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Underwater gliders are autonomous in situ platforms
used in oceanographic research. We focus on their
application to reconstructing the three-dimensional
hydrographic structure of mesoscale eddies by
addressing three challenges: efficiently interpolating
glider-sampled data, optimally designing glider travel
paths, and adaptively controlling glider trajectories in
the presence of ocean currents. We develop a thin plate
spline (TPS) interpolation scheme with a blocking
strategy that significantly reduces computational
cost while preserving accuracy. We then formulate
a path design procedure to identify trajectory
configurations that minimize reconstruction error.
Finally, we propose an adaptive control algorithm
that enables gliders to travel along the designed
paths under realistic oceanic conditions. Evaluations
based on a simulated and a real eddy show that
the TPS-based interpolation produces more accurate
temperature and salinity fields than existing methods,
while the designed path configurations effectively
balance spatial coverage and sampling efficiency. The
adaptive control algorithm enables gliders to maintain
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designated trajectories and ensure safe return even under strong currents. Our study shows
that the proposed glider design and control framework can be used to advancing in situ
observing capabilities for eddies and complex ocean process reconstruction.

1. Introduction

The mesoscale eddy is one of the dominant forms of motion in the ocean, with a diameter
ranging from tens to hundreds of kilometres and a vertical depth of hundreds to thousands of
meters [1]. The study of the three-dimensional hydrographic field of mesoscale eddies is a major
issue in oceanography and marine science with great significance in the study of climate, marine
ecosystems and the environment [2-10].

Although the spatial resolution of state-of-the-art ocean general circulation models has become
fine enough to resolve mesoscale eddies owing to increased computational capacity [11], they
still cannot accurately simulate mesoscale eddies [12,13]. Simulating a particular mesoscale eddy
is even more challenging owing to its turbulent properties and a strong dependence on initial
and boundary conditions. Remote sensing-based measurements can only capture the surface
footprint of mesoscale eddies, such as eddy-induced sea surface height (SSH) and temperature
anomalies [14]. The surface eddy signals can be used to infer the three-dimensional structure
of mesoscale eddies [15-18]. For instance, Zhang et al. [19] suggested that the vertical structure
of mesoscale eddies can be universally represented by a sinusoidal function in a stretched
coordinate depending on the ratio of buoyancy frequency to Coriolis frequency. Isern-Fontanet
et al. [20] reconstructed the three-dimensional structure of mesoscale eddies using the sea surface
temperature (SST) from satellite observations based on a surface quasi-geostrophic framework.
However, this framework underpinning the reconstruction was likely an oversimplification of the
real ocean. Furthermore, the satellite-based reconstruction was usually performed for seawater
density rather than temperature and salinity themselves, which cannot be directly inferred
without assuming a specific temperature—salinity relationship.

Controllable and autonomous ocean in situ observation platforms provide an alternative form
of eddy observation by actively collecting the hydrographic data within mesoscale eddies. These
data can then be used for reconstructing the eddy’s three-dimensional hydrographic field. An
underwater glider (UG) is an autonomous underwater vehicle that propels itself by periodically
adjusting its buoyancy to ascend and descend, while its fixed wings convert this vertical motion
into forward movement. In this way, gliders navigate through buoyancy-driven propulsion rather
than ocean currents, even though currents may affect their actual paths. Their design allows for
extremely high energy efficiency and long endurance, making them well suited for extended
autonomous missions. Moreover, they are highly versatile platforms capable of carrying a wide
range of sensors to measure physical, chemical, biological and environmental parameters, thereby
supporting a diverse range of multidisciplinary oceanographic studies [21-23].

The gliders collect data such as seawater temperature and salinity at high temporal resolution
along designed paths. Although the glider’s sampling locations can, in rare cases, be directly
calculated when the glider is equipped with specialized sensors which record the underwater
velocity of the vehicle, in most deployments, such sensors are not available. This means that
the sampling locations have to be estimated using theoretical flight models in combination with
onboard sensor data (pitch, heading, depth) and periodic GPS information when the gliders
surface.

Owing to their relatively low cost and large spatial coverage, UGs have been widely used
to observe the three-dimensional hydrographic structure of mesoscale eddies, and the growing
demand for high-resolution reconstruction of mesoscale eddies has led to an increasing number
of deployments.

There are three key issues in the efficient use of ocean gliders. The first is to
develop computationally efficient interpolation methods to reconstruct the three-dimensional
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hydrographic field of a mesoscale eddy from sparse observations. The second concerns the design
of glider travel paths that can provide well-distributed sampling for accurate reconstruction.
The third is to control gliders to follow the designed paths reliably in the presence of ocean
currents. To our knowledge, there have been no systematic solutions to these issues in the existing
research.

A popular method for reconstructing mesoscale eddies is the spatial interpolation based
on smooth two- or three-dimensional interpolation functions [20,24]. Shepard [25] proposed
the inverse distance weighted (IDW) interpolation, which assigns larger weights to closer
observations. Another commonly used spatial interpolation method is the Kriging [26-29], which
is a statistical method that utilizes the spatial dependence for best linear unbiased interpolation.
The IDW and Kriging methods are widely used in geology and atmospheric science, and the IDW
interpolation has also been applied to three-dimensional eddy reconstruction [30].

Interpolation with spline functions is another method, which fits a piecewise function
through observation points with certain smoothness conditions [31]. Wahba & Wendelberger [32]
introduced spline interpolations to spatial analysis in meteorology, and in particular the thin plate
spline (TPS). Hutchinson & Gessler [33] proved that there is a mathematical connection between
the TPS and the Kriging and pointed out that the TPS using generalized cross-validation (GCV)
to select the roughness penalty parameters may be more efficient than Kriging. Zheng & Basher
[34] proposed a method to select tuning parameters by minimizing the mean square error, which
further improved the performance of the TPS interpolation.

For glider path design, previous studies tended to focus on minimizing two-dimensional
reconstruction errors. For a circular glider formation, Leonard et al. [35] derived a glider path
scheme with minimal expected reconstruction error at the sea surface. Alvarez et al. [36] combined
gliders with a network of floats to calculate the optimal path design for up to three gliders using
a genetic algorithm to minimize the average error of the reconstructed field. A combination of
mooring systems with gliders was considered in [37].

Existing studies on glider path control mostly aimed at reaching the destination in the least
amount of time with minimal energy consumption, while paying little attention to path design or
reconstruction quality. As the glider’s movement is affected by ocean currents, control methods
such as the proportional-integral-derivative (PID) controller have been used in attitude control of
gliders. Sang et al. [38] proposed a hybrid heading control algorithm that integrated an adaptive
fuzzy incremental PID with an anti-saturation compensation strategy to achieve robust heading
control. Other studies considered minimizing the travel time or energy consumption [39]. Besada-
Portas et al. [40] applied the particle swarm optimization algorithm to glider path control. The
feasibility of applying the differential evolution (DE) algorithm to the task of minimizing glider
travel time was demonstrated in previous studies [41-44]. In addition, reinforcement learning
methods had been considered recently [45,46], in which the spatial domain was discretized into
grid points, which inevitably caused a loss of resolution, and their applicability to high-resolution
applications remains to be investigated. Furthermore, these approaches required knowledge of
the current field and did not consider glider control along designed paths.

This article addresses three major issues with the use of gliders for data collection for
reconstructing the hydrographic field of a mesoscale eddy. We first demonstrate that the TPS
is an effective interpolation method for eddy reconstruction and propose a three-dimensional
blocking scheme to enhance the TPS computation on glider-sampled data. Second, we propose
a data-driven glider path design method to find the best formation pattern such that the data
collected along this formation yield the smallest reconstruction error. After having designed the
glider travel paths, we consider glider control to ensure that they stay on the designed paths
as much as possible in the presence of ocean current. We devise an objective function that is
a weighted sum of the glider’s absolute deviation to the designated pathway and the distance
to the final destination with the weights being adjustable according to the direction and the
magnitude of the ocean current. Having the distance to the destination in the objective function
is to prevent the glider being stuck or lost under strong ocean current, which can happen if the
objective function is only based on the deviation to the designed path, given the limited force
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available to the gliders. Eight optimization algorithms, including DE and self-adaptive DE (JDE),
were tested on a simulated eddy with observed ocean current, and the algorithms yielding the
most stable path control were identified.

The rest of the article is organized as follows. Section 2 introduces TPS interpolation and
proposes a three-dimensional blocking interpolation method for rapid reconstruction of the
hydrographic field of an eddy. Sections 3 and 4 present the proposed glider path design and
path control methods, respectively. Experimental results on the simulated eddy are presented in
§85 and 6, followed by validation on real eddies in §7. The article concludes with a summary of
findings in §8. Additional technical and numerical details are given in the supplementary material
(SM).

2. Interpolation for hydrographic reconstruction

This section presents the TPS-based method for reconstructing the hydrographic field using
sampled data from the gliders and proposes a three-dimensional blocking algorithm to speed up
the TPS computation. Figure 1 displays the hydrographic structure of a simulated eddy, which
shows strong three-dimensional spatial dependence.

(a) Thin plate spline

Wahba & Wendelberger introduced the TPS interpolation for spatial data analysis in meteorology
[32]. Hijmans et al. [47] employed the TPS to interpolate meteorological variables over global land
area to achieve higher spatial resolution at the time.

Consider the glider-sampled data points (Xj,Y;),i=1,2,...,n. Here, X; denotes the three-
dimensional spatial coordinate (longitude, latitude, depth) at which a glider measurement Y; was
taken, where Y; can represent either temperature or salinity. The measurements Y; are modelled as
Y; =f(X;) + €;, where the measurement errors {¢;}__; are independent and identically distributed
zero-mean random variables with finite variance 2. The goal is to estimate the underlying
smooth function f(-) from noisy observations collected by gliders.

To obtain a stable estimate of f(-), we adopt the TPS approach, which seeks a function f*(x) at
x=(xM,..., x®)T that minimizes the sum of squared interpolation errors along with the bending
energy which quantifies the smoothness of a surface [48], namely,

n

2
NAGEDINE —f(Xi))2+K/ (ZZ (ax<z ) ) dx® .- dxlp), 2.1)

i=1

The aforementioned integral is the second-order bending energy of f, and A > 0 is a smoothing
parameter. A larger (smaller) A results in a smoother (rougher) interpolation function.

This leads to the optimization problem min; 7y (f). As shown in Section S1 in the electronic
supplementary material, the minimizer f* is

P n
£ =8+ Bx® + > wiGpllix — Xilla), (22)
k=1 i=1
where
= PlInr, =2,4;
Gn=1, ! , 2.3)

=P, otherwise

and the coefficients 8 = (B, B1, . . - ,ﬁp)T and the weights w = (wy, ... ,wy)T are to be estimated.
Derivations given in the electronic supplementary material show that the estimates of g and w
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(a) Temperature Field (b) Salinity Field
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Figure 1. Three-dimensional structure of the temperature (°C) and salinity (psu) fields of a simulated mesoscale eddy, where
the three axes represent longitude, latitude and depth, respectively.

can be obtained by solving

A+l X|(w Y
= 24
where Y =(Yq,..., Yn)T, Xis a matrix with the ith row being [l,XiT], fori=1,2,...n,and A= (aij)
is an n x n matrix with entries a;; = Gp(I1X; — Xjll2) fori#janda; =0.
Let 8 and W be the estimates after solving equation (2.4). Suppose one wants to interpolate the

value of the hydrographic variable Yy at a coordinate Xy = (Xo,1, Xo,2, X0,3). The interpolation by
the TPS is given as follows:

n
Yo=£*(Xo0) = o + A1 Xo1 + BaXoa + BsXos + Y _ Wiroi, (2.5)
i=1

where ry; is the Euclidean distance between X and X;.

Although we perform a three-dimensional reconstruction, we find that using the two-
dimensional Green’s function G,(r) = > Inr brings better empirical results than those using the
three-dimensional counterpart, which was also noted in other studies [49,50]. This may be owing
to the fact that although the purpose is for the three-dimensional reconstruction, mesoscale eddies
exhibit a pronounced scale disparity, with horizontal dimensions spanning tens to hundreds of
kilometres, while the vertical extents are typically only a few hundred meters [51,52]. In addition,
our sampling design is largely two-dimensional via line segments with respect to sea surface.
Hence, we use the two-dimensional Green’s function in this study.

As discussed in [53], the TPS framework allows for estimating prediction uncertainty at

AT
an unsampled location Xo. Let @ = (Gp(/|X1 — Xoll2), . .., Gp([1Xn — Xoll2), B ). The prediction
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variance is given as follows:

-1
Varlf*(Xo) =02 [ 1+ &7 (A ;T“ X) o | (2.6)
@)

At this stage, all quantities in the expression are known once the TPS interpolation function f* has
been estimated, with the measurement-error variance o2 being the only remaining unknown. As
o2 can be estimated from the residuals of the fitted TPS model, the variance in (2.6) can be readily
estimated, which provides a measure of the prediction uncertainty and enables the construction
of confidence intervals for the reconstructed field.

(b) Blocking strategy for efficient computation

Note that the time complexity for solving the linear system (2.4) is O(n?) since p < n. As the
number of data records collected by gliders usually exceeds 100 000 measurement points during
an oceanic field campaign, TPS interpolation would endure a heavy computational burden.
Indeed, as pointed out by [34], the number of observations for conventional TPS interpolation
is better to be less than 1000 to ensure computation feasibility. Hence, it is necessary to develop a
computationally efficient algorithm for timely TPS interpolation of an eddy’s three-dimensional
temperature or salinity field.

We propose a blocking strategy, which divides the entire three-dimensional reconstruction
space into overlapping cuboids. For convenience, the study area R is assumed to be a unit
cube with unit edge length, which can be realized by the min-max scaling, namely, x} =
(x; — min{x;})/(max{x;} — min{x;}), so that R = {(x1, x2,x3) | 0 < x1, X2, x3 <1}, where x1,xp and x3
represent the standardized longitude, latitude and depth. We divide the unit interval [0, 1]
corresponding to each dimension to form multiple sub-cuboids. Let Biong, Blat and Bqep be the
number of blocks in longitude, latitude and depth, respectively. For example, for the longitude

dimension, the ith sub-interval with an overlapping ratio c is [ElLong,i’ El%ng,i]’i =12,...,Biong

where
i—1—(c/2
ElLon ; =max O,w ,
8 Blong
(2.7)
. i+(c/2)
d Eu . = 1/ 7
an long,i = Min { 7Blong
while [EL EY ] and [EL EY ] can be defined similarly. Then, the cube R is divided into
lat,i” “lat,i dep,i’ “dep,i ¥ ’
B = Biong * Blat - Bdep sub-cuboids, denoted as follows:
L u L u L u
Rifk = [Elong,i’ Elong,i] X [Elat,j’ Elat,j] X [Edep,k’ Edep,k:| ’ (2'8)

fOri:l,...,Blong; j=11~-~1Blat; k=1,...,Bdep.
We first build the TPS interpolation function fijk(x) using all the sampled observations in the

sub-cuboid Rjj. The final interpolation function is a weighted average of f,-jk(x) over all the sub-
cuboids {R;j}:

Blong Biat Bdep

0= w)fx), (2.9)

i=1 j=1 k=1
where the weights w;jx(x) are determined as follows. Let x = (x1, x2, x3) be the location where the
interpolation is made. For all R that contain x, define

: L u
Slong,ijk(x) =mn {|X1 - Elong,i'/ lx1 — Elong,f' } ,
: L
Stat 00 = min {[xa — Efy |, 1x2 — Ef1 1] (2.10)

: L u
and Saep,i0) = min {x3 = Elp | ¥s — Elf 11
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X = ($1417$1,2)
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Figure 2. Two-dimensional demonstration of the blocking scheme. For Ry, the green parts are the overlaps of two regions and
the red partis the overlap of four regions. dy(x) = |x1 — Eluongﬂ [|¥, — E{’am [, dn(x) = X1 — Efongl1 [1X, — E{’a t,1| and
dplxy) = dn(x) =0.

which measure the shortest distance from x to the boundaries of R;j. Furthermore, let

s y S Siar < Sden ik(X), X€Ri,
di]’k (x) = long,zjk(x) 1at,1]k(x) dep,l]k(x) X ijk @.11)
0, x ¢ Rij.

Figure 2 illustrates a two-dimensional blocking scheme example and how d(x) is calculated.
After obtaining d;j(x), the weights

dl'zjk (%)

B, B Baep
Zu:nlg vl=at1 w:l iy (%)

wij(x) = . (2.12)

It can be seen that when x € Rjj, the closer (more away) x is to the boundary of Ry, the
smaller (larger) the weight w;jx(x) is. When x does not fall within Ry, w;j(x) is 0. Thus, the final
interpolated value at x depends only on those interpolation functions corresponding to those sub-
cuboids that contain x. The idea of making the sub-cuboids overlapping is to maintain smoothness
around the boundaries. Furthermore, squaring d;j(x) in the weight w;(x) also helps maintain
smoothness of the interpolation function.

The blocking strategy effectively reduces computation time of the interpolation method. The
computational complexity of the full TPS depends on solving the linear system (2.4), which is
O(n3). If there are roughly 1/B observations in each block, the computational complexity of
the blocking scheme is B(n/B)? = B~213, implying a factor of 1/B? less computation relative to
the full sample approach. Algorithm 1 in electronic supplementary material provides the three-
dimensional blocking interpolation algorithm. It is noted that the blocking algorithm can be
applied to other spatial interpolation methods, for instance, IDW and Kriging.

3. Glider path design

We consider how to efficiently allocate the glider travel paths within the study region so that
the collected data yield a more accurate reconstruction of the hydrographic field of the eddy.
In this study, the glider paths are ‘line segments’ [23,54] when viewed vertically from above
with repeated diving to a specified depth and climbing to the sea surface following straight line
segments; see figure 3 for illustration. This is consistent with the commonly adopted path patterns
for gliders [30,55]. As the purpose of the glider path design is for the reconstruction of the three-
dimensional hydrographic field of the mesoscale eddy, we aim to find a line-segment pattern that
minimizes reconstruction error based on data collected along the designated paths.
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Figure 3. (a) The projection of the underwater gliders’ trajectory on the sea level (four different path designs) and (b) its diving
and climbing motions on the vertical section.

Suppose there are K gliders and a set of glider path formations denoted as {Aj}?il at our
disposal. Figure 3 presents four examples of path formations for K = 4 gliders:

— Parallel: K parallel lines passing through the eddy in the zonal direction;
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— Parallel90: K parallel lines passing through the eddy in the meridional direction;

— Centre: K lines all passing through the estimated eddy centre with equal rotation angles;

— Cross: Two sets (each having K/2 gliders) of parallel lines, which are mutually
perpendicular.

The cross formation above applies to even K and can be extended to odd K with near half
splitting of the horizontal and vertical sets. In this study, we focus on linear path designs, which
are practical and easy to implement in field deployments. Other nonlinear trajectories, such
as circular or spiral paths, may be incorporated through polar coordinate transformations. We
restrict our analysis to four representative linear configurations for simplicity.

The purpose of the path design is to find the best path formation with the minimum
reconstruction error among the candidate formations {.Aj}in ; based on a training dataset. The
training dataset can be obtained from satellite remote sensing measurements regarding an eddy’s
SST, sea surface salinity (SSS), or SSH, using sources such as Operational Sea Surface Temperature
and Ice Analysis (OSTIA) for SST [56], SMOS for SSS [57] and Archiving, Validation and
Interpretation of Satellite Oceanographic Data (AVISO) for SSH [58]. Although these estimates
are subject to estimation errors, particularly since eddy signatures in satellite-derived salinity are
often weak, they remain highly stable and available in near-real time [59]. These measurements
may be augmented by ocean circulation models, which can provide estimate of three-dimensional
hydrographic fields by combining observations via data assimilation [60,61]. A state-of-the-art
ocean reanalysis data product is GLORYS developed by Mercator Ocean International. Together,
these data provide valuable information on the overall structure of the temperature and salinity
fields of the eddy and can be used to guide glider path design. In the empirical study reported
later, we use training data generated from a high-resolution Community Earth System Model
(CESM [62]) with an oceanic resolution of 10km. The CESM output, derived purely from
numerical simulation, served as an idealized dataset to establish a framework for glider path
design. To assess real-world applicability, we tested our approach on three eddies in the Kuroshio
extension region using the GLORYS analysis product in §7. GLORYS matched observed eddies
more closely than CESM and thus was used as validation data to evaluate the robustness of the
proposed method under realistic conditions.

The data collection by the gliders is determined not only by the sampling path, but also by
factors such as glider speed, maximum diving depth, pitch angle and sampling interval. We treat
these latter factors as given in the path design.

For a glider path formation .4;, the K gliders collect information such as the temperature or
salinity Y; at locations X; = (X; 1, Xj, X;3) fori=1,2,...,n along the line paths. Then we use the
sampled data {(X;, Y;)}}; to fitan interpolation function f *(x), and evaluate the interpolation error
on a test data set 7 ={(Z1,T1),...,(Zn, Tn)}. The reconstruction root-mean-square error (RMSE)
is given by

N
RMSE(A)) = 1\1] Y@ - T (3.1)
t=1

Glider path design is to find a design A* among the candidate set {Aj}in 1» which minimizes
the reconstruction RMSE among all formations designs {Aj}j]\i 1, hamely,

A* = argmin RMSE(A)). (3.2)
j=12,...m

While glider path design had been studied from various perspectives, such as minimizing
two-dimensional surface reconstruction errors [35] and optimizing energy consumption
[63], approaches which explicitly aim to minimize three-dimensional hydrographic field
reconstruction error are rare. Our design framework focuses on reconstruction accuracy.
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4. Methods for glider path control

In this section, we present an adaptive path control algorithm to make the gliders follow the
designed pathways in the presence of ocean currents. The path control faces two challenges. One
is that glider’s position is known only when it surfaces for GPS signals, and the other is that ocean
currents can disturb its travel along the designed trajectory. We conduct path control by adjusting
the glider’s heading angle at each surfacing, based on its position, the available current data and
the pre-planned path.

The PID controller is a popular method for dynamic system control. A PID controller
continuously calculates the difference e(t) between the target and current positions of the object
to be controlled after each time f, and applies corrections based on the proportional (P), integral
(I) and derivative (D) of e(f). The overall control function is

t
u(t) = Kpe(t) + Kg / e(s)ds + Kp %, 4.1)

0
where Kp, K and Kp are non-negative coefficients. In the case of gliders, u(t) will be used to correct
for the heading angle. Sang et al. [38] proposed an adaptive fuzzy incremental PID control to
dynamically adjust the heading angles; see also [64] for a similar approach. As the PID algorithm
is weak against disturbances, it may not work well under strong ocean current [65]. In addition
to PID, some studies have used optimization methods for glider path control [40,41]. However,
as mentioned in §1, these studies formulated the glider path control problem as a shortest path

problem.

For the task of mesoscale eddy reconstruction, we want the gliders to travel along the designed
paths unless ocean currents are too strong to make it impossible. We present an optimization
framework for glider path control that adjusts the heading angle after each surfacing, using
available ocean current information. The ocean current information in practice can be obtained
from multiple operational and emerging data sources. For near-real-time observational data, the
surface geostrophic velocities derived from satellite altimetry products (e.g. AVISO) serve as a
primary input [58]. Furthermore, operational ocean forecasting systems, such as the Mercator
Ocean’s GLO12, provide predictive current fields and Al-based forecast models have also shown
considerable promise in providing accurate and computationally efficient predictions [66].

Considering that we can interact with the glider only when it surfaces, and the glider path
design is largely two-dimensional in terms of sea surface plane, we represent the path control as
a two-dimensional problem ignoring depth. Suppose that the starting and destination positions
of a designed line path are, respectively, Xstart = (Xstart,1, Xstart,2) and Xtarget = (Xtarget,1, Xtarget,2) ON
the sea surface. We assume that the parameters such as glider’s speed, the pitch angle and the
maximum dive depth remain fixed throughout the mission. Therefore, the control variable is the
turning (or heading) angle. Specifically, each time the glider surfaces and waits for instructions
for its next move, we determine and adjust the turning angle « to adjust its direction for the
subsequent path segment (dive).

Let x; be the position on the sea surface of the glider after ith diving and climbing motions.
At each x;, we want to decide the next turning angle «;1. Then, one has to consider what control
strategy is optimal for the next H diving and climbing motions, rather than just for one step ahead.
The next H positions of glider {x;1,...,x;1y} depend on the turning angles 1, ..., o1 q.

To find the best turning angles, we define the objective function as follows. First, we want the
realized glider path to follow the designed pathway with the method proposed in §3. A measure
of the fidelity of the realized and the designed paths is the average deviation between the H
surfacing positions {xi_,_l}{{: ; and the designed path line denoted as £: Ax; + Bxp + C =0, where
A, B and C are the coefficients defining the straight line connecting the starting position xstart and
the destination position Xtarget- This leads to the first part of the objective function:

i+H ,
gl(ai+1/ ce /aiJrH) = l Z W

HS VA2 +B

(4.2)
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Minimizing ¢1(ei+1,...,2i+y) would ensure the travel pathway is close to the designed path;
however, in a strong current, the glider may get stuck in one place or be blown away from the
survey area. This suggests we have to find a compromise between the fidelity to the designed
pathway and the overall objective to reach the final destination. To this end, we construct the
second objective function

82(is1, - -+, diyH) = | Xtarget — Xitprll2- (4.3)

Minimizing this objective function drives the glider’s position after H steps to be as close as
possible to the destination point xtarget- The overall objective function is a weighted sum of the
two:

g(ai+1, ey aH—H) = wlgl(ai+1/ ce /ai+H) + wng(aH—l/ e /Oti+H)/ (44)

where the weights w; and w, depend on ocean current conditions. Generally speaking, if the
ocean current is weak (strong), we should make w; larger (smaller). Detailed instructions will be
given shortly.

Note that although solving (4.4) at x; yields (@41, ...,@i+H), we apply only &;;1 to adjust
the heading. At the next surfacing, we resolve the H-step optimization again and only use the
next immediate heading angle for the immediate next dive. We do not optimize (4.4) over the
entire path at once because ocean current forecasts have increasing uncertainty over longer time
horizons. Using a relatively small H (we chose H = 10) limits the optimization to the range where
current predictions have higher reliability, thereby improving the robustness of the resulting path
design. Figure 4 displays the algorithmic framework for the main steps in the glider path control
problem.

Minimizing (4.4) is a derivative-free optimization problem, so we must use a heuristic
algorithm (e.g. DE as in Section S2 in electronic supplementary material) to solve it. To reduce
the search space, we limit the turning angle to a range [—100°,100°] in the implementation and
fix H=10. The latter can change according to the ocean current condition or if the glider is near
its destination.

The weights in (4.4) are updated each time when the glider surfaces. Let x4_; and x; denote
the glider’s positions at the (k — 1)th and kth surfacings, respectively, let

llxk—1 — Xtarget |l llxx — Xtarget |l
1= -—— 8% and rp=——o 8 (4.5)
lIXstart — Xtarget|| [ Xstart — Xtarget|l
be the relative distance of the two locations to the destination, respectively. Then let
Are=max(re_1 — ', €), (4.6)

where ry_1 — 1y is the relative distance reduction to the destination and ¢ is a small positive
number, for instance 1075, to prevent Ary from being negative. If Ary is close to ¢, the glider
would have made little progress, and we would decrease w; and increase w; to make going to
the destination a priority for this step. Conversely, if Ary is large, then this indicates the glider is
progressing well, and we could increase w; and decrease w» to make following the designed path
as a priority.

Next, we discuss how to update w; and wy. First, define ¢y = §/Ary, where § is a tuning
parameter that reflects the average relative travel distance per diving cycle. The expected number
of diving and climbing cycles under static current field is L tan /2h, where L is the length of the
designed glider path, & is the diving depth and g is the pitch angle. These mean that the relative
distance travelled per diving cycle is 2i/L tan 8. However, considering the presence of ocean
current, one may choose § =h/L tan 8. Now the weights are updated according to the following
equation:

1
Wikl =C Wik and  wWogiq = CkWo. (4.7)
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Figure 4. Flowchart of glider path control, where the optimization problem solves the adaptive objective function (4.4).
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Algorithm 1: Adaptive glider path control.

Input: Xstart, Xtarget, glider initial position xp, the dimension of search space Hy, endpoint
tolerance 7, and several parameters in adaptive adjustment:
Cmin, Cmax, W1,min, W1,max, W2,min, W2,max, €, d.
1 Initialize the heading angle ¢o toward Xtarget;
2 Initialize weights:

W1,min + W1, max W2,min + W2, max .

w11 < 5 (W21 < 2 ;

3 Initialize search dimension H < Hy;

1 k<1;

5 while the glider is still in the study area or has not exceeded its maximum sailing time do

6 Given (Xstart, ¥target), and the position of glider x;_1, use heuristic algorithm (e.g. DE)
to solve the following optimization problem:

N N T .
(G, -+ Gpm—1) < argmin  wqxg1 + W kL2
—100° <a;<100°

7 Update the heading angle ¢y <— ¢x_1 + @ and use it for the next diving and climbing

motion;

8 Gets the current surface position x of the glider;

9 if [lxx — Xtarget| <1 then
10 L Break;

l|Xk—1 —Xtarget | |12k —Xtarget |
- .

1 Calculate Tk—1 lI%start —Xtarget [l 7 k 1 Xstart —Xtarget [l 7
12 Arg < max (rg_1 — 1y, €);
13 Cr < max {cmin, min { Airk, Crmax } };

14 Update weights:

[
W1 k+1 < Max {wl,minr min {Ck W1 ks wl,max} }/

W) jey1 < MAX {W),min, Min {cxwa k, W2 max } }-

15 if Wy j 41 = W2, max then
16 | H<H+Hy;
17 else

18 L H < max{Hy, H — Hp};
19 H < min [H,[Ar—fﬂ];
20 k<k+1;

€6505707 281 Y 205§ 204g edsy/jeuinof/BioBulysiigndiaaosiefos

We bound the update factor ¢ to prevent overly drastic weight changes. Specifically, we set

Cmin,  if Ck < Cmin,
® .
Cr = Cks if cmin < Ck < Cmax, (4.8)

Cmax, if Cx > Cmax-

One may set cmin and cmax to be the reciprocal of each other, for instance, cyin =0.1 and cmax =
10. We also introduce w1 min, W1,max and W2 min, W2 max to restrain w; and wy from both ends,
respectively, to prevent one of the objective functions from being too dominant. Without such
bounds, the weights could become excessively large or small under certain ocean conditions.
Algorithm 1 outlines the algorithm for the adaptive glider path control.

Considering that the velocity field of the ocean current is only available for the surface, one has
to estimate the current field beneath the surface, which can be made via the ocean models or the
historical data by establishing the relationship between the ocean surface current and the ocean
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interior current. The estimation of subsurface currents from surface information will be discussed
in §6a.

5. Experimental results for path design

This section reports results from numerical evaluation of the proposed procedure based on a
simulated mesoscale eddy from CESM on 18 March 1989 over a region with latitude 37.25°N-
39.15°N and longitude 142.3°E-145.2°E. The spatial resolution of the simulated mesoscale eddy
was 0.1° x 0.1°, and there were 39 levels from the sea surface to 830 m below, which makes 30 x
20 x 39 =23400 grid boxes in the three-dimensional space for the eddy.

By treating the simulated eddy as the ground truth, we focused on the reconstruction accuracy
of its temperature and salinity fields. The aim of the path design experiment was to determine
how many gliders and what path formation yielded accurate reconstructions in the absence of
any currents. This can be viewed as designing for an eddy’s hydrographic field at a time, while
the design can be updated when the hydrographic field information is updated. This is why we
propose the blocking method for the TPS for more rapid computation and design. In practice, the
hydrographic field may be obtained from a real-time numerical model or data assimilation system
[60,67], like CESM or GLORYS. We have also applied our approach to three Kuroshio extension
eddies with reanalysis data from GLORYS to demonstrate its applicability to time-evolving eddies
in §7 and the electronic supplementary material.

In the simulation, we used the Petrel-II underwater glider as the reference platform [55,68].
Specifically, we set the pitch angle to 20°, the sampling interval to 50, the horizontal velocity
to 0.5ms~! and the vertical velocity to 0.2ms™!, with a maximum diving depth of 800 m. These
parameter values were quite general and fell well within the standard operational envelope of
modern gliders [69].

(a) Comparing different interpolation methods

Before evaluating the effectiveness of the proposed glider path design and control, we first
compare the performance of three interpolation methods: the IDW, the Kriging and the
TPS interpolations. In addition, we tried two blocking strategies. One had three-dimensional
overlapping blocks as described in Algorithm 1, electronic supplementary material, where we
set Blong =3, Blat = 2 and Bgep =4 with a block overlapping ratio ¢ = 0.25; and on the other hand,
the blocks confined in the two-dimensional plane at a given depth, namely, the two-dimensional
interpolation was performed on each of the 39 depths. For the IDW interpolation, we set the
power parameter p =5 for both the three- and two-dimensional blockings according to the cross-
validation results. The smoothing parameter A used by the TPS was obtained by minimizing the
GCV score [34,70]. The Kriging interpolation was implemented using MATLAB's fitgpr function,
with the default Gaussian kernel, and the parameters of the kernel function were determined
using the built-in cross-validation method.

Table 1 presents the RMSEs from the five-fold cross-validation where the 30 x 20 x 39 = 23400
grids eddy data were randomly partitioned to five portions with four portions being used to
train the interpolation model, while the remaining portion for calculating the prediction RMSEs.
This cross-validation operation was repeated five times to obtain the cross-validated RMSEs for
the three interpolation methods coupled with the two blocking schemes. Using two-dimensional
blocking, the Kriging method achieved the lowest RMSEs, followed by the IDW and the TPS.
The reason for the poor performance of the TPS with the two-dimensional blocking was that
the temperature and the salinity field of the eddy have strong vertical dependence as shown
in figure 1, and the TPS interpolation tends to give smoother estimates than the other two
methods, while the slices of plane blocks remove much of the vertical dependence. However,
when the vertical dependence was included in the three-dimensional blocking scheme, the
TPS interpolation exhibited its advantage over the other two methods. Indeed, the block TPS
interpolation attained the smallest RMSEs in both the temperature and salinity reconstruction
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Table 1. Root-mean-square errors based on the five-fold cross-validation. (RMSEy) of the reconstructed eddy hydrographic
field using three interpolation methods: the IDW, the Kriging and the proposed thin plate spline (TPS) with the two blocking
schemes: the two- and three-dimensional blocking schemes.

RMSEcy
Method Temperature (°() Salinity (psu)

among all settings. The three-dimensional TPS had 9.3% and 14.5% lower RMSEs for temperature
and salinity reconstruction, respectively, than those of the Kriging, and far lower than those of
the IDW. Thus, in the rest of the simulation, only the three-dimensional TPS interpolation was
considered.

(b) Path design

We compare reconstruction performance with respect to different path designs and different
numbers of gliders. The path design with four gliders is shown in figure 3a. Four to ten gliders
were used in the simulation experiments using the design procedure described in §3.

Section 2b has discussed the computation time with respect to the number of blocks. Figure
3a that the glider’s sample coverage in the latitude and longitude plane was quite sparse in
remote areas from the allocated glider paths. Hence, the number of blocks with respect to the
longitude and latitude should not be too large, and we set Bjong = Blat = 3. Given that the glider’s
Conductivity-Temperature-Depth (CTD) sensor can sample at high frequency, there is effectively
no extra sparsity with respect to depth. Therefore, we choose the number of blocks in the vertical
direction ranging from 10, 20, 40, to 80 in the simulation experiments.

Table 2 summarizes the reconstruction RMSEs of the eddy temperature and salinity fields, the
glider sampling effort in travel length and the correlation between the TPS interpolations and
the actual values of the underlying eddy field, with respect to varying numbers of gliders. It also
presents results with respect to the number of vertical layer blocks Bgep and different path design
patterns.

Tables 2(a) and (b) show that as the number of gliders increased, the reconstruction RMSEs
decreased nearly monotonically for each given pattern of path designs. The Parallel and the
Centre designs yielded the lowest RMSEs among the four patterns for temperature, and the centre
design had the lowest RMSE for salinity. Notably, the Centre design required the longest travel
distance, whereas the Parallel90 design required the smallest. Despite more effort, the Centre
design did not always achieve the lowest temperature RMSE nor did Parallel90 consistently
produce the best results. The cross design generally had higher RMSEs than the Parallel90 design
despite having travelled longer distance. Additionally, for the four-glider centre case, the TPS
system matrix in (2.4) became singular, so no reconstruction result could be obtained for that
scenario.

The reason for the Centre design having the lowest reconstruction RMSEs for salinity for all
numbers of gliders considered, while it was not always the best for temperature reconstruction,
was that the structure of the underlying salinity field was more circular shaped than that of the
temperature field as shown in figure 1, especially in the shallow depth. It is noted that the centre
design had been commonly employed in ocean glider surveys.
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Figure 5. Vertical reconstruction RMSEs with respect to the depth for temperature (°C, left panels) and salinity (psu, right
panels) fields for the simulated eddy with (a) different path designs and (b) different number of gliders.

Overall, the difference between the reconstruction RMSEs among the three formations: Centre,
Parallel and Parallel90 were not very large with the latter two designs affording smaller effort.
From the perspective of practical oceanic implementation, the Parallel and Parallel90 formations
offer easier gliders release and recovery logistic than the Centre formation, as well as requiring
less glider travel effort. It is noted that for the Centre design, owing to the rectangle shape of the
survey area and the equal angle allocation, the total travel distance with 2k gliders is the same as
that with 2k 4 1 gliders. However, the sample coverage with 2k + 1 gliders is greater than that of
2k gliders, leading to a reduction in reconstruction error.

Table 2(c) shows that when the number of vertical block Bgep was increased, the amount of
reconstruction time was much reduced with the reduction rate being more than halved when
Bgep Was doubled each time, while the RMSEs were only slightly increased. The increase in the
RMSE was small when compared with the substantial amount of computational saving. For the
Parallel design, if the number of gliders was increased from 4 to 8, the reconstruction RMSE of the
temperature field decreased from 0.3831 to 0.1124, which was only 1/3 of that with four gliders.

Figure 5 displays the reconstruction errors of the hydrographic fields at different depths using
different path designs with eight gliders (figure 5a) and varying numbers of gliders under the
Parallel design (figure 5b). The vertical distribution of the reconstruction error largely reflected
the vertical gradients of the eddy, which becomes less variable as the depth increased. The largest
reconstruction error occurred between 100 and 300 m, where the thermocline is located [30]. The
Centre design achieved better reconstruction results for both temperature and salinity fields.
For the Parallel design, reconstruction errors decreased uniformly across depth as the number
of gliders increased. However, when the number of gliders reached 7, the additional benefit of
adding more gliders was not significant.

A smaller number of gliders will be considered in an empirical analysis on three real eddies in
the Kuroshio extension region in §7 and in the electronic supplementary material. The results
with a less number of gliders were generally consistent with those in table 2 and figure 5,
demonstrating the robustness and satisfactory performance of the proposed method under
different oceanic conditions.

6. Experimental results for path control

In this section, we apply algorithm 1 to five different missions and solve the glider path control
sub-problem with several evolutionary algorithms. We used the same simulated eddy with an
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Figure 6. (a) Designed path diagrams for the five missions where the blue dots and red triangles represent the start and end
points of the missions, and the arrows represent the ocean current on the sea surface; and (b) scattered plots of randomly
selected 5000 velocity ratios (the subsurface velocity relative to the surface velocity at a depth) and ocean depth with the fitted
cubic polynomial regression for zonal velocity (left panel) and meridional velocity (right panel) where the average ratios at
different depths are marked by bigger circles. (c,d) Realized glider paths for the simulated eddy by solving the glider path control
subproblem with different algorithms on Mission 1(c) and Mission 5 (d), where SO means that the single objective function (4.3)
is adopted.

Table 3. Coordinates of the start and end points of the line paths of the five missions

mission ID start point end point

1 (145.1°E, 38.0°N) (142.4°E, 38.0°N)
............................................ 2(1424°E386°N)(1451°E386°N)
............................................ 3(1433°E,373°N)(1433°E,391°N)
............................................ 4(1442°E391ON)(1442°E373°N)
............................................ 5(1424°E373°N)(1451°E391°N)

expanded time window (18-28 March 1989) as the ground truth. The starting and ending locations
of the five missions are reported in table 3, while their travel paths are shown in Figure 6a. We
used the daily-averaged CESM velocity field as the true flow field in the glider simulations. As
the simulation time advances day by day, we switch to each day’s velocity field to mimic an actual
multi-day mission, where only the surface current was assumed to be observable.

We evaluated the following algorithms for the control optimization sub-problem. These
included DE and self-adaptive DE (JDE [71]), each implemented with three strategy variants
(strategies 1-3; details in electronic supplementary material §52). Among the three evolution
strategies, strategy 1 emphasizes the survival of the fittest, strategy 3 focuses on diversity and
strategy 2 is a balance of the strategies 1 and 3. We also tested the self-adaptive multi-population
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DE (SAMDE [72]), which is designed to increase population diversity, and a DEPSO algorithm
that hybridizes DE with Particle Swarm Optimization (PSO) [73,74]. Compared with DE, PSO is a
non-monotonic (more exploratory) search strategy. Combining PSO with DE can greatly increase
population diversity. The parameter settings for the DE and JDE algorithms are given in Table S1
in the electronic supplementary material.

(a) Ocean current field imputation

Solving the objective function (4.4) required real-time ocean current data. However, only the
surface current can be obtained from satellite remote sensing data [75,76]. Surface current
measurements had been considered a useful input for underwater glider control [77]. Several
studies suggested that, under certain oceanographic conditions, a dynamical correlation often
exists between deep-water currents and surface currents [78,79]. This principle underlies some
oceanographic reconstruction techniques, such as the interior-surface quasigeostrophic method
[80], which infer subsurface flow fields from surface observations in regions dominated by
geostrophic balance. We use a statistical approach that imputes the subsurface ocean current
velocity from the surface current measurements as described below. In practice, near-real-time sea
surface velocity can be obtained by calculating geostrophic velocity fields from satellite altimetry
observations, such as those provided by Global Ocean Gridded 1.4 Sea Surface Heights [81].

We used the eddy data from CESM over the period from 16 February to 17 March 1989 as the
training data to learn the statistical relationship between surface and subsurface ocean current
velocities. The learned relationship is then used in the glider path control to impute real-time
subsurface velocities when surface velocities are available. As mentioned earlier, near-real-time
surface current field is accessible in data products like CESM or GLORYS.

Across the 30-day period and 23400 grid points in the study region, we obtained a total of
702 000 observations. Let v on(xk), Vmer(¥x) and vyer(x;) denote the zonal (eastward), meridional
(northward) and vertical (downward) velocity components at a location xy = (x1, X2, Xk3) for k=
1,2,...,702000. Our initial analysis of the simulated eddy data showed that the vertical velocity
component in the target region was on the order of 104 ms~!, which was negligible compared
to both the vertical velocity of the glider (0.17ms~1) and the absolute horizontal eddy velocity
(1.28ms_1). Therefore, we considered only the two horizontal velocity components, v,on and
Umer-

Let pzonk = Vzon (Xk)/Vzon (Xk1, Xk2, 0) and Pmer k = Vmer (Xk)/Vmer (Xk1, Xk2, 0) be the VelOCity ratios
at depth x5 relative to that at the surface. Figure 6b displays scatter plots of the two ratios and
their local averages with respect to the depth x3, which show some level of nonlinearity. Outliers
with ratios greater than 1.5 or less than —0.5 were excluded from the analysis (175 cases for
meridional velocity and 74 for zonal velocity). This motivated us to consider a cubic polynomial
regression model for the velocity ratio and the depth:

3

Pzonk = Bzono + Z ,Bzon,ix;@ + &k (6.1)
i=1

The coefficients {ﬁzon,i}?=0 of the cubic regression (6.1) were estimated using the least squares
method. As shown in table 4, the cubic regression provided a fit to the simulated data with
statistically significant cubic term and quite high coefficient of determination R?, indicating its
strong explanation power. The corresponding velocity ratios are displayed in figure 6b.

Utilizing the estimated cubic polynomial regression, for an arbitrary location xp=
(x01, x02, x03), given the real-time ocean current velocity v on(Xo1,%02,0) on the sea surface, the
ocean current velocity at xg with depth x¢3 is imputed as follows:

Dz0n(¥0) = Pzon(X03) - Vzon(X01, X02,0), (6.2)
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Table 4. The results of the cubic polynomial regression of the zonal velocity ratio and meridional velocity ratio with parameter
estimates, standard errors (s.e.), t-test results, the coefficient of determination (R2) and the F-test results.

direction estimate L. p-value R F-stat p-value
zonal (Intercept)  1.03 308 <107 33551 0 0774 264 x10* 0

07m 184 x 10 0

where pzon(X03) = 5zon,o + 2311 /ézon,rx63~ The Umer(xp) can be obtained similarly. These regression
equations, which can be used for imputing the current field beneath the ocean surface, were used
later in the glider path control experiments.

(b) Path control

Figure 6 displays the realized glider pathways administered by the control algorithms
for Missions 1 and 5, which had different travel paths over the same eddy. The pathway of
Mission 1 was designed in a region with calmer water and weaker currents, while that of
Mission 5 traversed areas with stronger currents and greater current shear, making it the most
challenging among the five missions. The results for all missions are reported in Figure S1 in
the electronic supplementary material. The effects of the ocean current was clearly reflected in
the realized glider paths and their average deviations from the planned pathway in figure 6,
which show much larger deviations for Mission 5 owing to its encountering the strongest
current among the five missions. The current for Mission 5 was so strong that all the paths
directed by the algorithms were ‘blown away’ from the designated path for a substantial
amount of time. However, as the proposed procedure has a built-in component to counter the
strong current by increasing weight w; to the distance to the final destination, the gliders all
withstood the strong current and managed to finish the mission without being stuck or lost
altogether.

Figure 7 reports the minimum, maximum and average deviations to the designed paths of
the eight algorithms based on 10 replications, with the algorithms being ranked from bottom up
according to their average deviation. It is observed that the three deviation measures were highly
correlated. Figure 7e reports the ranks of the algorithms based on the average deviations, which
shows that DEPSO was the best performing algorithm, being the best for two missions and among
the top three for the other three missions. JDE-2 was the second best, being the best for one mission
and always in the top four, while JDE-1 was the best for the most difficult Mission 5. It appears
that the JDE algorithms were better performing than the DE variants. In particular, DEPSO, JDE-1
and JDE-2 occupied the top three spots in terms of the average deviations, while SAMDE ranked
the fourth. As reported in Table S2 in electronic supplementary material, SAMDE used the least
amount of computing time with the average time spent for the optimization per gilder surfacing
was 13.2s. The average computation time was generally no more than 30 s, which was acceptable
in the dynamic path control problem. For the best performing DEPSO and JDE-2, the average
computing time was 21.2 s and 18.5 s, respectively. These would be acceptable for real field control
missions. More aspects of the results are reported in Section S3 in the electronic supplementary
material.
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Figure 7. The minimum, average and maximum deviations (in kilometres) of the realized paths by the eight algorithms for
Missions 1-5 based on 10 replications (a—e) for the simulated eddy, where red (blue) circles marked the minimums (maximum),
and greens were for the averages; (f) rankings of the algorithms for the 5 missions.

7. Validation using real-world eddy data

Having demonstrated the efficacy of the proposed methods on a simulated eddy in the last two
sections, we consider experimenting the proposed methods on real eddies. We want to assess
the performance of the proposed framework under realistic oceanographic conditions, which
include complex background flows and data noise that may not be fully captured in numerically
simulated eddjies.

We selected three eddies in the Kuroshio extension in August 2024 as shown in Figure S2 in the
electronic supplementary material, which consisted of two cyclonic eddies and one anticyclonic
eddy. We present here results for a cyclonic eddy (‘Eddy 1), while the results for the other two
eddies (Eddy 2 and Eddy 3) are reported in Section S4 in the electronic supplementary material.

We used the GLORYS reanalysis data as the pseudo truth in the evaluation of the
reconstruction performance of Eddy 1. Eddy 1’s three-dimensional temperature field was
reconstructed using different numbers of gliders with four deployment designs. Figure 8 reports
the temperature reconstructions accuracy with one to four gliders at the surface and two
subsurface depths under the Centre design. It shows that using a single glider was insufficient for
the mesoscale eddy reconstruction, as it could not resolve the eddy’s spatial variability because of
its very limited coverage. The reconstruction accuracy improved with two or three gliders, as their
trajectories intersected the eddy centre and provided representative coverage of the eddy’s core
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Figure 8. Reconstruction errors under the Centre scheme using 1, 2, 3 and 4 gliders for temperature field of real Eddy 1at the
surface, 100 m and 200 m depths.

and edge regions. However, the accuracy offered with using two to three gliders was still inferior
to that with four gliders at all three levels of the depth, especially for reconstructing subsurface
thermocline features.

The error distributions for all path designs are provided in Figures S3-S5 in the electronic
supplementary material. Figure S6 in the electronic supplementary material further shows the
reconstruction for Eddy 1 of four path designs with deployments of 1-10 gliders. The Centre
design achieved the best overall performance, particularly in the upper 300m, followed by
the Parallel design. The analysis also showed that increasing the number of gliders to 7 could
substantially improve the reconstruction accuracy. However, the marginal gains diminished for
using more than seven gliders, suggesting that seven gliders would be near-optimal for practical
deployment.

To evaluate the robustness of different interpolation methods to measurement errors, we
generated synthetic observations with controlled noise levels. The observed temperature at each

sampling point was modelled as T(x;) =T*(x;) + o - ¢, & b N(,1), for i=1,2,...,n, where
T*(x;) represents the pseudo true temperature from GLORYS reanalysis and o controls the
magnitude of measurement errors. Eddy 1 was then sampled along the glider paths using four, six
and eight gliders under the Parallel and Parallel90 schemes, and the resulting observations were
used to reconstruct the three-dimensional temperature field with three interpolation methods: the
IDW, the Kriging and the TPS. For the Kriging, we employed two widely used semivariogram
functions in geosciences, the Gaussian and the Matérn kernels.

Figure S7 in electronic supplementary material summarizes the reconstruction results,
which showed that the TPS consistently outperformed the Kriging and the IDW in terms of
reconstruction error. Notably, the Kriging tended to overfit under glider path sampling with
low noise levels, leading to an unexpected increase in reconstruction error as the measurement
noise grows. In contrast, the TPS maintained stable performance across a wide range of sampling
conditions. Given that modern CTD sensors typically have temperature observation errors
much below 0.5°C, the aforementioned results suggested that the TPS could offer robust and
computationally efficient reconstructions for real glider missions.

The aforementioned findings also confirmed that the proposed TPS-based framework and
glider path design remain valid under realistic oceanic conditions, reinforcing their potential
utility for guiding future glider missions in complex mesoscale environments. Results for the
additional two eddies (Eddy 2 and Eddy 3) provided in Section S4 in the electronic supplementary
material were highly consistent with those observed for Eddy 1.
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8. Conclusion

This study considers three key aspects of using the underwater gliders for reconstructing
the hydrographic field of a mesoscale eddy: interpolation for reconstruction, path design and
adaptive path control. With both simulated and real eddy experiments, the proposed TPS
interpolation combined with a three-dimensional blocking scheme consistently outperformed
IDW and Kriging. For the three real eddy experiments in the Kuroshio Extension, TPS achieved
more stable reconstruction accuracy under sparse glider sampling and realistic measurement
errors, highlighting its robustness for operational use. For a representative simulated eddy, the
TPS method reduced reconstruction errors by 9.3% for temperature and 14.5% for salinity as
compared to those by the Kriging.

Our study on the path design offers practical guidance for glider operations by indicating near-
optimal deployment numbers and formation strategies. The adaptive control algorithm further
ensures robust mission execution in the presence of ocean current, maintaining fidelity to pre-
designed paths when currents were weak while guaranteeing destination return under strong
currents.

Several limitations should be acknowledged. Operational constraints such as glider
availability, battery endurance and communication delays during surfacing may affect the
practical deployment of the proposed procedures. Under resource-limited conditions, using only
a few gliders may lead to incomplete spatial coverage and reduced reconstruction accuracy.
In addition, the adaptive control algorithm depends on reasonably accurate ocean current
estimates, which are often difficult to obtain in real time, especially in eddies with intense and
highly variable interior currents. Although real-time forecasts from operational systems offer
promising mitigation, accurate subsurface current prediction remains an open challenge for
glider navigation and control. Moreover, the current path design assumes a quasi-stationary
eddy with a stable structure, whereas in reality, eddies often exhibit slow translational motion.
Such movement may cause spatial mismatches between planned and actual sampling regions,
introducing additional uncertainty into the reconstruction. A further limitation arises from the
assumption of vertical smoothness inherent in the TPS interpolation. For eddies exhibiting strong
vertical gradients or complex thermocline structures, this assumption may lead to reconstruction
biases in the interior layers.

Future research effort should focus on integrating real-time current forecasts into the glider
control algorithm and explore hybrid statistical learning with inputs from physical models for
real-time glider controls. More broadly, the methodology may be applied to other dynamic
oceanographic features, such as internal waves and fronts, to advance in situ observation
strategies and to enhance the ability for complex ocean process reconstruction.
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