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With its excellent endurance, good maneuverability and track controllability, glider has become one of the important equipment to obtain ocean field data. The network observation of multiple gliders will be the main approach of ocean observation in the future. However, how to plan the glider path in a reasonable way and how to design the optimal observation network consisting of multiple gliders in an eddy have not been well solved. As an effort to tackle this problem, an adaptive network design algorithm for multiple gliders in mesoscale eddies observation which referred as “Optimal Sampling” is proposed in this paper. Simulation experiments of tracking a target eddy in the South China Sea (SCS) show that the proposed algorithm cannot only realize the adaptive network design for multiple gliders, but also ensure the uniform sampling inside the eddy. Compared with the traditional method which samples eddy along a fixed path, the observation data obtained by the solution proposed in this paper are more valuable to describe the essential temperature characteristics of eddies. The residual errors computed from the interpolation of the sampled field is also smaller.
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INTRODUCTION

As a link between energy transport and material mixing in the marine environment, mesoscale eddies have an important impact on ocean circulation structure, the distribution of marine organisms, as well as temperature and salinity (Dong et al., 2014; Yang et al., 2015; Amores et al., 2017). Long-term and continuous observation of mesoscale eddies is of great significance for collecting more valuable in-situ data.

A large number of surface and underwater data are needed to promote the research of ocean mesoscale eddies (Chen et al., 2019b; Morrow et al., 2019). Since early 1980s, exploration and cognition of ocean eddies have stepped into a new era with the launch of several altimetry satellites, including Topex/Poseidon(T/P), Jason-1&2, GFO, ERS-1&2 and GeoSat, which measures the sea surface height precisely (Chelton et al., 2007, 2011; Fu et al., 2010; Chen et al., 2019a). However, the above-mentioned observation methods of remote sensing can only sample the feature data limited to the sea surface, which are inadequate for the underwater. Therefore, some supplementary approaches has been adopted by researchers in recent years, such as carrying out observation using Argo floats, moorings and gliders (Chaigneau et al., 2011; Zhang et al., 2015, 2016; Testor et al., 2019; Ma et al., 2020). However, the poor controllability of Argo float and mooring makes it difficult to track and observe specific eddies for a long time continuously. Research vessels are not only highly cost, but also difficult to realize long-term tracking. As an observation platform which can realize long-distance and long-term underwater observation, glider is gradually becoming one of the most important observation technology to study mesoscale eddies (Martin et al., 2009; Bosse et al., 2017, 2019; Yu et al., 2017; Houpert et al., 2018; Pelland et al., 2018). Glider works by remote control and its sailing speed is about 30 km/day, which is usually higher than the migration speed of mesoscale eddy (Alvarez et al., 2007; Chen et al., 2011). These characteristics enable glider to have the maneuvering ability of tracking mesoscale eddies actively through dynamic network.

The research on techniques of glider networking began in the 1990s. Curtin et al. (1993) took the lead in proposing the Autonomous Ocean Sampling Network (AOSN), which aims to obtain more valuable observation data through multiple observation platforms. A 40-day Autonomous Ocean Sampling Networks-Phase Two (AOSN-II) field observation experiment for upwelling study was conducted in Monterey Bay, California during July 23–September 6, 2003 (Ramp et al., 2009). Based on the implementation of AOSN experiment, an Adaptive Sampling and Prediction (ASAP) experiment was deployed by Leonard et al. (2010) using 4 spray gliders and 6 slocum gliders according to a certain pattern. Everett et al. (2015) used slocum glider to examine the volume transport of nutrient-rich continental shelf water into a cyclonic frontal eddy, and results showed that frontal eddy played a significant role in providing a habitat for coastally spawned larval fish. Cotroneo et al. (2016) provided a detailed analysis about the underwater observation data of a mesoscale eddy sampled by a single glider along a “butterfly” path. Bosse et al. (2017, 2019) presented others ways to sample energetic eddies with butterfly pattern or spiral trajectories from the outside to the eddy center.

Recently, Zamuda et al. (2016) proposed a solution to ensure that glider samples oceanographic variables more efficiently while keeping a bounded trajectory. Pelland et al. (2018) used multiple ocean gliders to track the eddy in Washington over 3-month period. Results showed that in-situ data are sufficient to describe the essential characteristics of the eddy. Yu et al. (2017) used observations from Seagliders, collected between July 2012 and July 2015, to describe the Lofoten Basin Eddy in unprecedented detail. Li et al. (2021) used an underwater glider for reconstructing the 3D structure of an anticyclonic eddy in the northern South China Sea. Pascual et al. (2017) carried out a multiplatform experiment to study mesoscale and submesoscale processes in an intense front, in which glider profiles provided temperature, salinity, oxygen and fluorescence at high vertical resolution. Barceló-Llull et al. (2019) used glider data collected during 8 years of glider missions to characterize the temporal and spatial variability of the Mallorca channel in the western Mediterranean Sea. These studies all show that it is feasible to use gliders to observe the evolution of eddies over a long period of time.

Although the signals of mesoscale eddies have been observed by gliders in these studies, there is still a lack of professional models on how to use multiple gliders to track mesoscale eddies efficiently. At present, repeated measurements are usually designed along fixed sections crossing oceanic basins and eddies happened to be on along the way. However, due to the real-time movement of ocean eddies and the complex environment of ocean current, the actual trajectory of gliders would inevitably deviate from the expected observation area. As a result, the adaptability and rationality of the dynamic networking strategy are the key factors to decide whether we can obtain information inside the target eddy successfully. Considering with the characteristics of mesoscale eddies and gliders, the attempt to track mesoscale eddies with gliders will certainly help us obtain rich and valuable underwater observation data, and ultimately promote the study of mesoscale eddies.

Based on the objective analysis method (Le Traon et al., 1998; Ubelmann et al., 2016), an adaptive network design algorithm that uses multiple gliders sampling in a mesoscale eddy field observation is proposed in this paper. The superiorities of the algorithm in eddy tracking and field data acquisition have also been verified by several simulation experiments. Firstly, the heading angle correction algorithm is proposed based on the analysis of glider’s motion and its validity was verified in a field experiment in the South China Sea (SCS). Secondly, driven by ocean current data provided by HYbrid Coordinate Ocean Model (HYCOM), several simulation experiments of target eddy observation were carried out using virtual gliders simulated in the model with different flight characteristics. Finally, we use the optimal interpolation method to interpolate the observation data obtained from simulation experiments. Compared with traditional observation method which samples eddy along fixed paths, the observing strategy designed by this algorithm is more effective and reasonable.

The organization of this paper is as follows: In the second part, we will introduce the dataset of eddy identification and tracking, as well as the details of the adaptive network design algorithm for multiple gliders. The third part describes the implementation and results of simulation experiments. The interpolation of observation data is presented in the fourth part, and its results are compared with the traditional method of sampling eddy along a fixed path. The last part is a summary of this article which also includes our application prospect of this algorithm in mesoscale eddies observation.



DATA AND METHOD


Eddy Identification and Tracking

Eddies, including both cyclonic eddies and anticyclonic eddies, were identified and tracked using HYCOM data in 2015 within the SCS region of 5°–25°N, 105°–125°E. At the same time, the ocean current data from this model were used to drive gliders in the simulation experiment. HYCOM data provides a near real-time, high-resolution and three-dimensional description of ocean state. We used the datasets of “GLBu0.08/expt_91.1” from the GOFS3.0 (Global Analysis) model, which takes day as temporal resolution and takes about 8 km × 8 km as spatial resolution. For more information, please refer to https://www.hycom.org/dataserver/gofs-3pt0/analysis.

This paper uses the method proposed by Liu et al. (2016) for eddy identification, which is also used by Tian et al. (2019) and Ma et al. (2020). The position and boundary of eddy were determined by the difference of Sea Level Anomaly (SLA) values in HYCOM data. The reason for using SLA is that it is possible to obtain quasi-real-time altimetry data in a real application of this method. In most parts of the world, SLA data can be obtained through altimetry satellites. Significantly, the measurement error of altimeter will inevitably have an adverse impact on the accuracy of eddy identification. In the method of eddy identification, the difference values of SLA between the eddy center and the boundary should be greater than 0.25 m if an SLA contour is identified as eddy boundary. Based on the results of eddy identification, an algorithm provided by Sun et al. (2017) is used for eddy tracking, which is also used by Tian et al. (2019) and Ma et al. (2020). In this algorithm, the distance between the eddy center of adjacent eddies over 2 days should be less than 50 km, and the size of eddy should be 0.25–2.75 times of that in the previous day. The eddy identification and tracking dataset is available at http://data.casearth.cn/ (Data ID: XDA19090202) (Tian et al., 2019).

After carrying out eddy identification and tracking from HYCOM data within the SCS region in 2015, a total of 3,329 eddies are obtained, including 1,577 anticyclonic eddies and 1,772 cyclonic eddies. There are 40 anticyclonic eddies and 68 cyclonic eddies with lifetime ≥ 30 days. Eddy radius ranges from 26 km to 157 km, with an average value of 71 km. The speed of eddy propagation ranges from 2.6 km/day to 14 km/day, with an average value of 7.3 km/day. One of these eddies with long lifetime and stable property was selected as the target eddy of the simulation experiment in section “Simulation Experiment and Results.” This eddy existed for 68 days from its birth on July 5, 2015 to its death on September 10, 2015. During its lifetime, its average moving speed was 9.0 km/day and its average radius was 95 km. Trajectory of the eddy center and the eddy boundary on birth, death, and intermediate days are plotted in Figure 1.
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FIGURE 1. The trajectory of the target eddy (red line) and the eddy boundary on birth (20150705, blue line), death (20150910, green line), and intermediate days (20150807, orange line).




Adaptive Network Design Under Eddy Normalization

In the field observation of ocean mesoscale eddies, glider is widely used with its high maneuverability and flexibility. However, due to limited sailing speed and battery life (Paley et al., 2008), it is still impossible for us to continuously obtain observation data at each position inside an eddy. How to reasonably plan the glider path, select the most effective observation points, and ensure that the most valuable data can be obtained are the critical problems addressed in this paper.

The optimal interpolation method is used to estimate the optimal value (e.g., temperature and salinity) at grid points inside eddy (Marchuk, 1974). The implementation of this method relies on the background field Xb in the observation area and the observed value Xo at the observation points. In the simulation experiment, multi-day averages are used as background field. The difference D between the observed value and the background value at the observation point is:

[image: image]

where the symbol H represents the observation matrix, which can realize the mapping from regular grid to measurement location. The error covariance matrix Pb of background field at all grid points is obtained through the Gaussian function of the distance between two points:
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where x and y are the coordinates of different grid points, respectively; L is the correlation length parameter, which is determined by the scale of ocean phenomenon we observed. Lx = Ly = 0.2 are selected in the simulation experiment, which is a suitable choice for L varying from 0 to 1 after several experiments. Its unit is in degrees, because the units of input coordinates x and y are in degrees. The diagonal element of the error covariance matrix Pb represents the variance of the error. According to the principle of minimum mean square error, the Kalman gain matrix K is defined as:
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where R is the observation error covariance matrix. HPbHT represents the error covariance matrix between different observation points, PbHT means the error covariance matrix between grid points and observation points, and the Kalman gain matrix K actually represents different weights of the prior knowledge (that is, the background field). The larger K is, the more estimated value attaches attention to the feedback of observed value. Conversely, the smaller K is, the closer estimated value is to the prior knowledge. Formula (4) and (5) are used to calculate the posterior estimated value Xa and its error covariance matrix Pa, respectively.
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The error covariance matrix Pa is a measure of the reliability of the field estimation, whose diagonal entries represent the variance of estimated value at grid points (Alvarez and Mourre, 2012; Ferri et al., 2015). Therefore, it’s better to select observation points with smaller trace of Pa. In other word, the cost function of this optimization problem is,

[image: image]

where Ω represents all grid points inside eddy, and N is the number of grid points.

It is worth mentioning that the cost function J is only related to the error covariance matrix Pa, and the solution of Pa only needs the location of observation point, while the value of observation point is not necessary. This feature allows the above calculation to be completed and scheme to be planned before the implementation of observation mission, which makes it possible for the algorithm to be applied in the field observation of ocean eddies.

In order to reduce the complexity of the simulation experiment, the target eddy is normalized into standard circle according to the information of radius and boundary (Ma et al., 2019b,2020). At the same time, the position of glider is also normalized according to the radius of eddy and the distance from glider to the eddy center. The distance from glider to the eddy center is Dg, the azimuth angle is, and the radius of the target eddy is Dr, then the position (x, y ) of glider in the standard circle can be calculated by:
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In this paper, the Particle Swarm Optimization algorithm (PSO) (Kennedy and Eberhart, 1995) is used to select the optimal observation points corresponding to the minimum value of the cost function. It is a solution method with the characteristic of fast convergence speed, resulting in obtaining the global optimal solution easily.

We take the heading angle of glider as the independent variable in the PSO. When the heading angle of the glider is known to be θ, the coordinates of the observation point can be calculated by:
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(x0, y0) is the starting position of glider, which is set as the eddy center in the first period of the simulation experiment. Considering the diving depth and pitch angle of glider, the predetermined distance between two adjacent observation points is set as 5 km.

The optimal heading angles θ are calculated by multiple iterations of Formula (11) and (12).
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where w is called inertia weight, c1 and c2 are learning factors, r1 and r2 are variation factors. θi and θp are the best heading angle of particle individual and particle population. In each iteration, the inertia weight w is determined by the typical linear decline strategy. Its value can be calculated according to the following formula:
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We set wmin = 0.1, wmax = 0.9 and maxStep = 100 in the simulation experiment. The linear decline strategy of the inertia weight has the following characteristics: the inertia weight w is larger in the initial iteration, thus the algorithm has a good global search ability to achieve fast convergence. With the increase of iterations, the inertia weight w becomes smaller, which strengthens the local search ability of the algorithm and makes it easier to find the optimal result.

The learning factor c1 and c2 is usually selected as two equal values within the range of 0∼4. We set c1 = c2 = 1.4961. The random function are used to generate r1 and r2 randomly in the range of 0∼1 in the simulation experiment. The detailed calculation process can be found in Appendix.



Heading Angle Correction Algorithm

The underwater movement of glider is determined by the actual ocean current and the gliding speed, in which the gliding speed is determined by the pitch angle (Paley et al., 2008). An adaptive heading angle correction algorithm is proposed to counteract the disturbance of ocean current on the motion direction of glider. The algorithm calculates the velocity and direction of ocean current in the last period through the deviation between the actual and predicted arrival position of glider. In the latter period, the new heading angle is calculated to guarantee that glider will move along the predetermined path and reach the target observation point more accurately.

This algorithm includes lots of important parameters. Their symbols and meanings are illustrated in Table 1. In the implementation of this algorithm, we regard a daily observation of glider as a task, in which a number of observation points are included. The heading angle of glider will be updated by the algorithm at each observation point. Figure 2 draws the process of heading angle correction after glider emerges from sea surface.


TABLE 1. Several parameters of gliders were set in the simulation experiment.

[image: Table 1]
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FIGURE 2. Diagram presents the process of heading angle correction at surface point. The red dotted line represents the predetermined route, and the blue dotted line represents the actual trajectory.


Glider starts from the initial point P0, and we expect glider will arrive at the first observation point P1 after To time. However, due to the influence of ocean current, the actual observation position is [image: image]. The ocean current Vc in the last period is calculated by:

[image: image]

Combining the calculated ocean current Vc and the glider velocity Vg at the direction toward the target point, the new heading angle θ′ and the glider velocity [image: image] at the direction of this new heading angle can be calculated by:

[image: image]
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If glider does not correct heading angle at this observation point, the next observation point may be [image: image] after 2To time. As a result, the deviation of the glider’s position from the target observation point will become much larger (Figure 2). On the contrary, if the heading angle is recalculated by the algorithm, the observation point P2 will be back near the predetermined path in the next period. Its position can be calculated using the ocean current [image: image] in the next period from HYCOM data.

[image: image]

In order to verify the effectiveness of the adaptive heading angle correction algorithm, a field experiment was conducted in the SCS. The glider used in the field experiment is a new type of glider developed by the Ocean University of China combing with several other research institutes, named as “SmartFloat.” Figure 3 shows the sailing trajectory of the glider we used in the experiment. The yellow solid line is the planned observation path, the red dotted line represents the actual trajectory, and the green circles are the observation points. The blue arrows are the direction of heading angles calculated by this algorithm. What can be find from the trajectory is that the initial motion direction of the glider deviates from the expected direction due to the influence of ocean current. If the glider continues to move in accordance with the initial heading angle, its observation point is likely to be farther away from the target observation point after several periods. However, after the heading angle of each observation point is corrected by the algorithm, the final trajectory is arc-shaped and the actual location of glider is not far from the target point. Therefore, this experiment verified that the algorithm can ensure glider to sample data near the target point.


[image: image]

FIGURE 3. Left shows the glider trajectory in the field experiment and right shows the glider used in this experiment. The solid yellow line is the planned route, the dotted red line is the actual trajectory, the green circles represent the location of each surface point, and the blue arrows are the heading angles calculated by the algorithm.





SIMULATION EXPERIMENT AND RESULTS


Experiment Design

Based on the dataset of eddy identification and tracking and the realization of the adaptive heading angle correction algorithm, we design a network tracking simulation experiment of multiple gliders for eddy observation in the SCS. The flow diagram of the simulation experiment is shown in Figure 4.


[image: image]

FIGURE 4. The flow chart of the simulation experiment.


An anticyclonic eddy located between the Hainan island and the Luzon strait was selected as the target eddy in the simulation experiment. Its trajectory was marked with a solid red line in Figure 1. Taking the eddy center as the starting observation point, gliders were used to track the target eddy for 20 days from July 5 to 24, 2015. The detailed parameters set in this simulation experiment can be referred to Table 1.

The process of four gliders sampling the target eddy is shown in Figure 5. Color in the figure represents the temperature anomaly of 80 m depth in the target eddy region. The length and direction of black arrows represent the direction and intensity of ocean current, respectively, while the red solid line represents the boundary of target eddy. The trajectories of four gliders are represented by solid lines in different colors. The result of the 20-day observation (Figure 5) shows that gliders’ trajectories gradually covered most areas inside the eddy with time going by.


[image: image]

FIGURE 5. (a–d) Show the network observation results of four gliders sampling the target eddy from July 5 to July 20, 2015. The bottom color represents the temperature anomaly, the red solid line is the eddy boundary, and different color solid lines inside the target eddy represent the motion trajectory of each glider.


In Figure 5b, when two gliders (marked by lawn green and orange, respectively) reached the right boundary of the eddy on July 10, 2015, they both turned to the left and then moved northwest to those areas within the eddy that had not yet been observed. When approached the southern boundary of the eddy, the other two gliders (represented by fuchsia and cyan) turned left and right, respectively, for the next period of observation, both of them had a tendency of moving northward. This phenomenon shows that when gliders approached or crossed the eddy boundary, the adaptive network design algorithm proposed in this article was able to plan a reasonable trajectory and calculate the position of target point need to be observed in the next cycle. As a result, the glider was driven to the unobserved area inside the target eddy, and an effective observation network was designed. On July 20, 2015, when two gliders (represented by lawn green and orange) approached the left boundary of the target eddy (Figure 5d), they changed their sailing directions and moved toward the interior of the eddy to conduct the following observation, which confirmed the above conclusion again.

After several days of continuous observation, four gliders were able to track the target eddy to the southwest and remained inside the eddy. In order to show the relative position of observation points more clearly, we normalized the target eddy into a standard circle. Figure 6 shows the relative position of observation points inside the standardized eddy at different times.


[image: image]

FIGURE 6. (A–D) Show the position of gliders within the standard circle from July 5 to July 20, 2015, which are indicated by the different color dots. Red and blue rectangles represent areas that lack sufficient observation points.


Due to the observation time and the speed of gliders, these failed to achieve uniform observation inside eddy on July 10, 2015 (Figure 6B). Almost a quarter in the northwest region of the eddy were not observed (shown by the red rectangle). Combined with Figure 5c, we found that two gliders (represented by lawn green and orange) focused on sampling within the red rectangle in the following 5 days, indicating that the algorithm selected the optimal observation points near the area. In addition, looking at the blue box in Figure 6C, we found that there were still some blank areas in the northwest and southwest near the boundary on July 15, 2015. Under the planning of the algorithm, some observation points were added in this area on July 20, 2015. The distribution variation of observation points in different periods shows the effectiveness of the algorithm in multiple gliders networking. With the increase of observation time, gliders gradually realized the observation in all directions within the target eddy.



Data Interpolation

The optimal interpolation method is used to interpolate the single-point observation data into continuous grid data (L’Hévéder et al., 2013; Amores et al., 2018). The optimal interpolation method is a linear interpolation method with the minimum mean square error (Marchuk, 1974). The principle of this method is to search multiple observation points participating in estimating the values of grid points based on the given spatial scale. Then, the different weight of each observation point could be calculated through the covariance matrix between grid points and observation points. Finally, the optimal values of grid points could be estimated according to the values and corresponding weights of these observation points.

Figure 7 shows the variation of the residual errors between the true value from HYCOM data and the estimated value from OI interpolation from July 5 to July 20, 2015. In the initial observation stage, the areas with low residual errors are distributed near the starting point (eddy center), while most other areas have large residual errors due to the lack of enough observation points. The residual errors inside the eddy decreased continuously with the increase of observation time, and decreased to a lower level on July 20, 2015. The variation of the pattern of the residual errors inside the eddy is similar to that of the trajectory of gliders, indicating that they are closely related.
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FIGURE 7. (A–D) Show the distribution of the residual errors inside the standard circle from July 5 to July 20, 2015.




Experiments With Different Parameters

The simulator provides multiple parameter inputs of gliders with different number (including 2, 4, and 6 gliders) and speed (including 0.32, 0.35, and 0.38 m/s speed). Figures 8, 9 show the simulation results on July 24, 2015. Among them, Figure 8 shows the observation results of different number of gliders following the eddy at the speed of 0.35 m/s for 20 days. While in Figure 9, the observation results of four gliders following eddy at different speed of gliders for 20 days are plotted. These two figures include the final trajectory of gliders, the normalized position of observation points on July 24, 2015.
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FIGURE 8. The results of 2, 4, and 6 gliders used to track the target eddy on July 24, 2015. The first column is the trajectory of gliders, the second column is the normalized position of gliders.
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FIGURE 9. The results of gliders at the speed of 0.32 m/s, 0.35 m/s, and 0.38 m/s used to track the target eddy on July 24, 2015. Similarly, the first column is the trajectory of gliders, the second column is the normalized position of gliders.





DISCUSSION


Comparison With “Cross Sampling”

At present, the main means for mesoscale eddy observation is focused on using one or multiple gliders to sample along cross-shaped route inside the eddy, or in accordance with the pre-planned straight route to form gridline trajectory (L’Hévéder et al., 2013). This traditional observation scheme is easy to design and not strict in the setting of glider’s parameters, but the quality of observation data and the synthetic result of characteristic information cannot be guaranteed. Note that the traditional observation scheme which samples along cross-shaped route inside the eddy is named “Cross Sampling” in this article. The sampling scheme planned by the algorithm we proposed is named “Optimal Sampling.” In this part, “Cross Sampling” method and “Optimal Sampling” method are systematically compared and discussed from the observation results of different simulation experiments to the interpolation results of data observed inside eddy.

A simulation experiment using “Cross Sampling” method to track the same target eddy was conducted. In the initial stage, all gliders started from the eddy center and moved in the direction of initial heading angles which are uniformly distributed in different directions. When gliders reached or went beyond the eddy boundary, their movement direction would change to the eddy center in place to ensure that these gliders would sample inside eddy as much as possible. If gliders returned to the nearby regions of the eddy center, they would change their directions and continue to move in the direction of their initial heading angles. As for how to judge whether gliders reached the nearby regions of the eddy center or not, the distance threshold was set as 1 km in this simulation experiment. In other words, we believe that glider has reached the eddy center if the distance between the observation position of glider and the eddy center is less than 1 km. Figure 10a shows the 20-day trajectories of four gliders following the eddy at the speed of 0.35 m/s using the “Cross Sampling” method from July 5 to 24, 2015. The final trajectories are roughly the superposition of multiple cross-shaped, consistent with the distribution of observation points in the standard circle shown in Figure 10b.
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FIGURE 10. The network observation result of four gliders sampling the target eddy by the traditional “Cross Sampling” method on July 24, 2015. (a) Is the trajectory of each glider, (b) is the normalized position of gliders within the standard circle.


The same data interpolation method (Optimal Interpolation) is used to interpolate observation data obtained in the “Cross Sampling” simulation experiment. Figure 11 shows the true value of temperature anomaly in HYCOM data, the estimated value of temperature anomaly from optimal interpolation, and the residual errors between true value and estimated value on July 24, 2015 in both “Optimal Sampling” and “Cross Sampling” simulation experiment. It can be seen that the estimated value in “Optimal Sampling” (Figure 11B) was similar to the true value of HYCOM data (Figure 11A), showing that the maximum temperature anomaly tilted to northeast. The RMS (Root Mean Square) of residual errors was 0.31°C.
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FIGURE 11. Comparison of temperature anomaly inside the target eddy on July 24, 2015. The first row is the synthetic results of the “Optimal Sampling,” the second row is the synthetic results of the “Cross Sampling”. (A,D) Are the true value of HYCOM data, (B,E) are the estimated value after data interpolation, (C,F) are the residual errors between the estimated value and the true value.


The pattern of the estimated value in “Cross Sampling” also roughly reflects the characteristic that the maximum temperature anomaly tilted to the direction of northeast. Due to the limitations of this observation scheme, there were not enough observation points in the southwest of the target eddy, in which the estimation of temperature anomaly can only rely on observation data in the west and south directions. Compared with the true value of HYCOM data (Figure 11D), the interpolation result (Figure 11E) didn’t reflect the warming trend of temperature anomaly in the southwest direction, resulting in the increase of residual errors in this direction (Figure 11F). The RMS of residual errors within the target eddy was 0.68°C, which is larger than that of the “Optimal Sampling” method. The inaccurate estimation demonstrated the superiority of observation scheme planned by the glider adaptive network design algorithm.

In addition, Figure 12 plots the average residual errors of two observation methods from July 5 to July 24, 2015. It can be concluded that residual error of the “Optimal sampling” method is always lower than that of the traditional “Cross Sampling” method during observation mission, which means that the final synthetic result is closer to the true value. These results indicate that the observation data obtained by the solution proposed in this paper are more valuable to describe the essential temperature characteristics of eddies.
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FIGURE 12. The curves of the average residual errors within the target eddy of two methods varying with the observation time from July 5 to July 24, 2015.


In order to increase the reliability of the conclusions, we selected another 200 eddies (including 100 anticyclonic eddies and 100 cyclonic eddies) from eddies dataset in 2015 for observation. The results of statistical experiments are shown in Table 2. The tracking results of more eddies verify again that the residual errors in the “Optimal sampling” scheme is always smaller than that of the “Cross Sampling” method, and the observation accuracy is improved by about 0.2°C. For different types of eddies, there is no obvious difference between the residual errors of anticyclonic eddies and cyclonic eddies.


TABLE 2. Statistical results of the residual errors in simulation experiments.

[image: Table 2]


Underlying Assumptions and Biases

There are still many differences between the design of simulation experiment and the condition of field observation. This algorithm can drive gliders to realize the tracking observation of the target eddy based on the following assumptions. Firstly, the input of the algorithm needs the information of the target eddy, such as the daily eddy boundary. In the simulation experiment, we can use the previous eddy identification and tracking data, which cannot be obtained in the field observation. Therefore, if we want to apply this algorithm to field observation and solve the input problem of this algorithm, we can combine the eddy prediction technology to realize the prediction of a variety of eddy properties, including the lifetime, radius, moving direction and so on (Ma et al., 2019a). With the development of deep learning, this technology has been in-depth studied and gradually mature. It should be mentioned that numerical models can also be used as forecast to get eddies. Besides, we can use the quasi-real-time processing data of satellite remote sensing combined with the efficient eddy identification and tracking technology to achieve the quasi-real-time acquisition of the target eddy information.

Secondly, the speed and pitch angle of gliders were set to a constant in the simulation experiment. But in the field observation, the speed and pitch angle will change continuously in the process of the dive and surface due to the influence of practical factors such as the change of the seawater density or the limitation of the angle control ability, which may cause the deviation between the observation point calculated by the formula and the actual observation point. Fortunately, the existence of this bias can be accepted. As long as gliders return the GPS coordinate position at the observation point, the algorithm can always calculate the optimal observation position of the next period according to the actual observation point of the glider, no matter how much the deviation is between the theoretical observation point and the actual observation point.

Thirdly, the ocean current calculated by the heading angle correction algorithm is a constant, which represents the average value of the ocean current in the last period. However, the ocean current at each point is different in actual observation, and the average value of the ocean current in the last period does not represent the value of the ocean current in the next period. Therefore, the heading angle calculated by the correction algorithm may be not the optimal heading angle needed to set in the next period, but it must be very close to the optimal value logically. Because the average value of the ocean current in the last period has the minimum interval in time and space from the real value of the present current.

Fourthly, the same weight is given to observations close or far in time when calculating the value of the cost function in the implementation of the algorithm, which is based on the hypothesis of stationarity of the eddy. The algorithm aims to cover the interior of the whole eddy and track the target eddy as far as possible during its lifecycle. If the characteristics of the eddy changes, or we are only interested in the characteristics at a certain point inside the eddy, the hypothesis is no longer valid and it may be better to sample several times in the same location to see the evolution of these characteristics. This situation will not invalidate the algorithm completely, but it may be a possible limitation of the current version. More improved versions that can handle complex field observation situations can be further developed on the basis of the current version.




CONCLUSION

An adaptive network design algorithm for multiple gliders sampling in mesoscale eddies observation is proposed in this paper. The algorithm designs the optimal observation scheme according to the information of the target eddy, and obtains more valuable observation data for data interpolation, so as to ensure the accuracy of synthetic results of the characteristic information inside eddy. Besides, considering the interference of ocean current on the motion direction of glider, a heading angle correction algorithm is proposed to calculate the velocity and direction of ocean current in real-time, resulting in getting the new heading angle which should be set in the next period. The effectiveness of this algorithm has been verified in the SCS field experiment.

Based on the realization of the adaptive network design algorithm and the analysis of the underwater motion of glider, we carried out several simulation experiments by using the dataset of eddy identification and tracking and the ocean current data from HYCOM. Results show that gliders can realize more comprehensive observation inside the target eddy with the increase of observation time, and its relative position are more uniformly distributed in the standardized circle. In addition, we used different number (2, 4, and 6) and speed (0.32, 0.35, and 0.38 m/s) of gliders in our simulation experiments, respectively.

The optimal interpolation method was used to interpolate observation data obtained by gliders into continuous grid data in the simulation experiments. The final interpolation results reflected that the maximum temperature anomaly was inclined to the northeast direction inside the target eddy. The RMS of residual errors between the estimated value of interpolation result and the true value of HYCOM data was 0.31°C. Interpolation results indicated that compared with the traditional “Cross Sampling” method which samples the target eddy along a fixed path, the observation data obtained by the “Optimal Sampling” method is more valuable to describe the essential temperature characteristics of eddies. It can be seen that the residual error of the “Optimal Sampling” is always smaller during the whole observation mission. Especially for those areas which cannot be observed due to the limitations of traditional “Cross Sampling” method, the algorithm proposed in this paper shows obvious advantages.

This means that if the adaptive network design algorithm for multiple gliders proposed in this paper can be applied to field observation of mesoscale eddies, lower cost but more valuable observation data will be obtained, which will strongly support the research and theory development of mesoscale eddies. In order to better facilitate the observation of mesoscale eddies, more field experiments are needed to verify the reliability of the algorithm, rather than simulation experiments.
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APPENDIX

The pseudocode for the calculation process of adaptive network design algorithm is as follows:
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