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An Efficient Oceanic Eddy Identification Method
With XBT Data Using Transformer

Hongfeng Zhang, Baoxiang Huang

Abstract—OQOceanic mesoscale eddies are relatively small, short-
lived circulation patterns that are approximately in geostrophic
balance. Meanwhile, eddies are omnipresent and can be character-
ized by dynamic sea level anomalies and temperature anomalies.
This makes the eddy identification mainstream with Sea Level
Anomaly (SLA). Unfortunately, nearly 90% of sea level dynamic
anomalies caused by oceanic eddies cannot be observed due to
insufficient resolution of satellite altimeters. Combining in situ Ex-
pendable Bathythermograph (XBT) profiles data, and sea surface
temperature data calibrated by the altimeter, this article proposes
a deep neural network to identify subsurface oceanic eddies and
inverse the corresponding sea surface eddy properties. First, the
eddies identified by SLA are purified to match the corresponding
vertical profile dataset. Then, a neural network with a self-attention
mechanism is constructed by combining the eddy vertical profile
structure with temporal and spatial characteristics and external
features to effectively identify the eddy. Furthermore, the eddy
properties including radius, amplitude, and energy are inversion
with XBT profile and SST features. Finally, the experimental
results show that the accuracy of eddy classification can reach
98.22%, which demonstrates that vertical profiles can be used to
classify eddies effectively. Subsequent reclassification of the outside
altimeter-identified eddies recaptured about 36 % of the eddies. The
authenticity of the newly identified eddies can be demonstrated
by statistical model validation as well as validation of sea surface
temperature anomaly. These results indicate that the subsurface
eddies identification can be implemented by vertical profiles with
deep learning.
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I. INTRODUCTION

CEANIC eddy is a common and complex seawater flow
O phenomenon in the ocean [1], [2]. It is a general term for
the rotating motion of seawater whose scale is smaller than the
Rossby wave and is controlled by the conservation equation of
the quasi-geostrophic equation [3]. The oceanic eddy structure
plays an indispensable role in transferring nutrients, organic
salts, heat, and energy in the ocean [4]. Meanwhile, the eddies
drive part of the kinetic energy of the ocean circulation, so
oceanic eddies have a significant influence on the direction
and intensity of the ocean current [5], and also affect marine
biological productivity [6]. Specifically, the upwelling caused
by mesoscale eddies brings nutrients from the lower layer of the
ocean to the euphotic layer of the ocean, resulting in plankton
blooms, which promote the improvement of marine primary
productivity. Consequently, the study of oceanic eddies has
always been an active research topic in modern oceanography.
The traditional mesoscale eddy detection methods depend on
the physical properties of the eddy [7]. The Okubo—Weiss (OW)
parameter method defines the region where the OW parameter is
less than a certain threshold as an eddy [2], which promotes the
automatic extraction of oceanic eddy and has been widely used.
Nevertheless, the OW method is time-consuming and laborious
for experts to manually set the threshold, and the generalization
ability is poor, which cannot be applied to all sea areas. At the
same time, deep learning has made preliminary exploration in
the field of eddy identification and tracking [8], [9], such as using
an enhanced multiscale convolutional network to identify eddies
through SSH [10]. But deep learning methods are not yet mature
in the field of eddy identification and tracking. Eddies can also be
identified through the gridded maps of the Sea Level Anomaly
(SLA) automatic algorithm [11]. However, since the SLA data
have certain limitations in spatial resolution and small eddies
cannot be well distinguished, the SLA grid products can only
capture about 10% of the total number of eddies [12], [13]. The
main reasons include two aspects. First, the main foundation for
altimeter surface grid products to capture eddies is that the sea
surface features anomalies caused by eddies [14]. To improve the
identification ability, multisource data of oceanic eddies should
be integrated [15]. Secondly, with the development trend of
Big Data of ocean observation data, the development of eddies
theory and parameterization technology cannot keep pace with
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Fig. 1. Global AE and CE distribution map in 2018, in which red is AE and
blue is CE.

the advanced speed of numerical computing ability, soitis urgent
to study data-driven eddies identification methods.

For multisource data of oceanic eddies, the submarine in
situ observation data should be combined to improve the iden-
tification ability [16]; the main reason is that submarine data
can complement weak sea surface features, thus, capturing the
eddies with specific profile characteristics while not causing
shallow sea surface feature fluctuations [17], [18]. Therefore, by
analyzing the characteristic attributes of the deep-sea area [19],
it is expected to identify the oceanic eddies that cannot be
identified by traditional physical methods or remote sensing
methods, especially submesoscale eddies. With the increasing
maturity of the Expendable Bathythermograph (XBT), a large
number of ocean profile data have been accumulated [20]. By
calibrating the XBT profiles with the altimeter eddies dataset, the
vertical structure of eddies with different polar can be analyzed.
Fig. 1 shows the distribution of global anticyclonic eddy (AE)
and cyclonic eddy (CE) in 2018. The data surveyed by XBT
can be employed as the original dataset. Through a series of
operations such as purification and screening, it can be used as
the dataset for oceanic eddy identification.

For data-driven eddies identification methods, deep learn-
ing methods have been demonstrating their preliminary advan-
tages [21], [22]. Since AlexNet was proposed [23], various deep
neural networks have emerged, which shine brightly in solving
problems such as computer vision and natural language pro-
cessing (NLP). The end-to-end advantage makes it unnecessary
for experts to define too many thresholds, so that deep learning
develops rapidly and gradually enters the public view. At the
same time, with the continuous improvement of remote sensing
technology, remote sensing satellites can capture more abundant
ocean images as training data for deep learning to identify
oceanic eddies. However, the use of the convolutional neural
network (CNN) to identify oceanic eddies has certain limita-
tions. On the one hand, CNN usually solves tasks in the field of
computer vision, and it is difficult to analyze pure data observed
by satellite altimeters. On the other hand, the local perception of
CNN in the image domain is not fully applicable to data analysis.
Therefore, the above problems can be solved using recurrent
neural networks (RNN) and their variants. RNN and its variants
usually solve traditional NLP tasks; then the self-attention mech-
anism was proposed in the Transformer model [24], [25], [26],
which has advantages in capturing internal correlations. With
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the development of research, the self-attention mechanism has
been expanded from NLP task to categorical recognition task
and achieved excellent results in the tradeoff between speed and
accuracy [27]. Consequently, the prior research results show that
a deep neural network model with a self-attention module can
also be employed to realize the identification and reversion of
oceanic eddies.

The specific objective of this study is to construct oceanic eddy
identification and inversion deep learning method with remote
sensing and in situ observations data [28]. An excellent oceanic
eddy identification network should compose of a feature extrac-
tion module and a high-performance classification module [29],
[30]. The feature extraction module is responsible to extract the
detailed information in the shallow network and the semantic
information in the deep network to obtain the feature map and
feed the feature map into the high-performance classification
module to obtain the final classification result [21]. Although
the above methods can achieve effective classification results,
there are more problems to be considered at the same time [31].
It is mentioned earlier that traditional methods can only capture
about 10% of the eddies, and many eddies cannot be identified by
the traditional SLA algorithm. Therefore, an excellent oceanic
eddy classification network can not only classify the existing
eddies with high accuracy but also capture and classify the
eddies that are not captured by traditional algorithms, which can
supplement the identification ability of the altimeter. In addition,
the newly identified eddies with XBT profiles need to prove the
authenticity with the pattern and vertical characteristics, while
also inverting the corresponding properties [32].

The rest of this article is organized as follows. Section II de-
scribes the original data. Section III introduces the original data
processing method and describes the proposed neural network
framework. In Section IV, the experimental results are obtained
and analyzed. Finally, Section V concludes the article.

II. DATASETS

Since the network model built by deep learning requires
end-to-end data, an excellent dataset is essential, which will
directly affect the performance and accuracy of the network
model. With the continuous development of ocean observation
satellites, not only ocean surface data such as sea surface temper-
ature (SST), sea surface height (SSH), sea surface salinity (SSS),
and chlorophyll concentration are measured [33] but also ocean
submarine data are constantly accumulating, which provide rich
data for our research [34]. We use SLA data, vertical profile data,
and sea surface temperature anomaly (SSTA) data.

A. SLA Data

The SLA data adopted in this article are the delayed time
products by Archiving, Validation, and Interpretation of Satellite
Oceanographic (AVISO) from a combination of T/P, Jason-1,
Jason-2, Jason-3, and ENVISAT missions [35]. This study used
a total of 17 years of SLA dataset from 2002 to 2018 and had
a 0.25° x 0.25° spatial resolution and daily temporal resolution
as original data [36]. However, the original data observed by
the satellite altimeter cannot be directly used for eddy current
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identification, so it needs to be optimized through the four-step
eddy current identification scheme proposed by Liu et al. [37].
Through the above identification scheme, a complete and com-
prehensive oceanic eddy dataset is created, which can be avail-
able at http://data.casearth.cn/ (Data ID: XDA19090202) [38],
[39].

B. Vertical Profiles Data

The vertical profile data used in this study is XBT data, which
is one of the best sources of altimeter in situ profiles. The quality
control and processing of vertical profile data come from the
Coriolis Center. To ensure the high-quality data required by the
neural network, only the profiles marked as “good” or “possibly
good” will be downloaded.

XBT is a one-time measurement sensor, which is mainly used
to quickly measure the seawater temperature profile data during
ship navigation [20]. The vertical profile data, in this article,
are available from https://www.noaa.gov/. Since eddy affects
various properties in the ocean, especially temperature, the
temperature anomaly (TA) in vertical profile data is selected as
the characteristic of the eddy vertical structure for eddy current
identification [17]. The method of calculating profile anomaly
from XBT measurement includes the following steps. First,
additional data filtering shall be conducted for the profiles with
the first measurement less than 10 m and the last measurement
greater than 700 m, and at least 30 effective data points within
the depth range of 0-700 m. The aforementioned high-quality
profiles are processed by linear interpolation with an interval of
1 m in the global ocean to obtain the final data [35].

C. SSTA Data

SST is a physical quantity that represents the thermal state of
seawater, usually the temperature value of the sea surface [40].
However, due to the influence of seasons, latitude, and ocean
currents, the SST varies greatly in different locations of the
ocean [41], so it cannot be directly used as a new eddy veri-
fication data. SSTA is the difference between the sea surface
temperature at the same location and at the same time and the
normal temperature at that location. And the remote sensing
system has collected and released the global daily 0.25° x 0.25°
resolution SSTA dataset. Therefore, the SSTA dataset was se-
lected for secondary validation of the newly identified eddies to
increase the identification robustness [42].

III. METHODOLOGY
A. Eddy Dataset Preprocessing

The vertical profile data are labeled by spatio-temporal cal-
ibrated with the SLA eddies dataset. According to the rotation
direction of the eddy, it can be divided into AE or CE, which
can judge whether the floats are within the effective boundary
through the SLA for identification. Some eddies that are not
inside the effective boundary through the SLA are defined as
outside eddies (OE). Fig. 2 shows the number of AE, CE, and
OE profiles each year from 2002 to 2018. Fig. 3 shows the dis-
tribution of the number of eddies in the global ocean at 1° x 1°
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Fig.2. Number of vertical profile data calibrated by satellite altimeter, in which
the total number of AE, CE, and OE are 48428, 51064, and 202655, respectively.
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Fig. 3. Geographical distribution of the number of vertical profile data under
the global 1° x 1° grid from 2002 to 2018. (a) All vertical profile data are
distributed globally. The locations regions with red boxes are the North Atlantic
Ocean, the Arabian Sea, the Kuroshio Extension, and the Hawaiian Islands.
(b) SLA defines the global location distribution of vertical profile data for AE
and CE. (c) SLA defines the global location distribution of vertical profile data
for OE.

resolution over 17 years. Since vertical profile data are measured
by the ship during navigation, it is mostly distributed on the
channel. Carefully observe the geographical distribution of all
eddies in Fig. 3(a). Numerous eddies are located in the positions
marked with red boxes, namely the North Atlantic Ocean, the
Arabian Sea, the Kuroshio Extension, and the Hawaiian Islands.
In addition, comparing Fig. 3(b) and (c), it can be observed that
the sum of the number of AE and CE is less than that of OE.
Comparing the data in Fig. 2, it can be seen that the sum of AE
and CE accounts for one-third of the total eddy number, and the
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remaining two-thirds are OE. However, the real situation is not
the case and the OE determined by SLA may be a real eddy, but
only the satellite altimeter recognizes it as OE. In other words,
whether a profile is a true eddy or noneddy (NE) cannot just be
determined by satellite altimeters; its vertical structural features
should also be considered.

The theoretical basis for optimizing the data is that AE should
have positive TA and CE should have negative TA to purify
the corresponding dataset. However, it is normal for some AE
classified by SLA to have negative TA properties and CE to have
positive TA properties, which we refer to as cold anticyclonic
eddies (CAE) and warm cyclonic eddies (WCE) respectively,
collectively referred to as abnormal eddies [43]. We also elim-
inated these eddies before classifying and identifying them to
ensure the quality of the dataset. In addition, to prevent the
influence of extreme weather such as rainstorms and typhoons
and ships traveling on the sea surface, thereby affecting the
vertical structure of the eddy profile, the near-surface depth is set
to 20 m [35], [36]. However, it has not yet been identified which
profiles are NE. It is generally assumed that profiles are outside
the effective eddy boundary identified by the existing altimeter
resolution and the profiles with weaker vertical structure signals
are NE [43]. Therefore, the specific process of processing the
dataset is as follows: First, the 20—700 m vertical profile data are
summed, and the AE (CE) profile of the positive (negative) TA is
selected to eliminate the abovementioned abnormal eddies. All
20-700 m TA profile gradient values from 2002 to 2018 were
then summed and sorted in descending order. The top 30% of
the data were chosen as NE as they have the weakest vertical
structure signal. Furthermore, the vertical profile data have a
very high resolution, while the SLA data are generated by linear
interpolation with a resolution of 0.25° x 0.25°, so there will
be certain deviations and anomalies, so some abnormal data
and data with high similarity are eliminated. After the above
screening, 27485 AE, 25375 CE, and 53451 NE were selected
as the final eddy classification and recognition dataset.

B. EDTR: Eddy Transformer

The eddy identification can be transformed into a triclassi-
fication problem due to the use of the neural network. The
data used in this experiment is vertical profile data, and the
k vertical profile data are represented as a set of datasets as
X = [X1,X2,...,%X;] € R¥*P where D is the dimension of
the vertical profile data. Simultaneous, ¢ = [y1,y2,...,Yk] €
RF*1 as the ground truth observed by the satellite altimeter
in the dataset x. Since eddy detection and classification can
be classified as a triclassification problem, C' = {0, 1,2} is set
as the label value, which is the ground truth of the vertical
profile data, namely AE, CE, and NE. Finally, the cross-entropy
function is used as the final objective function to reflect the
accuracy of probabilistic classification.

With the Vision Transformer (ViT) framework [44], the eddy
identification deep neural model is constructed, namely eddy
transformer (EDTR), which consists of the embedding block,
X identical encoder blocks (EB_X) module, and output block.
The layer normalization (LN) block, multihead attention (MSA)
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module, and local residual connection constitute the EB_X mod-
ule, which ensures that the feature extraction is sufficient and
effectively reduces information loss. The EDTR model chooses
ViT as the basic framework because it uses a self-attention
mechanism to solve the problem of long sequences and pays
more attention to the connections between long sequences. The
vertical profile data can also be regarded as a long sequence, and
the EDTR model can be used to analyze the relationship between
different depth profile data. The experimental environment for
model building is performed on a server with Inter(R) Core (TM)
i7-11700 K @ 3.60 GHz, 64 GB memory, NVIDIA GeForce
RTX 3090, and Windows 10 OS. As the core programming
language, Python is used to build a neural network framework
with the Pytorch1.7.1GPU version.

The eddy profile can be expressed as the x; of the D di-
mensional vertical feature vector. Four 20-700 m TA profiles
Xd = [X1,X2, X3, X4] are used as the input of the model EDTR,
and the output is the corresponding eddy type. Fig. 4 shows the
EDTR mainframe in detail.

Embedding block includes reshaping layer and linear layer.
Although the input of the standard ViT model is a 1-D sequence
like the eddy profile, to reduce the length of the input sequence,
it is necessary to reshape yq € RP*P*! into X € RB*NxE,
where B is the batch size, and N is the length of the input
sequence. Then, the feature map X is projected to the P dimen-
sion through a trainable linear layer for feature extraction. So
far, a new feature map X € RB*N*F ig obtained through the
embedding block.

To realize the final classification, the embedding block is fol-
lowed by concatenating the class token, which is a learnable 3-D
feature vector X s € RP*F In addition, the TA profile has
an order relationship like the sequence, so PE € RB*(N+1)xP
is the reserved position information module like the traditional
positional encoding. But traditional positional encoding uses
sine and cosine functions to calculate positional encoding, while
PE block uses learnable positional encoding.

Next is the EB_X module. EB_X module is a stack of X
identical encoder block (EB) blocks, which contains two residual
structures. One of the remaining structures includes the LN and
MSA modules. MSA was first proposed by Ashish Vaswani
in 2017 as a core module for processing machine translation
models, replacing traditional RNN to solve long sequence prob-
lems [24]. The LN layer and the MLP module form another
residual structure. The MLP module is a serial structure con-
sisting of two linear layers, two dropout layers, and a GELU
nonlinear activation function. Since the size of the feature map
does not change through the EB block, several can be stacked
for feature extraction.

Output block includes LN layer, ECT module, and linear layer.
The ECT is the feature extraction layer, which slices the feature
map corresponding to the previous class token. Since the class
token is a learnable 3-D feature vector, enough features have
been learned for eddy classification. Then the ST-A modules
with temporal and spatial characteristics and external features
are then concatenate to further improve the classification perfor-
mance. Finally, the classification results of AE, CE, and NE are
obtained through the linear layer and softmax.
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Fig. 4. Detailed architecture of the proposed EDTR.

IV. EXPERIMENTS AND RESULTS

A. Vertical Structure Characteristics of Eddy

Before proceeding with eddy identification and classification,
it is important to understand the eddy vertical characteristics
of different eddy types. Fig. 5 shows the vertical profile data
calibrated by the altimeter. The thick line in Fig. 5(a) is the global
average of TA for all eddy profiles in 17 years. The thin line is
a randomly selected eddy vertical profile without smoothing.
Although there is large noise, it can show the vertical structure
characteristics of a general eddy. Fig. 5(b) shows the annual
average vertical profile data from 2002 to 2018 and the average
vertical profile data for all years. It is not difficult to see that
the TA of AE at 20 m under the sea surface is about 0.6 °C,
while the TA of CE is slightly less than that of AE, which is
about —0.4°C. At 700 m under the sea surface, AE fluctuates
in the range of 0.65°C to 1.45°C, and CE is basically in the
range of —0.6 °C to —0.5 °C, with little fluctuation. Fig. 5(c) is
monthly average vertical profile data of all years. It can be seen
that there will be some differences in the eddy profile of different
months. Therefore, the month is integrated into the network as
a temporal feature to improve the eddy classification accuracy.
Fig. 5(d) shows the quarterly average vertical profile data in all
years. Careful observation shows that AE and CE have smaller
TA in winter, while TA are larger in summer and autumn. This
shows that changes in the external environment will also affect
the eddy profile. Looking at Fig. 5 as a whole, it is found that
AE has a stronger TA than CE at 20 m and 700 m under the sea
surface, but the TA reaches the maximum at 80—120 m. Through
the above series of comparisons, it can be seen that different
months have a greater impact on the eddy profile. Although the
season also has a certain influence on the eddy profile, the month
also reflects the season situation to a certain extent. Therefore, to
improve the operation efficiency of the model, only the month is

Output Block

|
;'“ S .j! = < =
; -

4x31x1024 4x31x1024

added as the time feature of the eddy to improve the classification
accuracy.

Affected by ocean currents, climatology, and the Earth’s
rotation, spatial features cannot be ignored as eddy attributes.
Fig. 6 summarizes vertical profile data at different geographic
locations. Fig. 6(a) and (b) represents the average vertical struc-
ture of TA every 10° latitude in the northern and southern
hemispheres, respectively. It is not difficult to see that the overall
eddy intensity in the northern hemisphere is higher than that in
the southern hemisphere, and there is a stronger eddy core at
40-200 m in low latitude and the intensity of the eddy core
gradually decreases with increasing latitude. Fig. 6(c) and (d)
shows the average vertical structure of TA every 30° longitude
in the eastern and western hemispheres. Since the number of
eddies in the western hemisphere is more than that in the eastern
hemisphere, the eddy profile in the western hemisphere has more
obvious vertical structure characteristics, while the eddy profile
in the eastern hemisphere has noise and burr signals. Compared
with Fig. 5, different geographic locations in Fig. 6 have a greater
impact on the vertical characteristics of the eddy. Therefore, the
geographic location of the eddy is also input into the model as
a spatial feature.

B. Result of EDTR Experiment

This experiment divides the data into three parts: 1) training,
2) verification, and 3) test datasets, in which the 60%, and the
verification and test datasets account for 20%, respectively. The
model is trained with a batch size of 64 mini-batches, uses
cross-entropy as the loss function, and is optimized using the
stochastic gradient descent (SGD) function. The ReduceLROn-
Plateau strategy with an initial learning rate of le-3 adjusts
the learning rate, specifically, the adjustment multiple is 0.1
times, and the patience is set as 5 epochs. Finally, all trainable
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Vertical profile data analysis diagram. (a) Global average and individual vertical profile data. (b) Annual average vertical profile data. (c) Monthly average

vertical profile data for all years. (d) Quarterly average vertical profile data for all years.

parameters are randomly initialized to ensure that the gradient
does not drop to 0.

The confusion matrix is a standard format for expressing
accuracy evaluation in classification tasks. The accuracy of the
eddy classification and the precision, recall, and specificity of
various eddies are calculated by the confusion matrix to quantify
the classification results. The specific calculation formula is as
follows:

Accuracy = IP+TN (L
TP+TN+ FP+ FN

Precision = I“JDIji——P}WJD (2)

Recall = TPfjr—PFN 3)

Specificity = % “4)

Fig. 7 details the accuracy and loss of different models on
the training dataset. Res34, MobV2, and EffV1 are ResNet34,

MobileNetV2, and EfficientNetV1 as the eddy classification
models of backbone, respectively [45], [46], [47], [48]. While
EB*1, EB*2, EB*4, EB*6, and EB*12 indicate that the EDTR
model uses the corresponding number of EB blocks, respec-
tively. Looking at Fig. 7 as a whole, Res34 and MobV2 have
poor accuracy and can only reach 87% accuracy, and the corre-
sponding loss declines slightly slowly. However, the accuracy of
the EDTR and EffV1 keeps improving and gradually stabilizes
after 30 epochs. At the end of the training, the accuracy can reach
about 98%, and the corresponding loss also decreases rapidly in
the first 10 epochs. This means that the classification of eddy by
the EDTR model and the EffV1 model is approaching saturation,
so further performance testing on the test dataset is required.
To further evaluate the performance of each model, Table I
summarizes the accuracy and running time of each model on
the test dataset. Analysis of Table I shows that with the increase
of the number of EB blocks in the EDTR model, the running
time gradually increases, but the accuracy does not continuously
improve. For Res34 and MobV?2 models, the accuracy rate is
only 87%. Finally, although the accuracy of EffV1 can reach
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Fig.7. Different model training summary diagram. Res34, MobV2, and EffV 1 use ResNet34, MobileNetV2, and EfficientNetV 1 as the eddy classification models

of backbone, respectively. While EB*1, EB*2, EB*4, EB*6, and EB*12 are EDTR models with different performances. (a) The accuracy of each model on the
training dataset. (b) The loss of each model on the training dataset.
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TABLE I
COMPARISON OF ACCURACY AND RUNNING TIME OF DIFFERENT EB BLOCKS ON THE TEST DATASET

Type Res34  MobV2  EffVl EB*1 EB*2 EB*4 EB*6 EB*12
Accuracy 87.33% 87.41% 97.67% 98.03% 97.94% 97.96%  98.22%  97.72%
Running time  20.81s 10.34s 11.98s 2.36s 3.27s 5.19s 7.12s 12.86s
TABLE II
PERFORMANCE COMPARISON OF DIFFERENT EB BLOCKS ON THE TEST DATASET
Type Res34 MobV2 EffVl EB*1 EB*2 EB*4 EB*6 EB*12
Precision
AE 0.878 0.893 0.973 0.974 0.972 0.972 0.979 0.972
CE 0.87 0.889 0.971 0.967 0.964 0.965 0.968 0.967
NE 0.873 0.858 0.982 0.991 0.991 0.991 0.991 0.985
Recall
AE 0.844 0.833 0.981 0.987 0.988 0.988 0.986 0.984
CE 0.893 0.865 0.975 0.988 0.989 0.989 0.991 0.98
NE 0.88 0.901 0.975 0.973 0.97 0.97 0.976 0.972
Specificity
AE 0.958 0.964 0.99 0.99 0.99 0.99 0.992 0.99
CE 0.957 0.965 0.991 0.989 0.988 0.988 0.989 0.989
NE 0.876 0.856 0.983 0.991 0.992 0.992 0.992 0.986
97.6%, the running time is too long to achieve the real-time et bt
detection of eddy in subsequent experiments. zg
Table II summarizes the quantitative evaluation of differ- " 1857 I

ent models on the test dataset, and lists the precision, recall,
and specificity of each type of eddy in detail, respectively.
In conclusion, both the EDTR and EffV1 models can realize
the classification of eddies, especially the EDTR model using
six EB blocks has an accuracy of 98.22%. Finally, under the
dual consideration of accuracy and running time, we select the
EDTR model using six EB blocks.

C. Identification of New Eddies

The EDTR model can realize end-to-end eddy identification
without expert-defined thresholds, which has important impli-
cations in oceanography. The main objective is to identify new
eddies that cannot cause surface characteristics with submarine
in situ observational data. Therefore, the vertical profile dataset
OE, which could not be identified by the altimeter but may be
eddies, is input into the EDTR model. From 2002 to 2018,
there were 202655 OE vertical profile data. Since only the
vertical profile data are available and there is no ground truth,
it is impossible to judge whether the newly identified eddy is
an actual eddy. Hence, there are two methods to verify the
authenticity of the new eddy. One is to compare and verify
the distribution pattern of the newly identified eddy profile with
the real eddy profile calibrated by the satellite altimeter. If the
above two have the same distribution pattern, it means that a
new eddy has been identified with a high probability. Then using
SSTA verification, the specific process is as follows: Screen out
the newly identified eddies with the same time and location as the
actual eddies, and then calculate the sum of the average values
of the 20-200 m TA of the two types of eddies. If they have
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Fig. 8.  Statistical eddy profiles results. (a) Statistics of vertical profile data of
Alt-eddy and EDTR-eddy. (b) Global profile vertical profile data of Alt-eddy
and EDTR-eddy.

the same trend with SSTA at the same time and position, it is
considered that the newly identified eddy is real.

1) Validation of Distribution Pattern: We first counted the
number of eddies identified by the altimeter (called Alt-eddy)
and new eddies identified by the EDTR model (called EDTR-
eddy). The specific statistical proportions are shown in Fig. 8(a).
Through the EDTR method, 18.04% AE (called EDTR-AE)
and 17.17% CE (called EDTR-CE) were identified, respectively.
Then calculate the vertical profile averages of EDTR-eddy and
Alt-eddy AE and CE, respectively. As shown in Fig. 8(b), it
can be found that Alt-CE is slightly larger than EDTR-CE,
which indicates that the altimeter can identify CE with more
obvious TA, but is not sensitive to CE with smaller TA. The TA
of EDTR-AE is mildly smaller than that of Alt-AE from 20 to
480 m, and the EDTR-AE has a larger TA after 480 m. On the
whole, Alt-eddy and EDTR-eddy have similar vertical profile
structures.
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data every 10° latitude in the southern hemisphere.

We further analyzed the vertical profile structure of EDTR-
eddy according to latitude. Fig. 9 summarizes the global EDTR-
eddy vertical profile, and the average vertical structure every
10° latitude in the northern and southern hemispheres is shown
in Fig. 9(a) and (b), respectively. Fig. 9(a) conforms to the
vertical profile structure distribution of Alt-eddy in the northern
hemisphere, while for Fig. 9(b) CE accords with, but EDTR-AE
has a certain difference with Alt-AE. The TA of EDTR-AE in
Fig. 9(b) is small at 20-200 m, and the TA increases gradually
after 200 m, which is especially obvious at 20°S to 40°S latitude.
This can explain the larger TA in EDTR-AE in Fig. 8(b). The
main reason for this is that the XBT is the data measured by
the ship on the route, and the number of eddies identified by
the altimeter is less due to the fewer routes of 20°S to 40°S
latitude. And the SLA grid can only capture eddies with stronger
signals on the sea surface, but the sea surface signals at 20°S to
40°S latitude are weaker and while the submarine TA signals are
stronger. Therefore, through the XBT vertical profile structure,
the eddies with obvious changes TA under the sea surface but
not identified by the altimeter are identified.

Finally, to facilitate the analysis of the geographic location of
EDTR-eddy, Fig. 10(a) shows the distribution of the newly iden-
tified eddies under each 1° x 1° grid of global, and Fig. 10(b)
and (c) are EDTR-AE and EDTR- CE distribution, respectively.
These eddies are highly similar to the geographic distribution
of the eddies identified by the altimeter in Fig. 3(b). It can be
concluded that the eddy vertical structure can reflect the eddy
signal intensity, and TA can be used as an important feature of
the eddy vertical structure.

2) SSTA Validation of EDTR-Eddy: The altimeter can only
identify some eddies, and the new eddy identified using the
EDTR method cannot be verified by the altimeter, so it is
necessary to verify the new eddy independently. The previous
distributional pattern verification of EDTR-eddy was insuffi-
cient to demonstrate authenticity. Independent verification of
EDTR-eddy is also required, which is very difficult. Considering
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Global EDTR-eddy vertical profile analysis. (a) Average vertical profile data every 10° latitude in the northern hemisphere. (b) Average vertical profile
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Fig. 10. Global geographic distribution of the newly identified eddies by
EDTR on 1° x 1° grid. (a)—(c) are geographical distribution of EDTR-eddy,
EDTR-AE, and EDTR-CE, respectively.

that the eddy will affect the vertical seawater temperature, and
the eddy density will also affect the seawater temperature, the
SSTA dataset is used for independent verification of the EDTR-
eddy. The SSTA dataset has a global ocean of 0.25° x 0.25°
spatial resolution and daily time resolution is sufficient to verify
the authenticity of EDTR-eddy.
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The specific method of independent verification is as follows.
First, select Alt-eddy and EDTR-eddy at the same time and
place (with the same 0.25° x 0.25° spatial resolution) as sam-
pling points, and calculate Alt-eddy and EDTR-eddy 20-200 m
average TA, respectively. Then, find the SSTA value of the
corresponding time and place in the SSTA dataset, and draw
the curve of the SSTA value of all sampling points and the sum
of the above two TA. If the two curves have similar trends, it
proves that the newly identified eddy does exist. The validation
method uses similar trends rather than a complete coincidence
since changes in ocean temperature are not only affected by
eddies but also by ocean currents, climatology, and submarine
volcanic eruptions. Fig. 11 shows the trend of global all sampling
points in 2017, in which the red line is the sum of the TA of
Alt-eddy and EDTR-eddy 20-200 m at the sampling point, and
the blue line is the SSTA value of the corresponding sampling
point. The two curves in Fig. 11 have the same trend, but they
are not the same, which is reasonable, because the average TA of
the eddy 20-200 m is selected, while the SSTA is the sea surface
temperature anomaly, eddy as a whole the change of undersea
temperature will inevitably affect the sea surface temperature.

To further verify the authenticity of the new eddies identified
by the EDTR method, Fig. 12 shows the newly identified eddies
on January 1, 2017, and embedded them into the SSTA map
at the corresponding time. The vast majority of EDTR-AE are
in the positive SSTA region, and EDTR-CE are in the negative
region because traditional AE is called cold eddy, and CE is

called the warm-core eddy. However, there are also some new
eddies with opposite polarity, which is also correct since the
existence of abnormal eddies has been confirmed [43], [49].

D. Inversion of New Eddy

At present, we have identified eddies missed by the altimeter
through the EDTR model and vertical profile structure and
verified the authenticity of the new eddy through the distribution
pattern and SSTA. However, the eddy is not an independent
vertical profile point, but a whole that has a radius, and can
cause sea surface amplitude, and has a certain amount of energy.
Due to the inherent correlation between the eddy properties and
the vertical structure, so invert the eddy properties through the
vertical profile structure and SST.

Radius is the most basic property of eddy and also has a
stronger correlation with other properties. We first invert the
radius through the vertical structure and the corresponding po-
sition SST and then use the radius as a known to invert other
properties. The specific inversion process is as follows:

~depth4-20
radius = F' <max |TA| 7depth,/ |TA|,

depth—20
depth—+deptn
/ T4l
d

epth

depth

depth—dgepn

|TA| ,sst) (5)
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depth+-20
amp =F (radius, max |T A ,depth,/ |TAl,
depth—20

depth+ugepth depth
/ ral, [ rasst)©
depth depth—depin
depth4-20
eke = F (radius, max [T A ,depth,/ |TA|,
depth—20
depth+depin depth
/ ITA] / TAlsst] ()
depth depth—dgepm

where depth is the maximum absolute value depth of TA; tgepu 18
the maximum gradient position on depth; dgepm is the maximum
gradient position under depth; and sst is a set including the
location of the profile and the SSTs of eight adjacent loca-
tions. Then, F' is the machine learning model, including linear
regression, Bayesian regression, Elastic regression, SVR, and
Gradient Boosting Regressor. Finally, the results of each model
are averaged to obtain the final result, that is, the properties of
the eddy.

According to the above inversion process, we inversed the
newly identified eddies in January 2017 from 20°S to 40°N
and 40°E to 160°E. Although the predicted final result can be
inverted by machine learning models, the properties of eddies are
usually not only affected by vertical profiles and SST but also by
ocean currents, climatology, submarine volcanic eruptions, and
ship navigation. Therefore, the inversion results are represented
by intervals, and the specific inversion results are shown in
Fig. 13.

V. CONCLUSION

This article proposes a deep neural network named EDTR to
identify global eddies missed by satellite altimeters from 2002
to 2018 through vertical profile data. The main conclusions of
this study are summarized as follows.

1) The eddy as a whole vertical structural feature will affect
the sea surface anomalies, so the eddy profiles are divided into
training, validation, and test datasets using the data observed by
satellite altimeter and vertical profile data to train the network.

Properties inversion of the newly identified eddies. (a) Radius (km), (b) amplitude (cm), and (c) eddy kinetic energy (EKE, cm?/s2).

The final eddy identification accuracy is 98.22%, which indi-
cates the feasibility of identifying eddy using the eddy vertical
profile structure. After that, 18.57% new AE and 17.41% new
CE were identified through the OE dataset.

2) The newly identified eddies are verified with the distri-
bution pattern and the consistency with SSTA. Meanwhile, the
properties including radius, amplitude, and energy of them were
inversed.

3) The results demonstrate that artificial intelligence can be
applied to the field of oceanic eddy identification, which allows
oceanography experts to study higher-level eddy problems rather
than merely stop at low-level eddy identification.

Finally, although the properties of the eddy have been inverted
through the vertical profile structure, the inversion of the proper-
ties of the eddy needs to be improved. The next step is to further
improve the accuracy of the inversion and verify the authenticity
of the inversion properties.

REFERENCES

[1] J. L. Jiet al., “Oceanic eddy characteristics and generation mechanisms
in the Kuroshio extension region,” J. Geophysical Res.-Oceans, vol. 123,
no. 11, pp. 8548-8567, 2018.

[2] D.B. Chelton, M. G. Schlax, R. M. Samelson, and R. D. Szoeke, “Global
observations of large oceanic eddies,” Geophysical Res. Lett., vol. 34,
no. 15, pp. 87-101, 2007.

[3] S.ItohandlI. Yasuda, “Water mass structure of warm and cold anticyclonic
eddies in the western boundary region of the subarctic north pacific,” J.
Phys. Oceanogr., vol. 40, no. 12, pp. 2624-2642, 2010.

[4] P.G. Falkowski, D. Ziemann, Z. Kolber, and P. K. Bienfang, “Role of eddy
pumping in enhancing primary production in the ocean,” Nature, vol. 352,
no. 6330, pp. 55-58, 1991.

[5] J. C. Mcwilliams, The Nature and Consequences of Oceanic Eddies.
Washington, DC, USA: American Geophysical Union, 2013.

[6] P. Gaube, D. B. Chelton, P. G. Strutton, and M. J. Behrenfeld, “Satellite
observations of chlorophyll, phytoplankton biomass, and Ekman pumping
in nonlinear mesoscale eddies,” J. Geophysical Res. Oceans, vol. 118,
no. 12, pp. 6349-6370, 2013.

[7]1 P. Y. Le Traon, F. Nadal, and N. Ducet, “An improved mapping method
of multisatellite altimeter data,” J. Atmospheric Ocean. Technol., vol. 15,
no. 2, pp. 522-534, 1998.

[8] G.Chen, B.Huang, X. Chen, L. Ge, M. Radenkovic, and Y. Ma, “Deep blue
AI: A new bridge from data to knowledge for the ocean science,” Deep Sea
Res. Part I: Oceanographic Res. Papers, vol. 190, 2022, Art. no. 103886.

[9] G. K. Xu, W. H. Xie, C. M. Dong, and X. Q. Gao, “Application of three
deep learning schemes into oceanic eddy detection,” Front. Mar. Sci., vol. 8,
2021, Art. no. 715.



ZHANG et al.: EFFICIENT OCEANIC EDDY IDENTIFICATION METHOD WITH XBT DATA USING TRANSFORMER

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]
[25]
[26]

[27]

[28]

[29]

[30]

[31]

[32]

(33]

R. Hang, G. Li, M. Xue, C. Dong, and J. Wei, “Identifying oceanic
eddy with an edge-enhanced multiscale convolutional network,” /EEE J.
Sel. Topics Appl. Earth Observ. Remote Sens., vol. 15, pp. 9198-9207,
2022.

G. Taburet et al., “DUACS DT2018: 25 years of reprocessed sea
level altimetry products,” Ocean Sci., vol. 15, no. 5, pp. 1207-1224,
2019.

C. Dong et al., “Three-dimensional oceanic eddy analysis in the Southern
California bight from a numerical product,” J. Geophysical Res.-Oceans,
vol. 117, 2012.

G. Chen, G. Han, and X. Yang, “On the intrinsic shape of oceanic
eddies derived from satellite altimetry,” Remote Sens. Environ., vol. 228,
pp. 75-89, 2019.

Z.W. You, L. X. Liu, B. J. Bethel, and C. M. Dong, “Feature comparison
of two mesoscale eddy datasets based on satellite altimeter data,” Remote
Sens., vol. 14, no. 1, 2022, Art. no. 116.

D. Huang, Y. Du, Q. He, W. Song, and A. Liotta, “DeepEddy: A
simple deep architecture for mesoscale oceanic eddy detection in SAR
images,” in Proc. 14th IEEE Int. Conf. Netw., Sens. Control, 2017,
pp. 673-678.

V. Gouretski and F. Reseghetti, “On depth and temperature biases in
bathythermograph data: Development of a new correction scheme based on
analysis of a global ocean database,” Deep-Sea Res. Part I-Oceanographic
Res. Papers, vol. 57, no. 6, pp. 812-833, 2010.

S. Kizu and K. Hanawa, “Recorder-dependent temperature error of ex-
pendable bathythermograph,” J. Oceanogr., vol. 58, no. 3, pp. 469-476,
2002.

B. X. Huang, Z. K. Pan, H. Yang, and L. Bai, “Variational level set method
for image segmentation with simplex constraint of landmarks,” Signal
Process.-Image Commun., vol. 82, 2020, Art. no. 115745.

J. Yuval and Y. Kaspi, “Eddy activity sensitivity to changes in the
vertical structure of baroclinicity,” J. Atmospheric Sci., vol. 73, no. 4,
pp. 1709-1726, 2016.

L. Cheng et al., “XBT science: Assessment of instrumental biases and
errors,” Bull. Amer. Meteorological Soc., vol. 97, no. 6, pp. 923-934,2016.
R. Lguensat et al., “EddyNet: A deep neural network for pixel-wise
classification of oceanic eddies,” in Proc. 38th IEEE Int. Geosci. Remote
Sens. Symp., 2018, pp. 1764-1767.

O. J. Santana, D. Hernandez-Sosa, J. Martz, and R. N. Smith, “Neural
network training for the detection and classification of oceanic mesoscale
eddies,” Remote Sens., vol. 12, no. 16, 2020, Art. no. 2625.

A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet classification
with deep convolutional neural networks,” Commun. Acm, vol. 60, no. 6,
pp. 84-90, 2017.

A. Vaswani et al., “Attention is all you need,” Adv. Neural Inf. Process
Syst., vol. 30, 2017.

K. Han, Y. Wang, H. Chen, X. Chen, and D. Tao, “A survey on visual
transformer,” vol. 2, no. 4, pp. 1-13, 2020.

S. Khan, M. Naseer, M. Hayat, S. W. Zamir, and M. Shah, “Transformers
in vision: A. survey,” vol. 54, pp. 1-41, 2021.

N. Carion, F. Massa, G. Synnaeve, N. Usunier, A. Kirillov, and S.
Zagoruyko, “End-to-end object detection with transformers,” in Proc. Eur.
Conf. Comput. Vis., 2020, pp. 213-229.

A. Chaigneau, M. Le Texier, G. Eldin, C. Grados, and O. Pizarro, “Vertical
structure of mesoscale eddies in the eastern south pacific ocean: A com-
posite analysis from altimetry and argo profiling floats,” J. Geophysical
Res.-Oceans, vol. 116, pp. 117-129, 2011.

J. Garcia-Martin, V. Martinez-Martinez, and J. Gomez-Gil, “Heat-
treatment classification of steels with nondestructive eddy current testing
using neural networks,” Dyna, vol. 89, no. 5, pp. 526-532, 2014.

B. X. Huang et al., “Nonlocal graph theory based transductive learning
for hyperspectral image classification,” Pattern Recognit., vol. 116, 2021,
Art. no. 107967.

J. W. Si, B. X. Huang, H. Yang, W. S. Lin, and Z. K. Pan, “A no-reference
stereoscopic image quality assessment network based on binocular in-
teraction and fusion mechanisms,” IEEE Trans. Image Process., vol. 31,
pp- 3066-3080, 2022.

E. K. Oneida, E. B. Shell, J. C. Aldrin, H. A. Sabbagh, E. H. Sabbagh,
and R. K. Murphy, “Characterizing surface-breaking cracks through eddy
current NDE and model-based inversion,” Mater. Eval., vol. 75, no. 7,
pp- 915-929, 2017.

H. Li, J. Guo, and H. Wen, “Contrastive analysis of mesoscale eddies
in the south China sea: Based on satellite altimetry and satellite remote
sensing sea surface temperature,” J. Geodesy Geodynamics, vol. 38,no. 11,
pp. 1170-1173, 2018.

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]
[45]

[46]

[47]

(48]

[49]

9871

S. Sun, Y. Fang, B. Liu, and Tana, “Coupling between SST and wind speed
over mesoscale eddies in the south China sea,” Ocean Dyn., vol. 66, no. 11,
pp. 14671474, 2016.

X. Y. Chen, G. Chen, L. Y. Ge, B. X. Huang, and C. A. C. A. Cao, “Global
oceanic eddy identification: A deep learning method from argo profiles
and altimetry data,” Front. Mar. Sci., vol. 8, 2021, Art. no. 646926.

B. Huang, L. Ge, X. Chen, and G. Chen, “Vertical structure-based classi-
fication of oceanic eddy using 3-D convolutional neural network,” IEEE
Trans. Geosci. Remote Sens., vol. 60, pp. 1-14, 2022.

Y. Liu, G. Chen, M. Sun, S. Liu, and F. Tian, “A parallel SLA-based al-
gorithm for global mesoscale eddy identification,” J. Atmospheric Ocean.
Technol., vol. 33, no. 12, pp. 2743-2754, 2016.

F. Tian, D. Wu, L. Yuan, and G. Chen, “Impacts of the efficiencies of
identification and tracking algorithms on the statistical properties of global
mesoscale eddies using merged altimeter data,” Int. J. Remote Sens.,
vol. 41, no. 8, pp. 2835-2860, 2020.

M. Sun, F. Tian, Y. Liu, and G. Chen, “An improved automatic algorithm
for global eddy tracking using satellite altimeter data,” Remote Sens., vol. 9,
no. 3, 2017, Art. no. 206.

E. Huang and Y. Yang, “Statistical analysis of sea surface temperature
retrieval error based on PMDB,” Remote Sens. Technol. Application,
vol. 27, no. 6, pp. 880-886, 2012.

E. Moschos, A. Stegner, O. Schwander, and P. Gallinari, “Classification
of eddy sea surface temperature signatures under cloud coverage,” [EEE
J. Sel. Topics Appl. Earth Observ. Remote Sens., vol. 13, pp. 3437-3447,
2020.

Z. Lian, Z. Wei, Y. Wang, and X. Wang, “Geographical variation and
controlling mechanism of eddy-induced vertical temperature anomalies
and eddy available potential energy in the South China sea,” Ocean Dyn.,
vol. 71, no. 4, pp. 411-421, 2021.

G. Chen, X. Chen, and B. Huang, “Independent eddy identification with
profiling argo as calibrated by altimetry,” J. Geophysical Res.-Oceans,
vol. 126, no. 1, 2021, Art. no. €2020JC016729.

A. Dosovitskiy et al., “An image is worth 16x16 words: Transformers for
image recognition at scale,” 2020, arXiv:2010.11929.

S. Mao, D. Rajan, and L. T. Chia, “Deep residual pooling network for
texture recognition,” Pattern Recognit., vol. 112, 2021, Art. no. 107817.
M. Sandler, A. Howard, M. Zhu, A. Zhmoginov, and L.-C. Chen,
“MobileNetV2: Inverted residuals and linear bottlenecks,” in Proc. 31st
IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2018, pp. 4510-4520.
M. Tan and Q. V. Le, “ EfficientNet: Rethinking model scaling for con-
volutional neural networks,” in Proc. 36th Int. Conf. Mach. Learn., 2019,
pp- 6105-6114.

B. Xue et al., “An efficient deep-sea debris detection method using deep
neural networks,” IEEE J. Sel. Topics Appl. Earth Observ. Remote Sens.,
vol. 14, pp. 12348-12360, 2021.

C. Dong, G. Xu, G. Han, N. Chen, Y. He, and D. Chen, “Identification
of tidal mixing fronts from high-resolution along-track altimetry data,”
Remote Sens. Environ., vol. 209, pp. 489-496, 2018.

Hongfeng Zhang is currently working toward the
M.S. degree in engineering with the School of Com-
puter Science and Technology, Qingdao University,
Qingdao, China.

His research interests include remote sensing im-
age processing and analysis, and deep learning.

Baoxiang Huang (Member, IEEE) received the B.S.
degree in traffic engineering and the M.S. degree in
mechatronic engineering from Shandong University,
Jinan, China, in 2002 and 2005, respectively, and the
Ph.D. degree in computer engineering from the Ocean
University of China, Qingdao, China, in 2011.

She is currently an Associate Professor with the
College of Computer Science and Technology, Qing-
dao University, Qingdao, China. Her research in-
terests include remote sensing image processing
and analysis, Big Data oceanography, and artificial
intelligence.



9872

Ge Chen received the B.S. degree in marine physics,
the M.S. degree in satellite oceanography, and the
Ph.D. degree in physical oceanography from the
Ocean University of China (OUC), Qingdao, China,
in 1988, 1990, and 1993, respectively.

From 1994 to 1996, he was a Postdoctoral Fellow
with IFREMER (The French Research Institute for
the Exploitation of the Sea), France. Since 1997,
he has been a Professor of Satellite Oceanography
and Meteorology with OUC. From 1998 to 2002,
he was the Executive Secretary of the International
Pan Ocean Remote Sensing Conference (PORSEC) Association. He is the
Deputy Dean with the Institute for Advanced Marine Sciences, OUC, and the
Chief Scientist with Ocean Science Satellite Missions, National Laboratory of
Ocean Science and Technology (Qingdao). He has authored more than 100
peer-reviewed scientific papers published in internationally recognized journals.
His current research interests include satellite remote sensing of the ocean and
Big Data oceanography.

Prof. Chen was the recipient of the National Science Fund for Outstanding
Young Scientists awarded by the Natural Science Foundation of China, in
2001, and became the Chair Professor of Cheung Kong Scholars Program
nominated by the Chinese Ministry of Education. He was a Member of the
Expert Committee on Ocean Technology for the National High Technology
Program (the “863” Program) of China nominated by the Chinese Ministry of
Science and Technology.

Linyao Ge received the B.S. degree in computer
application technology and the M.S. degree in com-
puter technology from Qingdao University, Qingdao,
China, in 2018 and 2021, respectively. He is currently
working toward the Ph.D. degree in computer applica-
tion technology with the Ocean University of China,
Qingdao, China.

His research interests include satellite remote sens-
ing of the ocean, big data oceanography, and deep
learning.

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022

Milena Radenkovic received the Dipl.-Ing. degree
in electric and electronic engineering from the Uni-
versity of Nis, Nis, Serbia, in 1998, and the Ph.D.
degree in computer science from the University of
Nottingham, Nottingham, U.K., in 2002.

She has authored more than 80 papers in premium
conference and journal venues. Her research interests
include intelligent mobile and disconnection tolerant
networking, complex temporal graphs, self-organized
security, and distributed predictive analytics with
applications to autonomous vehicles, mobile social
networks, smart manufacturing, and predictive telemetry.

Dr. Radenkovic was a recipient of multiple EPSRC and EU grants for her
research. She has organized and chaired multiple ACM and IEEE conferences
and served on many program committees. She is an Editor for premium journals
such as the Ad Hoc Networks (Elsevier), the [EEE TRANSACTIONS ON PARALLEL
AND DISTRIBUTED COMPUTING, and ACM Multimedia.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


