynamic
fields from May 1, 2021 at 00:00 UTC to May 8, 2021 at
06:00 UTC. We conduct the experiments using the numerically
forecasted sea surface dynamic fields and the corrected sea

surface dynamic fields separately as the inputs of the oil spill
drift numerical prediction model presented in Section III and
obtain the following results.

Fig. 16 presents the drift prediction results for the first
trajectory segment of the Symphony oil spill. Fig. 16(a)
and (b) displays the prediction results based on numerically
forecasted wind and current fields. Fig. 16(c) and (d) shows
the prediction results based on corrected wind fields and
numerically forecasted current fields. Fig. 16(e) and (f) shows
the prediction results using the corrected wind and current
fields. For the first trajectory segment of the Symphony oil spill
drift, based on remote sensing data, the circumscribed circle
diameter of the initial oil spill region is approximately 2270 m
(estimated based on remote sensing data in Fig. 7), while the
final oil spill region measures around 2525 m (estimated based
on remote sensing data in Fig. 8). The drift observed in our

Authorized licensed use limited to: Qingdao University of Science & Technology. Downloaded on March 30,2026 at 11:43:07 UTC from |IEEE Xplore. Restrictions apply.



4701018

(e)

Fig. 18.

285751 @
28.550
28.525
28.500
BE 28.475
28.450
28.425

28.400

28.52
28.50
28.48

S 28.46
28.44
28.42

28.40

28.52
28501 @
28.48

S 28.46
28.44
28.42

28.40

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 63, 2025

Ground truth initial oil spill center point
Ground truth final oil spill center point
Center points of oil spill drift predictions

Final center point of oil spill drift predictions
Movement direction

jo-

126.0 126.1 126.2 126.3

E/°

(b)

126.4 126.5 126.6

@ Ground truth initial oil spill center point
Ground truth final oil spill center point
Center points of oil spill drift predictions
Final center point of oil spill drift predictions
Movement direction

o

126.0 126.1 126.2 126.3

E/

(d

126.4 126.5 126.6

@ Ground truth initial oil spill center point
Ground truth final oil spill center point
Center points of ol spill drift predictions
Final center point of oil spill drift predictions

> Movement direction

126.0 126.1 126.2 126.3

E/

®

126.4 126.5 126.6

Sanchi oil spill drift prediction results driven by different dynamic fields. The colors and symbols have the same meanings as those in Fig. 16.

(a) Numerically forecasted wind and current fields. (b) Numerically forecasted wind and current fields. (c) Corrected wind fields and numerically forecasted
current fields. (d) Corrected wind fields and numerically forecasted current fields. (e) Corrected wind and current fields. (f) Corrected wind and current fields.

experiments lasted for about 25 h. The error in the center point
of the predicted final oil spill region has been reduced from
1371 m, based on numerically forecasted sea surface dynamic
fields, to 242 m when using corrected sea surface dynamic
fields.

Fig. 17 presents the drift prediction results for the second
trajectory segment of the Symphony oil spill. Fig. 17(a)
and (b) displays the prediction results based on numerically
forecasted wind and current fields. Fig. 17(c) and (d) shows
the prediction results based on corrected wind fields and
numerically forecasted current fields. Fig. 17(e) and (f) shows
the prediction results using the corrected wind and current
fields. For the second trajectory segment of the Symphony
oil spill drift, the circumscribed circle diameter of the initial
oil spill region is approximately 1360 m (estimated based on
remote sensing data in Fig. 9), while the final oil spill region

measures around 1800 m (estimated based on remote sensing
data in Fig. 10). The drift observed in our experiments lasted
for about 46 h. The error in the center point of the predicted
final oil spill region has been reduced from 9924 m, based on
numerically forecasted sea surface dynamic fields, to 521 m
when using corrected sea surface dynamic fields.

We observe in Figs. 16 and 17 that the prediction results
using the ATCNs-corrected wind and current fields more
closely match the ground-truth oil spill drifts than those
based on the numerically forecasted wind fields and current
fields. This highlights the effectiveness of the dynamic field
corrections by the ATCNs in enhancing prediction accuracy.
Although the prediction results in Figs. 16(f) and 17(f) are bet-
ter than those in Figs. 16(b) and 17(b), they still exhibit some
differences from the ground-truth drift results. One possible
reason is the minimum temporal resolution of the wind and
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TABLE IX
ABLATION ANALYSIS FOR SEA SURFACE DYNAMIC FIELD CORRECTION PERFORMANCES IN #-DIRECTION BETWEEN
MAY 1, 2021 AT 00:00 UTC AND MAY 8, 2021 AT 06:00 UTC
Network | Adversarial mechanism | Wind field correction (MAE) | Current field correction (MAE)
TCN X 1.0626 0.0785
ATCNs v 0.9108 0.0760
TABLE X
ABLATION ANALYSIS FOR OIL SPILL DRIFT PREDICTION
Numerically forecasted dynamic fields Corrector ..
Prediction results
Wind fields Current fields For wind fields | For current fields
v v X X Figs. 16(a), 16(b), 17(a), 17(b), 18(a), and 18(b)
v v v X Figs. 16(c), 16(d), 17(c), 17(d), 18(c), and 18(d)
v v v v Figs. 16(e), 16(f), 17(e), 17(f), 18(e), and 18(f)

current fields being 6 h that hinders more refined results. This
suggests that improving the temporal resolution of numerically
forecasted sea surface dynamic fields can reasonably enhance
the accuracy of oil spill drift prediction.

We then evaluate the effectiveness of the SDFCP strategy
for the Sanchi oil spill accident. We assume that the oil spill
drift trajectory started at the moment when the remote sensing
image shown in Fig. 11 was acquired. Section V-B has already
demonstrated the efficacy of the ATCN framework, which
shows superior performance in correcting sea surface dynamic
fields from January 18, 2018, at 00:00 UTC to January 21,
2018, at 18:00 UTC. We conduct the experiments using
the numerically forecasted dynamic fields and the corrected
dynamic fields separately as the inputs of the oil spill drift
numerical prediction model and obtain the following results.

Fig. 18 presents the drift prediction results for the Sanchi oil
spill drift trajectory. Fig. 18(a) and (b) displays the prediction
results based on numerically forecasted wind and current
fields. Fig. 18(c) and (d) shows the prediction results based on
the corrected wind fields and numerically forecasted current
fields. Fig. 18(e) and (f) shows the prediction results using
corrected wind and current fields. For the trajectory segment
of the Sanchi oil spill drift, the circumscribed circle diameter
of the initial oil spill region is approximately 8 km (estimated
based on remote sensing data in Fig. 11), while the final oil
spill region measures around 17 km (estimated based on the
remote sensing data in Fig. 12). The drift observed in our
experiments lasted for about 57 h. The error in the center point
of the predicted final oil spill region has been reduced from
24 km, based on numerically forecasted sea surface dynamic
fields, to 6 km when using corrected sea surface dynamic
fields.

We observe in Fig. 18 that the prediction results using
the ATCNs-corrected wind and current fields more closely
match the ground-truth oil spill drift than those based on
the numerically forecasted wind fields and current fields.
This highlights again the effectiveness of the dynamic field
corrections by the ATCNSs in enhancing prediction accuracy.

D. Ablation Analysis

In this section, we conduct an ablation analysis to assess
the performance improvements achieved using the adversarial
learning strategy within the corrector, as well as to evaluate
the enhancement in oil spill drift prediction provided by the
corrector.

Table IX gives the results of using or not using the adversar-
ial learning strategy. TCN represents the model that does not
use the adversarial learning strategy, while ATCNs represent
the models that apply the adversarial learning strategy to
TCN. For TCN, the MAE for wind field correction perfor-
mances is 1.0626 and the MAE for current field correction
performances is 0.0785. For ATCNs, the MAE for wind field
correction performances is 0.9108 and the MAE for current
field correction performances is 0.0760. It is validated that
the adversarial learning strategy has great gain to improve
the correction performance of the corrector. The correction
performances of the wind fields and current fields in ATCNs
are improved by 14.2857% and 3.1847%, compared with TCN,
respectively.

Table X gives the prediction results of using or not using
the corrector to oil spill prediction. It is observed that not
using corrector for wind fields and current fields gives the
worst prediction results, as demonstrated in Figs. 16(a) and (b),
17(a) and (b), and 18(a) and (b). When the wind field corrector
is used, the prediction results are improved, as demonstrated
in Figs. 16(c) and (d), 17(c) and (d), and 18(c) and (d).
Using corrector for both wind and current fields leads to the
best prediction results, as demonstrated in Figs. 16(e) and
(), 17(e) and (f), and 18(e) and (f). The ablation analysis
indicates that applying correctors to numerically forecasted
sea surface dynamic fields significantly enhances prediction
accuracy. This improvement is particularly notable when two
separate correctors are used for the wind and current fields.

In summary, the ablation analysis highlights the importance
of both the adversarial learning strategy and the corrector in
enhancing oil spill drift prediction performance. The adversar-
ial learning strategy improves the performance of the corrector,
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and on this basis improves the performance of oil spill drift
prediction.

VI. CONCLUDING REMARK

This study has developed an ATCN framework to enhance
the accuracy of sea surface dynamic fields, subsequently
enhancing the accuracy of oil spill drift prediction. Through
rigorous empirical analysis, particularly with the Symphony
and Sanchi oil spill accidents, the ATCN framework-based
correction approach has demonstrated superior efficacy over
numerical forecast, substantially reducing prediction errors.
The methodology underscores the potential of integrating
advanced deep learning algorithms with environmental model-
ing to augment the efficacy of emergency response strategies
and environmental preservation initiatives.

Although the ATCN framework-based correction approach
has innovatively explored deep learning for correcting sea
surface dynamic field forecasts toward timely and accurate
predicting oil spill drift, it is still in its pioneering stage and
has limitations. Currently, it focuses primarily on dynamic
field factors. Future research will address this by incorporating
additional factors such as oil spill types, temperature, weather-
ing processes, thickness, and concentration, aiming to further
enhance the precision of drift predictions.
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