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Abstract: This paper compares two statistical methods for parameter reconstruction (random drift
and diffusion coefficients of the It stochastic differential equation, SDE) in the problem of stochastic
modeling of air-sea heat flux increment evolution. The first method relates to a nonparametric
estimation of the transition probabilities (wherein consistency is proven). The second approach
is a semiparametric reconstruction based on the approximation of the SDE solution (in terms of
distributions) by finite normal mixtures using the maximum likelihood estimates of the unknown
parameters. This approach does not require any additional assumptions for the coefficients, with
the exception of those guaranteeing the existence of the solution to the SDE itself. It is demonstrated
that the corresponding conditions hold for the analyzed data. The comparison is carried out on
the simulated samples, modeling the case where the SDE random coefficients are represented in
trigonometric form, which is related to common climatic models, as well as on the ERA5 reanalysis
data of the sensible and latent heat fluxes in the North Atlantic for 1979-2022. It is shown that the
results of these two methods are close to each other in a quantitative sense, but differ somewhat in
temporal variability and spatial localization. The differences during the observed period are analyzed,
and their geophysical interpretations are presented. The semiparametric approach seems promising
for physics-informed machine learning models.

Keywords: stochastic model; stochastic differential equation; parametric estimation; nonparametric
estimation; semiparametric approach; finite normal mixtures; EM algorithm; heat fluxes; air-sea
interaction; North Atlantic
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1. Introduction

In the ocean—atmosphere system, the heat flux behavior and each component’s variability
play important roles, as they have significant impacts [1] on the climatic features of this system,
making their quantitative and qualitative analysis one of the main problems in modern
oceanology and climatology. The distribution of the sensible and latent heat fluxes was
previously examined and approximated using the two-parameter Fisher-Tippett distribution.

In this paper, the well-known It6 stochastic differential equation (SDE) [2] is used as
the model of the dynamics of heat flux variability in the air-sea system. The problem of
estimating the (generally speaking) random coefficients of the SDE, given the observations
of the process, implies some significant assumptions on the mathematical properties of
coefficients [3-6]. In papers [3—6], the authors suppose the coefficients to be functions of

Mathematics 2024, 12, 288. https:/ /doi.org/10.3390/math12020288

https://www.mdpi.com/journal /mathematics


https://doi.org/10.3390/math12020288
https://doi.org/10.3390/math12020288
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0001-8129-8985
https://doi.org/10.3390/math12020288
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com/article/10.3390/math12020288?type=check_update&version=1

Mathematics 2024, 12, 288

20f21

the unknown parameter 6; some of them even assume a specific type of dependence on
the parameter. In paper [7], the nonparametric case is considered, and the estimate of the
diffusion coefficient, along with proving its convergence and consistency, is obtained under
the assumption of existence of the three continuous bounded derivatives of this coefficient
and non-randomness and existence of bounded derivatives of the drift coefficient. A
kernel-based regression method [8] can also be used.

The application of the Itd model for heat flux increment evolution was previously
studied in paper [9]. The It6 SDE model generalizes the well-known statistical models of
climate dynamics, in particular, those by Budyko [10] and Hasselmann [11]. This model
also appears in [12,13], where the authors used it to describe the behavior of the heat fluxes
between ice and the ocean in the Arctic region. The model’s statistical features in the
two-dimensional case were thoroughly examined in [2]. The estimation of the unknown
model parameter in the multidimensional case of the Langevin equation, which is variant
for the It6 equation, was proposed in [14].

The drift parameter of the It6 equation corresponds to the mean changes in the
behavior of the system over time, depending both on a particular moment in time and on
the value of the flux. The identification of the areas where this coefficient is significant
can be useful to determine the zones of jet streams, fronts, and synoptic vortices, where
significant dynamic processes occur. The areas with a small drift coefficient and a large
stochastic (diffusion) coefficient correspond to areas of strong turbulence, including energy-
active areas in the North Atlantic. Therefore, the task of estimating the parameters of the
stochastic model of heat fluxes’ increment behavior is important for solving the problems
from the mathematical modeling point of view.

The modeling of the increments of the fluxes (in contrast to the traditionally used one
for studying the values of the fluxes themselves) adequately describes the dynamics of
fluxes in the medium and long term and appears to be in good agreement with the real
data. This model has a few advantages over the known numerical or stochastic ones. It is
quite simple, since the form of the model is determined with two coefficients, even in the
multidimensional case (the drift vector and the diffusion matrix). Thereby, it is possible
to quantitatively estimate the behavior of the studied characteristics, i.e., to analyze and
forecast them. Additionally, this scheme is quite general, since it includes both the dynamic
models with random forcing (i.e., an external influence), as well as the models that are
based on trends in the periodic and random components. To test the adequacy of the model,
the authors previously considered the statistical regularities of the intra- and interannual
variability in the sensible and latent heat fluxes in the North Atlantic by using the time series
from the ERAS5 reanalysis database [15]. The behavior of the maximums, minimums, means,
and medians over the considered water area over time was studied. It was shown that there
is a positive trend in the latent heat flux dynamics, and its parameters were estimated. The
proposed model uses the well-developed apparatus of the theory of stochastic differential
equations and parabolic Fokker—Planck-Kolmogorov equations; therefore, it is convenient
for quantitative and qualitative assessments of the fluxes’ dynamics, their spatiotemporal
variability, and the probabilities of occurrence of rare but dangerous events—for example,
tropical hurricanes.

As was noted above, the nonparametric method has rigorous theoretical substantia-
tions; however, it requires the fulfillment of some set of conditions for the coefficients that
often cannot be verified for real geophysical data. The alternative considered approach
is the semiparametric statistical method, based on reconstructing the distributions of the
unknown random drift and diffusion coefficients of SDE, which implies that the estimation
process is carried out using a set of arbitrary shift-scale normal mixtures. It is worth noting
that, in the case of the non-random coefficients of the considered SDE, when making ad-
ditional assumptions about measurability with respect to natural filtering and normality
of the distribution of the initial process value, the solution appears to be some Gaussian
process with a given mean and covariance function. A strict theoretical formulation of the
convergence problem for the semiparametric method is complicated; this issue is discussed
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below in this paper (see Section 3.3). Therefore, in this article, the semiparametric approach,
which is free from any additional assumptions, is compared with a nonparametric one
to demonstrate the proximity of the results and, as a consequence, the correctness of its
application. One of the important potential applications of the semiparametric method
relates to the forecasting problem. Within it, theoretically justified approximations of the
distributions for the SDE solutions arise. These distributions, or, rather, the parameters
and the connectivity components obtained from their estimation, could be used within
the framework of physics-informed machine learning (ML). Some examples of effective
improvement of neural network forecasts using this method were demonstrated earlier
in [16] for a few heat fluxes in the Labrador Sea and the Gulf Stream. It is worth noting
that obtaining the point estimates by the first approach, in this case, may require solving
multiple SDEs.

To test and compare the accuracy of the two methods, an implementation of a random
process with given coefficients in the form of a linear combination of trigonometric functions
is generated. In addition, a quantitative comparison of the proposed methods is carried out
on the latent and sensible heat fluxes in the North Atlantic using the reanalysis data from
the ERAS database for the 1979-2022 period. It is shown that the results of both methods
are quite close. For the cases of some difference in the results, geophysical interpretation
is suggested.

The main contributions of this paper are as follows:

e  Therealization of the semiparametric approach for reconstructing the dynamic-stochastic
model’s parameters, with the possibility of their further usage for solving forecasting
problems by some physics-informed machine learning methods;

e  The comparison of the semiparametric (not requiring any additional assumptions on
the data) results with the estimates obtained by the nonparametric method (for which
the theoretical properties, such as the consistency of the estimates, are known) on the
simulated data;

e  The comparison of the approaches by applying them to the reanalysis data of the
latent and sensible heat fluxes from the ERA5 database for the 1979-2022 period, and
the geophysical interpretation of the differences in the obtained results for the real
spatiotemporal data.

The rest of the paper is organized as follows. Section 2 presents the mathematical
model based on the It6 equations, as well as the demonstration of the SDE solution existence
for the reanalysis data. Section 3 contains the description of the two approaches for
reconstructing the random coefficients of the SDE: the nonparametric one, which uses
frequency estimation, and the semiparametric one, based on finite normal mixtures. It also
compares both methods by using simulated trigonometric data, which are related to the
common climatic models. Section 4 concerns the comparison of the results of both methods
applied to the reanalysis data in the North Atlantic for the 19792022 period. Section 5
summarizes the obtained results from the geophysical point of view and discusses possible
directions for further research, including forecasting problems.

2. Problem Statement
In this research, a stochastic differential equation of the form

X(t) = a(t, X)dt + b(t, X)dW(t) (1)

is used as a mathematical model of the heat flux increments. The SDE is called the It6
equation, where X is a random process whose values at a fixed time moment have the
meaning of a vector of sensible and latent heat flux values. a(t, X) and b?(t, X) are the
drift and diffusion coefficients, whose values depend on the time and the corresponding
flux value and are random variables. W is a standard Wiener process that is independent
of X. The initial value X(0) is supposed to be known and independent of all differences
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(t+1)—W(t),t € {0,..., T — 1}. However, its exact value is not required, since Equation (1)
corresponds to the increments of the process.

Further, a discrete random process X = X(t) at the time moments t € {0,..., T}, with
its values known in the nodes of the grid forming the matrix of size M x N, is considered,
that is,

X=X(ti,j),te{0,...,ThHie{l,...,M},je{l,...,N}.

The corresponding random coefficients from the It6 equation that depend on the value
of the flux appear as matrices of the corresponding size:

a=a(Xtij),te{0,...,T}ie{l,...,M},je{l,...,N},

b=b(X,tij)tef0,... Thic{l,...,M},je{l,...,N}.

In this paper, both synthetically generated data and the real data of the evolution of
sensible and latent heat fluxes from the ERAS reanalysis database are used to check the
quality of the methods’ estimates. The flux values of the reanalysis data are given in the
nodes of a uniform one-degree grid of 161 x 181 points, corresponding to the geographic
area of the North Atlantic Ocean and covering latitudes from 0° to 80° and longitudes from
—90° to 0° during the period from January 1979 to December 2022. The four measurements
per day are taken with a six-hour step: at 00:00, 06:00, 12:00, and 18:00. When constructing
the estimates, a time step of one day between consecutive measurements was considered.
Therefore, before applying these methods, the data were previously grouped by four
consecutive values and averaged in order to obtain the mean daily value of the flux. It can
be demonstrated that the conditions of the SDE solution’s existence are satisfied for these
data (see book [17], page 469).

The solution of the SDE in (1) is a diffusion process with diffusion coefficient b?(t, X)
and drift coefficient a(t, X). The random coefficients a(t, X) and b?(t, X) are the conditional
expectation and the variance of the flux increments, respectively:

E(X(t+dt) — X(£)|X(t) = x)
dt !

D(X(t + dt) — X(£)|X(t) = x)
dt !

a(t, X) = P(tX) =
where E and ID are expectation and variance of the random variable, respectively.

Assume that a(t, X) and b?(t, X) are Borel functions, defined for x € R, t € [to, T].
Then, the considered SDE is equivalent to the following equation (the initial condition
X(tg) is assumed to be given):

t t
X(£) =X(to) + [ a(s, X(s))ds+ [ b(s, X(s))dW(s).
to to
For the existence of a solution to the Equation (1) for some K, the following condi-
tions [17] are to be satisfied:

vx,y € RY |a(t,x) —a(t,y)| + [b(t,x) — b(t,y)| < K|x —y], 2)

Vx € RY Ja(t, x)[> + |b(t, %) < K(1 + x2). 3)

Moreover, if X7 (t) and X, () are two continuous solutions for a fixed tg, then they are
indistinguishable.

To check the conditions in (2) and (3) for the analyzed data, an estimate for the constant
K is constructed. Considering the case x # y for the first inequality, the constant has the
following form:
max(|a(t, x) —a(t,y)| + [b(t,x) — b(t,y)|)

K> .
- min(|x — y[)
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For the inequality in (3), taking into account that (1 + x?) > 1, it follows that

K > max |a(t,x)* + |b(t,x)|*.
te(to,T]

There is a small number of outliers in the data, which can have values several times
larger than the typical values of the coefficients. To determine the coefficients in the
inequalities, they were excluded: a quantile on the order of 0.97 was chosen as the maximum
for each type of flux, and 0.03 was the minimum.

Due to the volume of data, it is difficult to calculate the quantiles over the entire time
interval at the same time, so the quantiles were calculated several times over the data
from 1000 consecutive days. Then, the maximum was taken as the upper quantile, and
the minimum was taken as the lower quantile. In addition, a non-zero separability of the
difference x — y from 0 is assumed, empirically choosing that the threshold equals 0.1.

Taking into account the introduced restrictions, the following values of the upper and
lower quantiles for 2 and b were obtained: by, = 148.02, bj,,, = 0 (from the physical sense,
the cases of complex b and, therefore, negative values are not considered), ayp = 40.77,
A1y = —32.02. Thus, the following estimates of the constants were obtained: for the
inequality in (2) K7 > 2209 and, for the inequality in (3), K, > 23572. Thus, the finite value
of K exists, guaranteeing the correctness of applying the mathematical model used in the
paper to the considered heat flux data.

It is worth noting that this proof can be extended for the two-dimensional case, which
will be considered in our next papers.

3. Methodology of Reconstruction

In the absence of a priori information about the “physical” structure of the process
X(t), the problem of statistical reconstruction of the functions a(t) and b(t) becomes the
one of the utmost importance. Due to their randomness, this task allows at least two funda-
mentally different approaches for its formulation. The first one is to obtain the estimates
(which would be random themselves) of the a(t) and b(t) functions, that is, to construct
their point approximations (see Section 3.2). The second approach represents the statistical
reconstruction of random coefficients a(¢) and b(t) in terms of their distributions. That is,
knowing some properties of these coefficients, one can find the estimates of some numerical
parameters of these models. Both approaches can be interpreted as physically realistic and
feasible ones.

3.1. Data Discretization

The implementation of the computational procedures requires data preprocessing,
within which the flux values, which can be any real numbers, are replaced by the nearest
fixed value from some fixed intervals, that is, the process values are actually discretized
in space. That is, for a certain period of time, all values of the process X(f) are sorted in
ascending order, and a significant number of K quantiles of different levels, uniformly
covering the segment [0, 1), are picked out. This is necessary to select a set of intervals for
which the probabilities of a new observation falling into each particular interval would be
as close to each other as possible.

Then, a procedure similar to rounding numbers is carried out. For each set of grid
nodes, in which the process values fall into the interval between the two consecutive
quantiles with numbers n and # + 1, the values are replaced by the half-sum of these two
quantiles, and this operation is carried foralln = 1, ..., K. That is, each value is “rounded”
to the nearest number from the set of half-sums of neighboring quantiles. Thus, after this
transformation, at each grid point, there can be only one of the K possible fixed values. The
resulting process with K possible states, corresponding to the original one X(t), is denoted
as X4 (t).
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3.2. Nonparametric Estimation

This method was proposed in the work [9] and is based on the assumption that all
statistical characteristics of the quantities under consideration depend only on the values
themselves and do not depend on their geographical coordinates. In other words, this
assumption means that the values of the process, taken at different points in space, belong
to the same general population with certain statistical characteristics. For the heat fluxes
between the ocean and the atmosphere, this assumption appears to be quite reasonable,
since the traditional calculation formulas for the fluxes (see, for example, [18,19]) use only
the values of the contact media themselves, but not their location.

The first step of this method is the transformation of the set of all available values of
the flux increments for the considered time interval t € {0,..., T} at all grid nodes to a
significantly smaller set of values, using the discretization procedure described earlier. For
example, for the real fluxes data in the nodes of the grid with size 161 x 181, for a time
interval of 10 years (with one value per day), the cardinality of the set of states, to which all
initial values were reduced, was chosen to be equal to 1000.

Further, for each pair of successive time moments ¢ and ¢ + 1, the corresponding
matrices with values of the discrete process are considered, denoting them as X,(f) and
Xy (t+1). For each of the possible values q(t) € {q1,...,qx} of the process X; at time
moment t and g(t +1) € {q1,...,9x} at time moment ¢ + 1, the transition probability for
this pair of states is estimated by the ratio of the number of matrix points having the value
q(t) at time t and the value g(f + 1) at time f 4 1 to the number of points having the value
q(t) at the time #:

P C#(Xg(t) = (), X (t+1) = q(t +1))
R #(X3(0) = (1) '

where the symbol # denotes the number of elements that satisfy the conditions specified in
brackets. If, for some pair, it holds that #(X,(t) = q(t)) = 0, the corresponding probability
Py(),4(t+1) 1 set to zero.

As such, each pair of successive time moments t and t + 1 correspond to the transition
matrix Py ;) q(¢41) with size K x K, which is henceforth used to construct the desired esti-
mates for random coefficients a(t, X) and b(t, X). The notation 4(t) = a(t,i,j),i =1,...,161,
j=1,...,181 is further used for denoting the matrix of the a(t, X) coefficient estimates at
time moment f with a size of 161 x 181. For a fixed value q(t) € {41, ...,9x} at the nodes,
for which X;(t) = g, only that q(t) is chosen, which is present at least at one point of the
matrix. This set of coordinates is further denoted as Iq(t) = {(i1, /1), (i2,j2), - -, (in, jn) },
where the number of nodes 7 can generally take any value from the rangen =1, ...,29141.
Further, for the previously fixed value g(t) at the points with coordinates (i, jm) € L ),
the coefficient estimates matrix d(t, i, j) is set equal to

K

At im jm) = Y (Xg(t+Lim, jm) — Xg(tim, jm)) Poe) q(t+1)-
k=1

To construct the whole matrix of estimates d(t), it is necessary to perform this operation
for all possible values q(t) € {q1,...,qkx}.

Similarly, for the square of the coefficient b(t, X), the estimation matrix b2 = b2 (t,1,7)
at points with coordinates (i,,,jm) € I, is set equal to

K

32(15/ im, Jm) = Z (Xq(t+ 1, i, jm) — Xq(t, imij))ZPq(t),q(t+1)~
k=1

To obtain the estimates of the random coefficient b(t, X) itself, a square root from the
values of the estimation matrix b?(t) is taken.
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The consistency of such non-parametric estimates can be theoretically proven. In-
deed, the frequency estimations for the transition matrices P ;) 4(;+1) are well-known and
consistent. That means that, if the length of the sample is large enough, the frequency
converges to the sought transitional probability with respect to the probability distribution.
Hence, the estimations of the random coefficients a(f, X) and b(t, X) will also converge
with respect to the probability. The next step is to show that, if the distance between two
consecutive time moments approaches zero, then the Markov chain converges to the diffu-
sion stochastic process. This has been proven in [20]. Finally, since the stochastic equations
considered in this paper have a unique solution, the converged statistics will estimate
the necessary parameters. This completes the proof of the consistency of the constrained
nonparametric statistics.

3.3. Semiparametric Reconstruction

It is known [21] that, for an It6 SDE (1) with nonrandom coefficients, under additional
assumptions about the measurability of the process with respect to the natural filtration
and the normality of the distribution of the initial value, the solution has the form of some
Gaussian process with a given mean and covariance function. In this situation, the process
increments are also Gaussian random variables. However, if each parameter is random, the

distributions of the form E® ( X EA ) , that is, shift-scale normal mixtures, arise naturally. It is

more appropriate to speak of a reconstruction of the coefficients of the stochastic differential
equation rather than of their estimation. The suggested semiparametric approach makes it
possible to reconstruct the joint one-dimensional distributions of the drift and diffusion
coefficients. For this purpose, a part of the original time series (the window) is chosen and
the observations in this window are considered as a homogeneous sample. The theoretical
distribution of these observations are shift-scale normal mixture. For the mathematical
correctness of the problem, the continuous normal mixtures are approximated by finite
ones that are identifiable [22]. It should be noted that, in general, by setting the number
of components of the discrete mixture sufficiently large, the approximation can be made
sufficiently accurate.

Formally, let n > 1, tp = 0 < t; < ... < t; be the time moments at which the
values of the process X(f) are known. For simplicity, assume t; — t; 1 = 1Vi > 1. As was
mentioned above, the distribution of the increments X(t;) — X(t;_1) in the process X(t)
can be approximated by continuous normal mixtures:

POX(H) — X(1-1) < x) = Bo( T340,

where ®(x) is the distribution function of the standard normal distribution, and A; € R
and B; > 0 are random values. The approximation by finite normal mixtures is as follows:

POX(t) ~ X(tm1) < ) ~ T (25, @

____ K
where K € N, pr > 0,k = 1,K, ) px = 1. The parameters py, ai, and by in Formula (4) can
k=1

differ for time moments #; and #; 1.

For the statistical estimation of the parameters py, ax, and by in Formula (4), one can use
the method of moving separation of the mixture. Based on the window sample, the finite
mixture, which approximates the theoretical mixture, is separated, that is, the scale and
location parameters of the components and their weights are statistically determined. These
parameters determine the discrete approximation to the joint distribution of the coefficients.

The Expectation-Maximization (EM) algorithm [23] is a well-known iterative method
for obtaining maximum likelihood estimates that can be used for parameters py, ax, and by
(4). Explicit formulas for the parameters under the iterative steps for the considered case of
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finite normal mixtures are given. Let ¢(-) is a standard normal probability density function.

The variables
)/ gl
Py 90( i (k) )
m _ "\ o

8k = ’
kj M [ x—a™
2721 (m) % (m)
[ o

r

are the posterior probabilities that the distribution of the random variable corresponds to
the i-th mixture component. Then, the parameters at the (m + 1)-th iteration are as follows
(i=1,...,K; nisasample (window) size):

1 1 & 1 n
= n gl o = e s gy
j=1 Ls =
(m+1) _ 1 & (m) (m+1)) 2
o =.,/—=— S xi—a .
‘ \/ e o (o)

It is well-known that the best mean square predictor of the square integrable random
variable is its expectation. Therefore, as the predictors or reconstructions of the coefficients,
the weighted sample means of the marginal distributions of the location parameters and
scale parameters are taken. Then, the window is moved one step rightward and the
whole process is repeated. As such, the window width, i.e., the number of observations
in the window sample, should not be too small, to guarantee an admissible accuracy of
the estimates of the mixture parameters, and it should not be too large, to prevent extra
smoothing. The latter requirement makes it very problematic to even try to set the problem
of studying the traditional properties of the reconstructions (or estimates) of the coefficients
of the stochastic differential equation such as asymptotic unbiasedness or consistency.
Indeed, these properties assume that the sample size, i.e., window width in the case under
consideration, infinitely grows, whereas, if the window width increases, the possibility
grows to overlook essential changes in the behavior of the stochastic process.

For each set of points that fall into the same group during the discretization of the
process matrix X(t), estimates for the mean and variance of the approximating mixture,
corresponding to the desired estimates of the a(t, X) and b(t, X) coefficients, can be obtained.
For each two matrices of the process values (X(t), X(t+ 1)) at two successive time steps,
the corresponding matrix X, (t) from the discretization procedure is obtained.

As was mentioned above, the elements of this matrix can take only one of K differ-
ent values from the previously constructed set of quantiles. The number of groups K
is assumed to be much smaller than in the case of constructing the point estimates (see
Section 3.1), since, in this case, in order to select groups using discretization, the values are
considered only at one time moment ¢, in contrast to using all values of the process matrix
for the entire observation period t € {0,...,T}. Each of the quantiles ¢ € {q1,...,qx}
has a corresponding set {(i1,j1), (i2,j2),- - -, (in, ju) } of the X, (t) matrix coordinates, cor-
responding to the quantile value 4. This leads to a sample {X[i1, j1], X[i2, j2], - - -, X[in, jn] }
of the original process’ values before discretization. After applying some modification of
the EM algorithm with a given number of components N to the constructed sample, the
corresponding maximum likelihood estimates of each component parameters (vector of
mean, variance, and weight (a;,0%,w;),i = 1,..., N) are obtained.

Thus, in the semiparametric method, the estimates of the random SDE coefficients
a(t,X) and b(t, X) at time moment ¢ at points with coordinates (i1, j1), (i2,j2), - -, (in, jn)
are obtained via the following formulas:

N . . N ~ . . N
g(t, lm/]m) = Zi:l w;a;, bz(t, Zm,]m) = Zi:l wi(af JrO'l-z).
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3.4. Comparison of Approaches on Simulated Data

The results of both considered statistical approaches can be compared on simulated
random processes described by the SDE (1) in terms of RMSE (root mean square error):

A realization of the process that corresponds to the Itd6 Equation (1), using the given
non-random functions a(t, X) and b(t, X) of a trigonometric type, is implemented. The
choice of the test function of this type is based on the fact that the real geophysical data
often has an annual cycle and other periodic components. Therefore, when applying
statistical methods, it is important to be sure that these methods reproduce the existence of
the harmonics in data well. The test functions are defined as follows:

M M
a(t,X) =Y preos(wit)aX;_q, b(t,X) =Y preos(wit)pX;—1,
k=1 k=1

where wy are the frequencies of the M considered harmonics, and py are their weights, for
which the restriction ch\i 1 Px = 1 holds.

To generate some data similar to a geographic map format to test the performance of
the algorithms, several harmonics with commensurate weights are taken, so that their com-
bination does not reduce to a trivial one and their amount is not coinciding with the number
of components in the mixture, from which the data are then approximated. Specifically,
the number of harmonics and their weights are set equal to M = 4, p = {04,0.3,0.2,0.1};
coefficients & and 8 and a set of frequencies are chosen so that the “fading” of the process
(the convergence of the trajectories to zero over time) does not occur too quickly and, at the
same time, the various components do not coincide in phase as often, making it possible
for them to be distinguishable. As a result, the following set of parameters was chosen:

T 2w 4

x=—-03,8=00lw= {2, 33

27I},p = {0.4,0.3,0.2,0.1}.

Denoting the value of the random process X at time moment ¢ at the point with
coordinates (i, j) as X¢[i, j], the initial (at time ¢ = 0) values at each point of the map are a
realization of a normal-distribution random value with parameters (1, 1):

Xoli,f] ~ N(LIWi=1,...,n,j=1,...,m

Then, the values at the following time moments ¢ > 0 can be calculated using the
following recurrent formula:

Xt [1/ ]} - thl [l/]] + ar—1 [l/ ]] + btfl [l/ j]Awf/

where Aw; ~ N(0,1) denotes a sequence of random values that refer to the increments of a
Wiener process.

Figure 1 shows the generated triplets of the process values and the corresponding
coefficients a(t, X) and b(t, X) at the first three consecutive steps of simulation of the matri-
ces of size 100 x 100. Both methods described in Section 2 are applied to the constructed
process, and their resulting estimations of the coefficients are compared with the defined
functions a(t, X) and b(t, X).
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Figure 1. The values of the simulated stochastic process X and the corresponding random coefficients
a and b from the Itd6 SDE at the three consecutive time steps (iterations): t = 0 (a), t = 1 (b),
and f = 2 (c).

Figures 2—4 show the time step evolution of the objective functions and the correspond-
ing estimates obtained by both methods at some fixed points of the matrix (grid nodes),
demonstrating the features of both estimation methods. The time axis shows the number
of steps of the generation. The data are similar to those in Figure 1, but over a much longer
period of time (about 100 iterations).
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Figure 2. Comparison of obtained estimates of the coefficients a(t, X) (a) and b(¢, X) (b) by nonpara-
metric (NP) and semiparametric () methods with the known simulated values at the point (0,4).
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Figure 3. Comparison of obtained estimates of the coefficients a(t, X) (a) and b(t, X) (b) by nonpara-
metric (NP) and semiparametric (P) methods with the known simulated values at the point (0,11).
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Figure 4. Comparison of obtained estimates of the coefficients a(t, X) (a) and b(t, X) (b) by nonpara-
metric (NP) and semiparametric (P) methods with the known simulated values at the point (0,27).

Figure 2 demonstrates a case in which the semiparametric method is inferior to

the nonparametric one in terms of the RMSE, but captures the behavior of the diffusion
coefficient much better. Figure 3 shows a situation in which, during the first steps, both
methods differ significantly from the true value of the diffusion coefficient b(t, X), but,
at subsequent time moments, the semiparametric method begins to describe the trend
better, significantly surpassing the piecewise linear version of nonparametric estimates. An
example of the clear superiority of the semiparametric method is shown in Figure 4.

Tables 1 and 2 present the RMSE of estimating the coefficients via both methods.

Table 1. Errors in a(t, X) coefficient estimation by semiparametric and nonparametric methods.

Point Coordinates Nonparametric Method Semiparametric Method

0,4) 0.02 0.01
(0,11) 1.28 0.01
(0,27) 0.72 0.01

Table 2. Errors in b(t, X) coefficient estimation by semiparametric and nonparametric methods.

Point Coordinates Nonparametric Method Semiparametric Method

(0,4) 0.14 0.24
0,11) 131 0.75
(0,27) 1.75 0.15
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It is worth noting that the estimates of the drift coefficient a(t, X) obtained by both
methods at all considered points of the simulated map are much closer to the real values of
the objective functions than the corresponding estimates of the diffusion coefficient b(t, X)
to their objective ones.

4. Reanalysis Data Experiments

Now, both methods are applied to the spatiotemporal reanalysis data of the heat fluxes
between the ocean and the atmosphere in the North Atlantic for the period 1979-2022. To
test and compare the results of the methods on real data, the reanalysis data from the ERA5
database for sensible and latent heat fluxes described in Section 2 are used.

Figures 5-8 show the results of both methods for sensible and latent heat fluxes during
the so-called “average year”, which are constructed as follows: at each of the six selected
fixed days per year in different seasons (namely, 15 February, 15 April, 15 June, 15 August,
15 October, and 15 December), the obtained estimates are averaged for all the considered
years. This makes it possible to smooth out individual outliers that arise both directly in the
data themselves and due to computational errors during the calculation of point estimates.
The results of applying the nonparametric method to the same data and their analysis from
the geophysical point of view for this period can be found in the paper [24].

The color scales on the maps change from blue (for negative values) to white (for
values close to zero) and further to red (for positive values). The brightness of the color
at a particular point corresponds to the distance of the value from zero. Land areas are
marked in dark green. Obviously, on the maps corresponding to the estimates of the
diffusion coefficient, the blue color does not appear because the values are non-negative
(from a physical point of view, the diffusion coefficient is equivalent to the variance in a
random variable).

Figure 5 shows an example of the values of the obtained estimates obtained from both
methods for the drift coefficient for the sensible flux during an average year. It can be seen
that, visually, they coincide very strongly, but the estimates obtained by the semiparametric
method change color more smoothly in the neighboring nodes of the map (that is, they
have closer values) and also have values in the peak areas that are smaller in absolute terms
than the corresponding ones obtained by using the nonparametric method. The trend in
the maximum absolute values, as expected, corresponds well to the zones of strong jet
streams in the North Atlantic. A seasonal cycle is also observed: in the winter months, the
drift coefficient is positive, whereas, in the summer months, it is negative.

The localization obtained via the nonparametric method is coarser and more explicit,
but less detailed than that obtained via the semiparametric method. Similar conclusions are
also valid for the diffusion coefficient (see Figure 6), although the mentioned effect turns
out to be less pronounced. It is characterized by extensive zones of its maximum value and
a less pronounced seasonal cycle than for the corresponding drift coefficient, although in
the summer months the maximum is noticeably smaller in both methods for both sensible
and latent fluxes. Figures 7 and 8 present the same coefficients for the latent fluxes.

For a vivid comparison of the results obtained by both methods for the entire North
Atlantic area at once, the values of the absolute differences of estimates at each point of the
half-degree grid are presented in Figures 9-12. The format of an average year is used again.

For the drift coefficients for the fluxes of both types, some significant differences in the
results of the methods are observed along the Gulf Stream (see Figures 9 and 11) while, for
the rest of the map, the differences can appear due to computational error reasons.
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Figure 6. The estimates of the diffusion coefficient for the sensible flux during an average year for the

period 1979-2022, obtained via a (a) semiparametric method and (b) nonparametric method.
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Figure 7. The estimates of the drift coefficient for the latent flux during an average year for the period

1979-2022, obtained via a (a) semiparametric method and (b) nonparametric method.
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Figure 8. The estimates of the diffusion coefficient for the latent flux during an average year for the
period 1979-2022, obtained via a (a) semiparametric method and (b) nonparametric method.
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Figure 9. Absolute difference of the estimates of the drift coefficient for the sensible flux during an
average year for the period 1979-2022.
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Figure 10. Absolute difference of the estimates of the diffusion coefficient for the sensible flux during
an average year for the period 1979-2022.

At the same time, the difference between the obtained values for the diffusion coeffi-
cient is seen much more clearly (see Figures 10 and 12), especially for the winter and spring
of an average year in more northern latitudes, as well as in the Gulf Stream region. This
fact may be explained as follows. In northern latitudes, there are more random factors
that determine the ocean—atmosphere interaction due to a larger temperature spread and
stronger winds, which determine the emerging fluxes to a large extent. This is one of
the most important arguments in favor of the more accurate semiparametric estimation
procedure (see Section 3.4).
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Figure 11. Absolute difference of the estimates of the drift coefficient for the latent flux during an
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Figure 12. Absolute difference of the estimates of the diffusion coefficient for the latent flux during
an average year for the period 19792022, obtained by using both.

5. Conclusions and Discussion

The paper presents research on applying the semiparametric method for reconstructing
random drift a(t, X) and diffusion b(t, X) coefficients of the Ité6 SDE and comparing this
method with the nonparametric method, using both synthetically generated data and the
reanalysis data of the sensible and latent heat fluxes in the North Atlantic for the period
1979-2022 from the ERA5 database.

The advantages of nonparametric procedures include the possibility of theoretical
proof of the properties of the estimates, for example, their consistency, including for the
multidimensional case. However, this method requires a few additional assumptions. A
semiparametric reconstruction procedure is free from them. Only the existence of a solution
to the stochastic differential equation is needed. However, this method is oriented on
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samples of limited volume (windows), which imposes restrictions on the possibility to
prove asymptotic statistical properties. An empirical comparison of both methods in the
paper, however, shows the similarity of their results, which indicates the possibility of
using these methods for applied mathematical modeling.

The conclusions are as follows:

e  The methods used for estimating the parameters of the Itd equation coefficients for
the proposed model of heat flux dynamics are adequate, provide mathematically and
physically justified results, and are in good agreement with the physical features of
the heat fluxes in the North Atlantic;

e  Accuracy estimates with respect to the simulated series give acceptable interval values
(mean value is about 1, whereas the variability in the series itself equals 0.3) and reflect
the trends in the test series well. The semiparametric approach is usually more accurate
for data under stochastic factors, but it has a higher computational complexity than a
simple interval method of frequency nonparametric estimates. The typical running
times of the methods at one time step were tp = 1.52 s and typ = 0.67 s, respectively;

e  The areas of maximum absolute values of the drift coefficient correspond well to
the areas of strong jet streams in the North Atlantic and have a noticeable seasonal
variation. In the winter months, the coefficient is positive; in the summer months, it
is negative. The localization obtained by the nonparametric method is coarser and
more explicit, but less detailed than that from the semiparametric method. Similar
conclusions are also valid for the diffusion coefficient, although, in the summer months,
the maximum is noticeably smaller in both methods for both the sensible and latent
heat fluxes.

Thus, the following problems can be mentioned as possible directions of the further research:

o The proposed semiparametric approach can be extended for analyzing multivari-
ate distributions, to study the relationship between heat fluxes, pressure, and sea-
surface temperature;

e  The stochastic models for the data increments may also be in demand in completely
different applied areas, for example, in turbulent plasma physics. The semiparametric
approach is suitable for this type of data. This opens up new prospects for physics-
informed ML models [25-28], including those based on SDEs [29-32].
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