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Abstract: We propose a quality control method based on machine learning neural networks to
enhance the quality of high-frequency (HF) radar data. Unlike traditional quality control methods
that rely on radar signals as indicators and involve extensive data manipulation in specialized
software, our approach employs a Bi-LSTM neural network model. This method aims to improve
data quality and streamline the quality control process. Through a series of analyses, we demonstrate
the feasibility of using machine learning techniques to enhance radar data quality.
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1. Introduction

Hainan Island, nestled in the northern part of the South China Sea, enjoys a warm trop-
ical climate. This climate bestows upon the island a rich biodiversity and stunning natural
landscapes. Economically speaking, the island stands out as a hotspot for both tourism and
fishing. However, the tropical climate brings its own set of challenges, including seasonal
storms and the long-term effects of climate change. Given Hainan’s unique status in China
and the various challenges it faces, gaining insights regarding and monitoring its marine
currents is crucial for ensuring the ecological and economic stability of Hainan and its
surrounding maritime regions.

High-Frequency Radar (HFR) has emerged as a revolutionary tool in marine obser-
vation in recent years. By harnessing high-frequency electromagnetic waves, it not only
captures subtle changes on the ocean’s surface but also, through cutting-edge inversion
techniques, accurately deciphers activities of winds, waves, and crucial ocean currents [1-4].
The application of this technology offers researchers extensive, real-time marine data, and
provides essential informational support and solutions in the realms of global climate
change and marine safety.

HEFR technology has demonstrated high accuracy in measuring winds, waves, and
currents on the ocean surface. This achievement has been widely recognized by the
academic community [5-10]. However, like other measuring tools, HFR faces inherent
challenges in its measurements. These include inaccuracies due to equipment errors,
electromagnetic interference, or data loss during transmission [11,12]. In previous studies,
the quality control efforts for HFR were mainly centered on radial velocity data. These data
reveals the speed component of the ocean’s surface from the radar to a specific point. To
obtain a complete ocean current vector from this data, radial velocity information is needed
from at least two different radar locations. These data are then combined to produce a
two-dimensional vector, representing the flow direction and speed of the ocean’s surface at
a specific point.
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To form a continuous ocean current vector field, researchers typically employ mathe-
matical methods to merge radial velocity data from multiple radar stations onto a grid. One
commonly used method relies on inverse interpolation techniques, utilizing the distance
and angular differences between radar stations to estimate velocity values for each grid
point. In addition, there is a method based on the least squares principle that optimally
fits data gathered from different radar stations by optimizing the model. Despite utilizing
these advanced mathematical approaches, the merging process can still produce anomalous
vector data. These anomalies can stem from mismatches between radar data, limitations of
the merging algorithm, the incomplete or subpar quality control of radial velocities, and
other factors. Issues with the quality of radial velocities, such as noise, discontinuity, or
other unstable elements, might be partially addressed in the initial quality control phase
but can be magnified or lead to new anomalies during the merging process.

In terms of radar data quality control, researchers have adopted various methods.
Traditional approaches mainly focus on the quality control of radial velocity data obtained
from high-frequency radars. The accuracy of these data largely hinges on the quality of
electromagnetic signals and inherent characteristics of radial velocities. Past research has
concentrated on the following areas:

Signal-to-noise ratio control: Cosoli [13] and colleagues advocated for using the signal-
to-noise ratio as a pivotal quality metric. They discovered that, when the ratio exceeds
a certain threshold, the data accuracy notably improves. Based on this, they devised an
algorithm to filter and correct radar data according to the signal-to-noise ratio.

Spatial analysis: Roarty [14] and his team proposed a quality control method based on
spatial characteristics. They examined the latitude, longitude, average radial direction, and
speed of the radial data. Using this information, they assessed the data quality. Moreover,
they compared the measured radial velocity with theoretical values, serving as a benchmark
for quality control.

Parameter monitoring: Haines’s team [15] recognized that radars output parameters
beyond just radial velocities. They utilized these parameters for quality control, believing
that these parameters provide added evidence for the quality of radial velocity data.

Real-time monitoring: Lorente’s group [16] introduced a practical approach. They
installed real-time monitoring equipment on buoys within the radar area, enabling instant
diagnostics of non-speed parameters. This offered real-time quality feedback for radar data,
assisting researchers in adjusting their quality control strategies.

Although these methods significantly improved the quality of radar data, anomalies
might still emerge during the vector field synthesis. Thus, we present a new machine learn-
ing method specifically tailored for the quality control of these synthesized vector fields.

In this study, we employed machine learning techniques for the quality control of
the synthesized radar ocean-current vector velocity data. We used the Bi-LSTM model to
analyze the time-domain data and utilized its predictive residuals for anomaly detection.
Compared to traditional methods, machine learning offers a more automated, efficient,
and real-time solution. Conventional approaches often involve multiple steps, such as
manual filtering, threshold setting, and geographical validation, which are not only time-
consuming but may also introduce human errors. In contrast, deep learning models can
automatically extract data features, substantially reducing the need for manual intervention
and providing more consistent and reliable results. By applying machine learning for data
anomaly detection, we demonstrated its potential in streamlining processes and enhancing
data quality. The results of this research provide valuable guidance for improving radar
data quality.

In this section, we have discussed the high-frequency radar technology and its applica-
tions and challenges in marine observations. In response to these challenges, we introduce
a novel method utilizing machine learning for radar data quality control. In the sections
that follow, we will describe in detail the data and methods used, then present our research
outcomes, and wrap up with a summary of the entire study.
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2. Materials and Methods
2.1. High-Frequency Radar

In our study, we employed the OSMAR-5100 high-frequency compact ground-wave
radar system developed by Wuhan University [17]. The system was manufactured by
Beijing Highlander Digital Technology Company Limited in Beijing, China. Compared
to large line-of-sight radar systems, this compact high-frequency radar boasts multiple
advantages, including reduced equipment size, decreased physical space requirements
(with antenna aperture no larger than several-hundred meters), lower energy consumption,
and the convenience of antenna equipment installation and maintenance. The OSMAR-
5100 HF radar operates as a networked radar with a working frequency range from 13 to
16 MHz. As depicted in Figure 1, a total of 19 radar units were installed, distributed across
cities like Haikou, Sanya, Ledong, Changjiang, and Wenchang. The synthesized detection
area (107.5° E-111.5° E, 17.5° N-21.5° N) spans over 40,000 square kilometers.
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Figure 1. Data coverage of the HF radar network system. Circular markers indicate the locations
where radar data are collected, with colors representing radar acquisition rates (indicated by the color
bar). Red stars mark single radar station locations.

The data used in this research were collected from 1 January 2022, to 31 October 2022,
with a time resolution of 12 min and a spatial resolution of 5 km. Due to factors such as
equipment maintenance and varying environmental disturbances at radar stations, the data
collection rate differed across locations. In subsequent processing, we selected points with
a data collection rate exceeding 80% to ensure data reliability. For the purpose of training
and testing our machine learning models, the data were averaged into hourly values.

2.2. Prediction-Based Anomaly Detector

When dealing with one-dimensional time series data, there are two common methods
for anomaly detection. The first is window-based anomaly event sequence detection, where
the time series data are divided into multiple windows, and then the anomaly score for
each time subsequence within each window is calculated [18,19].
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The second method is prediction-based anomaly detection. Since anomalies are events
that deviate from expectations, a natural approach is to compare the predicted data with
the actual data to perform anomaly detection [20,21]. In our study, we employed the
prediction-based anomaly detection method as illustrated in the figure below (Figure 2).
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Figure 2. Model anomaly detection process flowchart.

2.2.1. Data Preprocessing

Before the radar data are fed into a predictive model, they undergo essential data
preprocessing steps. In the real-world operating environment of radar systems, various
interference factors often lead to the omission of data. In this study, to align radar data
with the requirements of the model, two critical processes were applied: the imputation of
missing data and standardization of data.

To maintain the continuity of the time series data, a thorough timestamp check was
conducted on radar time series. This ensures that the time intervals between data points
within each segment of the time series remain consistent. If, within a segment, the time
interval between adjacent data points exceeds a predefined standard time interval (typ-
ically 1 h in this study), it indicates the presence of missing data. In such cases, a linear
interpolation technique is employed to reconstruct the missing data. Moreover, recognizing
that ocean-current data often exhibit periodicity, in this study, we refrained from imputing
missing data for segments with time gaps exceeding 6 h.

To enhance the training effectiveness of neural network models, it is customary to
standardize input data. In this research, the z-score standardization method was utilized.
This method involves transforming the data to have a mean of zero and a standard deviation
of one, making them suitable for input into the neural network model. These preprocessing
steps ensure that radar data are effectively prepared for model training and utilization.

2.2.2. Bi LSTM Neural Network

Introduced by Hochreiter and Schmidhuber in 1997 [22], the LSTM neural network
model enhances the memory mechanism inherent in Recurrent Neural Networks (RNNs).
Traditional RNNs often encounter the “vanishing gradients” problem, leading to challenges
in learning long-term dependencies. LSTM addresses this by integrating “gate” units. These
gate units control the processes of reading, writing, and erasing information in memory
cells, thus enabling the LSTM to capture and learn from long-term dependencies in data
sequences more effectively.

Various LSTM variants have been developed over the years. However, research [23]
indicates that these adaptations offer no significant improvement over the standard LSTM
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model. In light of this, our study utilizes the conventional LSTM model, as depicted in
Figure 3. The model is characterized as follows:
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Figure 3. Diagrammatic illustration of the LSTM cell architecture.

Inputs and gates: At a given time step ¢, the LSTM unit accepts the output from the
previous time step, h;_1, and the current input vector, x;. These inputs interact with three
crucial gate units:

Forget gate (fi): Determines the extent of information in the memory cell ¢; to
be discarded.

fi = O'(ij[ht_l LX) + bf) 1

Input gate (i;): Decides the magnitude of new information to be written into the

memory cell.
ir = o (Wi [h—1 ] +b;) @

Output gate (0¢): Establishes the output /; for the current time step.
o = c(Wo-[h—1,xt] + bo) (©)]

hy = o¢-tan h(Cy) 4)

Memory cell update: The memory cell’s state is updated based on the outputs from
the forget and input gates.

Cr = tanh(Wc-[ht—1, xt] + bc) @)

Ct = fi-Ciq +it-Cy (6)

Key Parameters:

W, Wi, W,, and W,: Weights for the respective gates and cell update.

b fr b;, by, and b.: Biases for the respective gates and cell update.

o: The sigmoid activation function, responsible for introducing nonlinearity.

The above formulas and terminologies present a comprehensive picture of the LSTM's
underlying computations, highlighting its ability to capture and learn long-term dependen-
cies in data sequences.

A vast body of research has proven that the Long Short-Term Memory (LSTM) neural
network model is effective for analyzing time series data. The unique architecture of
LSTMs enables them to effectively capture long-term dependencies within time series data.
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Building upon this foundation, we further adopted the Bidirectional LSTM (Bi-LSTM)
model. The concept of the Bi-LSTM neural network is derived from bidirectional recurrent
neural networks (RNNs) [24]. Unlike the traditional unidirectional LSTM, the Bi-LSTM
incorporates both forward and backward LSTM layers (as illustrated in Figure 4), endowing
it with bidirectional data processing capabilities.
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Figure 4. Bidirectional LSTM neural network architecture diagram.

The bidirectionality of Bi-LSTM offers a holistic perspective on ocean-current behav-
iors, considering both historical and anticipated data. This approach is especially pertinent
to the complex patterns of ocean currents, ensuring that detected anomalies are substantial
and not fleeting disturbances. The bidirectional structure provides a rich contextual frame-
work for our predictive model, enhancing the precision and reliability of anomaly detection.
Numerous studies have affirmed the utility of Bi-LSTM in scenarios requiring consideration
of contextual information, such as classification [25,26], speech recognition [27,28], and
time series forecasting [29,30].

Neural network structures typically consist of three main components: the input layer,
the hidden layers, and the output layer. In this research, the Bi-LSTM layer consists of
512 neurons and is followed by the stacking of multiple fully connected layers, introducing
non-linear transformations and dimensionality changes to the output. During the model
training process, to ensure that the predictive model can learn the features of normal
ocean current data effectively, the training data undergo meticulous curation, excluding
anomalous data points. This ensures that the model exhibits a certain level of sensitivity
when dealing with abnormal data, thereby ensuring efficiency and accuracy.

2.2.3. Anomaly Detection

This section introduces the anomaly detection process utilized in our study and the
associated evaluation metrics. As shown in Figure 2, when the data are fed into the trained
model, they produce an output as a time series. The difference between this predicted
output and the original input forms the ‘residual time series’. Ideally, instances of anomalies
should be evident as significant deviations in this residual series, while normal data points
are expected to have minor variations from the predicted values. To identify anomalies,
we establish a threshold for the residual time series. Data points with residuals below this
threshold are classified as normal, while those with residuals exceeding the threshold are
identified as anomalies.

In our study, the threshold is determined through an evaluation of anomaly detection
performance on the test dataset. For imbalanced datasets such as radar ocean-current
data, the performance of anomaly detection algorithms is typically assessed using the
Precision-Recall Curve (PRC) and the F-score. The vertical axis of the PRC represents
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precision, while the horizontal axis represents recall. Precision, Recall, and the F-score are

defined as follows:
Precision = ————— 7
recisio (TP 1 FP) (7)

Precision: The ratio of true positives (correctly identified anomalies) to the sum of

true positives and false positives (false alarms), reflecting the algorithm’s accuracy in

anomaly detection.
Recall = P (8)
~ (TP +EN)

Recall: The ratio of true positives (correctly identified anomalies) to the sum of true

positives and false negatives (missed anomalies), indicating the algorithm’s capability to

detect all anomalies.

Precision x Recall
F - =2
score % Precision + Recall ©)

F-score: The harmonic mean of precision and recall. It offers a comprehensive measure
of the algorithm’s performance, factoring in both false positives and false negatives.

In our preceding discussion, we introduced three evaluation metrics for anomaly
detection. For the quality control of high-frequency radar data, both precision and recall
are of paramount importance. Precision represents the model’s ability to correctly label
actual anomalies, ensuring the reliability of our anomaly identifications. Meanwhile, recall
assesses the model’s thoroughness in capturing all genuine anomalies, emphasizing the
completeness of the identification process. However, precision and recall often exhibit op-
posing trends as the detection threshold varies. Over-emphasizing precision may minimize
false alarms but at the risk of potentially overlooking some genuine anomalies. Conversely,
prioritizing recall could lead to a higher likelihood of labeling normal data as anomalous.
To harmonize these two essential metrics and ensure optimal quality control for our radar
data, we adopt the F-score. This comprehensive measure takes into account both precision
and recall, ensuring that our quality control neither misses genuine anomalies nor raises
excessive false alarms.

3. Results

As previously mentioned, the threshold is determined by comparing the anomaly
detection performance metrics on the test set. The test set consists of full time series data
from 15 different locations, totaling over 58,000 h. These data have been meticulously
labeled to distinguish various anomaly types. Their respective quantities and categories
are depicted in the accompanying Figure 5.

We categorized anomalies into two main classes:

Single anomalies: These are isolated incidents where data at a specific time point
deviate significantly from normal values, often due to momentary equipment faults or
external interference.

Continuous anomalies: These anomalies manifest over multiple consecutive time
points, possibly arising from equipment issues or external events. They can be further
divided into:

Short-term:  Spanning two consecutive time points, indicating brief yet
noticeable disturbances.

Long-term: Persisting for more than two consecutive time points. These anomalies are less
frequent, as they are more likely to have been removed in earlier quality control procedures.

As illustrated in Figure 5, subplot (a) displays the different types of anomalies within a
specific time frame. The marked points on this plot provide a clear distinction between the
different anomaly classifications. Meanwhile, subplot (b) demonstrates the frequency of
each anomaly type. Single anomalies occurred 947 times, making them the most commonly
observed type. Short-term continuous anomalies were noted at 194 distinct time points,
while long-term continuous anomalies were observed across 102 different time points.
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Figure 5. (a) Schematic representation of anomaly types and (b) bar chart of anomaly type counts.

Despite the chosen locations being in areas with high data coverage, evident anoma-
lies were observed in these core regions. This underscores the central role of anomaly
detection in data analysis. Particularly in the edge regions probed by the radar station,
which are low data coverage areas, the data not only face significant continuity issues but
are also more susceptible to various interferences and synthetic problems, exacerbating
the anomaly conditions. Hence, the precise detection and handling of these anomalies
become particularly vital to ensure data quality and accuracy, laying a solid foundation for
subsequent data analysis.

In the ensuing discussions, we will delve into the anomaly detection methods and
results for each of these three anomaly types.

3.1. Single Anomaly

As illustrated by Figure 5b, single anomalies are the most prevalent type of anomaly.
In the actual operation of radar systems, due to the combined effects of various random
error factors, such as short-term signal interference, single anomalies tend to occur more
frequently. On the other hand, long-duration anomalies, because of their more evident
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abnormal features, are typically filtered out before the synthesizing of radar ocean current
vector data. Consequently, single anomalies are the primary focus of this study.

Figure 6a illustrates the input sequence structure of the prediction model. When the
model attempts to predict the time point X;, it considers data spanning six hours around
that point. This design ensures that the model can fully capture the temporal context
information adjacent to X;, thereby enhancing the prediction accuracy. More detailed
explanations regarding the choice of the input sequence length will be provided in the
sensitivity analysis experiment at the end of the Section 3.
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Figure 6. (a) Schematic representation of model input sequence, (b,c) comparison between model
predicted output (orange curve) and radar data (blue curve) for single-point anomalies, (d) model PR
curve plot, (e) trend graph of recall and precision as threshold varies.

As shown in Figure 6b,c, the values in the residual time series at the timestamps
corresponding to anomalies are significantly high, confirming our model’s anomaly detec-
tion capabilities. Nevertheless, it is worth mentioning that the normal data around these
single-point anomalies also exhibit significant discrepancies in the difference series. One
reason for this is that, when predicting these normal points, the model used data from
the single-point anomalies in constructing its input sequence. This led to pronounced
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discrepancies even in what should have been normal predictions. With a lower threshold,
this can mistakenly classify these points as anomalies, compromising the overall accuracy.

Figure 6d depicts the relationship between the precision and recall. The thresholds
start from 0 and increase in increments of 0.01 m/s up to 0.5 m/s. These thresholds are
applied to the residual time series generated by the model and the test set to obtain the
variation curves of precision and recall, further aiming to determine the optimal threshold.
As previously discussed in Figure 6b,c, Figure 6e provides a broader perspective from the
entire dataset, showcasing the misclassifications at lower thresholds: despite the high recall
in this range, the precision is low. When the threshold exceeds 0.2 m/s, there is a notable
decline in recall with only a slight increase in precision. Constrained by these factors, the
F-score reaches its maximum value of 0.627.

These prediction biases were expected given the nature of the training data. During
previous model training, only normal data were used as input. However, when applying
the model in real-world scenarios, the inclusion of a significant amount of anomalous data
in the dataset becomes part of the prediction model’s input sequence, affecting its capability
to accurately predict regular data.

Addressing the aforementioned issue and enhancing the anomaly detection perfor-
mance necessitates improvements to our model. It should be capable of discerning the
most relevant input information while minimizing the influence of anomalous data on
its outputs.

To enhance the model’s ability to recognize anomalous data and its robustness, we
decided to draw inspiration from data augmentation techniques in deep learning. We
adopted an innovative strategy: injecting simulated anomalous information into the normal
data. This strategy aims to optimize the model’s generalization capabilities. Experience
tells us that solely relying on the original training data may not be sufficient to achieve
optimal results in real-world anomaly detection tasks. However, if the model can learn
and adapt to simulated anomalous data during the training phase, its ability to recognize
anomalies and stability in real scenarios will be significantly improved.

For simulating anomalous information, we opted for Gaussian distribution, also
termed normal distribution, a common probability distribution in statistics. This distribu-
tion simulates the overall effect of multiple small random error factors in the real world.
According to the Central Limit Theorem, these effects exhibit a shape that is approximately
normally distributed, making Gaussian distribution an ideal choice for our purposes.

During the anomaly injection process, we fine-tuned the Gaussian distribution’s
relevant parameters to ensure that the produced anomalies clustered mainly within a
range akin to observed real-world anomalies. Specifically, from 15 different locations, we
randomly selected 10% of the data and introduced anomalies at the ‘t’ time point. To
emulate various sudden changes potentially present in actual data, we then chose another
distinct 10% data subset, introducing anomalies at either the ‘t — 1" or ‘t + 1’ time points.

Figure 7a,b compares the predictions of the original and improved models at two
different time points. As observed from the charts, the improved model can effectively
identify anomalous data by producing large residuals. Simultaneously, it excels at making
accurate predictions for normal data, with almost negligible residuals.

Figure 7c presents the PR curves of both models. As illustrated in the chart, the PR
curve of the improved model consistently envelops that of the original model, indicating
that, at equivalent recall levels, the improved model achieves greater precision.

Figure 7d displays the precision and recall of the new model at different thresholds.
Viewing the entire dataset further validates the observations made from Figure 7a,b, where
the model significantly reduced residuals for normal data even in the presence of anoma-
lous data. This is reflected in the graph where the model retains high precision even at
lower thresholds.

All sub-figures in Figure 7 validate the efficacy of our model’s improvements. The
F-score of the new model has increased from 0.63 to 0.79, indicating, roughly, a 16% im-
provement over the old model. By injecting simulated anomalous data into the training set,
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we have not only enhanced the model’s generalization capabilities but also its robustness
against anomalies.

(a1)-Previous (a2) -New (b1)-Previous (b2) ~New
Anoftaly Anofialy 0.4 Anomaly 0.4r Anofialy
0.0 . 0.0 A A ‘
0.2 0.2-
) C) > ‘ » |
> > > . 2 |
£ \ £ \ £ | \ A £ | =
~ ) \ ~ | \ ~ | \ & ~ | \
> \ \ > 7 | \ > 0.0 i Y > 0.0 | o
k2 \ 2 070 2 N+ k2 [
0-0.2 x ¥ 0-0.2 + + %) | o [
8 x 8 [ 8 kS
: \ L s \ [ 20z R .
‘ | \ | | # 4
\ \\‘; \\\ /
s AN ¥ 4 /
N N -0.4r— 0.4k
0.4 0.4 : i
248 248
time Chours) time C(hours) time (hours) time Chours)
(c)Precision—Recal | Curve (d)
: 1.0k
0.9 r
t 0.9
0.8 L
L 0.8
0.7
L 0.7
0.6
§ | \\ 0.6
®©0.5- [
| 0.5
QL_) L
a 04 0.4
0.3r 0. 37
0.2 0.2r
0.1 Previous-modet \ 0.1 Recall
[ New mode | Precision
0.0~ P R R P : : : 0.0 i ‘ i
0.2 0.3 04 05 06 07 08 0.9 1.0 0.0 0.1 0.2 0.3 0.4 0.5
Recal | Threshold

Figure 7. (a,b) Comparison of predictions before and after model improvement, with the orange
curve representing the predicted model data and the blue curve representing the original radar data.
(c) PR (precision-recall) curve before and after model improvement, (d) recall and precision graph as
threshold varies after improvement.

3.2. Continuous Anomalies

Continuous anomalies represent another focal area of our study. Compared to single-
point anomalies, these anomalies present a greater detection challenge due to their per-
sistent nature in time series data. As shown in Figure 8a,b, when the predictive model
encounters continuous anomalies, it struggles to generate predictions that significantly
deviate from the anomalous data. This observation can be explained in two ways. Firstly,
while the Bi-LSTM model excels at capturing long-term dependencies in time series data,
when faced with consecutive anomalous data points, the model may over-rely on previous
“memories” to interpret the current data point, leading to reduced sensitivity to continuous
anomalies. Secondly, although the bidirectional nature of Bi-LSTM allows it to capture
both past and future context in an input sequence, this mechanism may lack sufficient
discriminative power when faced with a large number of consecutive anomalies.

Figure 8c illustrates the comparison of the recall rates for continuous and single-point
anomalies at different thresholds. As the threshold increases, the recall rate for single-point
anomalies decreases slowly, while that for continuous anomalies drops rapidly. Combining
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the specific examples from Figure 8a,b, it becomes clear that the model, when predicting
certain continuous anomalies, cannot generate sufficiently large residuals to distinguish
them from normal data. Figure 8d shows that, even when the model’s F-score is at its peak,
the recall rate for continuous anomalies remains significantly lower than that for single-
point anomalies. The findings from all sub-figures in Figure 8 emphasize the challenges
that continuous anomalies pose to the predictive model.
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Figure 8. (a,b) Comparison between model predicted output (orange curve) and radar data (blue
curve) for continuous anomalies, (c) illustration of recall for different anomaly types as threshold
varies, (d) bar chart of recall for various anomaly types when model achieves maximum F-score.

In summary, while the model’s performance in detecting single-point anomalies is
commendable, there is room for optimization in the detection of continuous anomalies.
Thus, the next steps in research should focus on further enhancing the model’s performance
in this area.

This iterative process presents a practical solution for addressing continuous anoma-
lies, effectively transforming them into a sequence of single-point anomaly detections. This
approach streamlines the detection process and has the potential to enhance the model’s
performance in handling continuous anomalies.
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In order to ensure rationality, during the iterative forecasting process, the data being
replaced should ideally consist of as many abnormal data points as possible. As a result,
the selected threshold should guarantee a high level of accuracy. In this study, a threshold
corresponding to an accuracy of 90% or higher was used. As shown in Figure 7d, the
minimum threshold value is 0.3 m/s. The threshold values range from 0.3 to 0.5 m/s in
increments of 0.01 m/s, and the number of iterations ranges from one to five times. The
specific results are illustrated in Figure 9.

(a)

8150

iterations

8125

e e @

8100

2

e

8075

AN —-ig

4

8050

P — —5

. 8025

8000

o o o o

o

. 7950

79751

o

. 7925

0.30 0.31

(b1)-Previous (b2) -New (c1)-Previous (c2) -New

I
0.32 0.33 0.34 0.35 0.36 0.37 0.38 0.39 0.40 0.41 0.42 0.43 0.44 0.45 0.46 0.47 0.48 0.49 0.50

Threshold

0.4

Anoma |y I ¢ 1.0

5 0.4 ¥ 1.2 Anq aly

Anomaly
) Anoma
Anomaly Anoga%y 1.0 g Y

Aogaly

Aoy 0.2 Anomarly ’ Anogaly

.

-
(=)
®
o
®

b4
o

I
o

velocity (m/s)

o
I

velocity (m/s)
velocity (m/s)
velocity (m/s)

e

N
b
~

e
=3
T
S
.
.
I
N
onl
"
»

LNV ® .

Anomat 0.6 Anomar r H
ly ° 1 - L 7 L L L 1

o
o

328 2272 2272

time (hours) time (hours) time (hours) time (hours)

(d) (e)

0. BZdJ 837 | PreVIous

e 0.814
. . 0.788

I
~

=
o

=4
[$)]

o
N

Precision

4
w

0.8r
e -
R—\Max F-score I 0 739
0.7r 0. 681

Max F-score \ |

\\ 0.6-

\ 0.5

U] ed

Y& 0.3r

\\ 0.2

evious mode \ 01-_

2w mode | 3 L

: - : - T - 0.0

0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

F-score Recal | Recal |
Recal | (Single) (Continuous)

Figure 9. (a) F-score graphs under different thresholds, with different line colors indicating iteration
counts. (b,c) Comparison graphs of predictions before and after model improvement, with the orange
curve representing the predicted model data and the blue curve representing the radar data. (d) PR
(precision-recall) curve graphs before and after model improvement, (e) bar chart comparing recall
rates for different anomaly types before and after model improvement.
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Figure 9a clearly illustrates how the iterative prediction method significantly enhances
the efficiency of the anomaly detection. The trend in F-score variation is influenced by
several factors, including the type and quantity of anomalous data, the selected threshold,
and the number of iterations.

As is shown in Figure 5b, anomalies with a length of 2 predominate within the realm
of continuous anomalies. Figure 9b,c further emphasizes the exemplary performance of
the iterative prediction model in addressing consecutive anomalies with lengths of 2 and 3.
Combining these insights, even though the model encounters challenges when detecting
longer consecutive anomalies due to constraints related to the input sequence length,
its outstanding performance in detecting consecutive anomalies with lengths of 2 and 3
remains evident in Figure 9d,e.

In Figure 9d, the overall curve shifts upward and to the right, indicating an improve-
ment in the model compared to the previous version. In Figure 9e, it can be observed that the
iterative prediction model effectively enhances the model’s anomaly detection performance,
with improved recall rates for both single-point anomalies and consecutive anomalies.

3.3. Sensitivity Study

In the concluding part of this section, we will examine variations in the model’s
anomaly detection performance under different input sequence lengths, considering two
key aspects.

Firstly, as discussed in Section 2 regarding missing data imputation, we only impute
missing data when the gap between sequences has fewer than six standard time intervals.
However, when processing radar sea-current data, we face a particularly severe problem:
significant data are missing, especially in the peripheral regions covered by the radar (as
depicted in Figure 1). Even after applying missing value imputation, the data inevitably
get fragmented into numerous time series segments. Due to the Bi-LSTM model requiring a
certain amount of data both before and after the data point being predicted, the data at the
beginning and end of each segment are undetectable. Consequently, as the input sequence
length increases, the amount of data genuinely available for detection diminishes. This
results in certain anomalous data being undetected, leading to the ‘escape” phenomenon,
as illustrated in Figure 10a,b.

In the second aspect, we compared the performance metrics of anomaly detection for
the model under different input sequence lengths. To account for shorter input sequence
lengths, we introduced anomalies only at the points under examination, as opposed to the
method described in Section 3.1, where anomalies were added to both the points under
examination and their neighboring points. The specific results are shown in Figure 10c.

In an overall assessment, longer input sequences lead to the presence of more unde-
tectable data. As the amount of detectable data diminishes, some anomalous data can slip
through the detection process, thereby undermining the overall quality control effective-
ness. Conversely, overly short input sequence lengths make it challenging for the model to
address consecutive anomalies, resulting in suboptimal quality control. Considering these
factors, we chose an input sequence length of 7 to strike a balance.



Appl. Sci. 2023,13, 11826

15 of 17

62,

61,

60,

59,

58,

57,

56,

55,

Percentage

000

000

000

000

000

000

000

000

0.7r

0.6f

0.5F

e
IN

o
w

0.2

0.1r

0.0

(a) 1400 ()
Input data volume Anomaly data volume (1243)
61,392 g1 342 61.320 Detected data volume Escaped anomaly data volume
. ' 61,215 61,176 61,140 1. 086
60, 950 60, 980 60, 874 1200
60,514
60, 102
1000
59,703
59, 326
58, 956 800
58, 594
. n
s 09, 7% 98. 8% 98. 2% 97. 0% 96.4% 95. 6% 94 4% 93.6% 92.8%
57,904 600
400
200
89
w # 5 O B
ol 4 15 22
3 5 7 9 " 13 15 17 19 3 5 7 9 " 13 15 17 19
Input sequence length Input sequence length
(c)
F-score
Recall (Single)
Recal | (Continuous) 0. 67 0.65 0. 66
0. 64 0.68 0.64 0.63 0.64 - 0. 64
0.62 0.62 0.41 0.63 0.6l 0.63 0.62 0.62 0.63
0.59
0.57 0.57
0.55 0,54 0.55
0.54 . 0.53
0.47
3 5 7 9 13 15 17 19

Input sequence length

Figure 10. (a,b) illustrate the variations in data detection volume and the amount of undetected
anomalous data under different input sequence lengths, and (c) depicts the changes in anomaly
detection performance under varying input sequence lengths.

4. Conclusions

Compared to earlier research on the quality control of radar data, the deep learning
approach employed in our study primarily focuses on generated vector sea-current charts
rather than radial velocities. This allows for a more effective integration with previous
quality control efforts on radial velocities. Not only can we address anomalies resulting
from synthetic algorithms, but our study also helps to rectify anomalies that persisted
due to incomplete or suboptimal previous quality control. Moreover, our method does
not rely on radar echo-related signals for quality assessment. Instead, it capitalizes on the
continuity of time series and the strengths of deep learning, significantly simplifying the
quality control process and improving the data quality.
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In Section 2, we provided a comprehensive introduction to the Bi-LSTM neural net-
work model, clarified the data preprocessing process, explained our reasons for choosing
specific anomaly detection metrics, and detailed the architecture of the anomaly detection
system. In Section 3, we began by discussing the various types of anomalies commonly
found in radar sea current data and their respective distribution percentages. Subsequently,
we optimized the model’s input and detection process specifically for different anomaly
types. In the concluding section of Section 3, we conducted a sensitivity analysis experiment
designed to elucidate the effects of input sequence length variations on model performance.

In our study, the quantitative results, as detailed in Figure 9d,e, display the final PR
curve of the model and the F-score, which stands as the core evaluation metric in our
anomaly detection research. For datasets like high-frequency radar sea-current data, imbal-
ances are prevalent where anomalies (or “positive instances’) are significantly outnumbered
by normal observations. Such imbalanced datasets, characterized by large volumes of data
and a high complexity, can pose challenges to conventional machine learning algorithms.
In this context, our proposed method achieved an F-score of 0.814, signifying its strong
performance in both precision and recall, and thus effectively tackling the anomalies.

Our method has provided substantial assistance for the quality control of radar and
offered insights into potential areas of exploration. However, there remains potential for
further optimization in certain areas. In subsequent research, we aim to enhance the model’s
sensitivity to specific anomaly patterns and consider increasing the model’s complexity to
capture more information.
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