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Abstract

Based on Bayesian network (BN) and information flow (IF), a new machine learning-based model named IFBN is
put forward to interpolate missing time series of multiple ocean variables. An improved BN structural learning
algorithm with IF is designed to mine causal relationships among ocean variables to build network structure.
Nondirectional inference mechanism of BN is applied to achieve the synchronous interpolation of multiple
missing time series. With the IFBN, all ocean variables are placed in a causal network visually, making full use of
information about related variables to fill  missing data. More importantly, the synchronous interpolation of
multiple variables can avoid model retraining when interpolative objects change. Interpolation experiments show
that IFBN has even better interpolation accuracy, effectiveness and stability than existing methods.
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1  Introduction
xt(j)
xt(j) j

t j= xt(j)
j> xt(j)

Time series  is a series of observations gathered in chro-
nological order.  represents the record of the th variable at
the th moment. When ,  is a univariate time series; when

,  is a multivariate time series. Time series contain deep
knowledge, and data mining of time series has become a hot top-
ic in the field of big data analysis. As we all know, time series are
widely existed in oceanology and hydrology, but data loss is inev-
itable due to the effect of subjective and external factors. Discon-
tinuous time series bring difficulties to studies of regional ocean-
ic and hydrological changes. Therefore, interpolation of missing
time series is the premise of oceanography analysis. Tremend-
ous efforts have been made over the last few decades to fill the
existing observational data gaps.

Most of classical missing data recovery methods, such as
polynomial interpolation, optimal interpolation, auto-regressive
moving average model and ensemble Kalman filtering model
(Gasca and Sauer, 2000; Kaplan et al., 2000; Zhu, 2016; Zheng et
al., 2019), have been widely applied to meteorological and ocean-
ographic interpolation and have obtained many good results.
Sheng (2009) applied the data interpolating empirical orthogon-
al function (DINEOF) model for interpolation of missing sea sur-
face temperature (SST) data, on the basis of decomposition of
EOF. Huang et al. (2014) defined the segmented matched inter-
polation method and developed a linear fitting equation corres-
ponding to different time periods, to reconstruct the ground tem-
perature time series. Liu et al. (2018) adopted Bayesian linear re-
gression to establish mathematical relationship between the data
missing stations and their adjacent stations, to interpolate the
monthly precipitation time series. In addition, some novel statist-
ical methods have been introduced. Bai et al. (2014) proposed a
new information diffusion model optimized by genetic algorithm

to fill missing time series of monthly river discharge.
The above interpolation models in geoscience can be sum up

as the regression-based methods, which establish a mapping,
such as regression equation and interpolation function, and take
the predicted value of the mapping model as interpolation result.
Besides, the regression-based methods mainly aim at univariate
time series and effectively utilize the change rule of interpolative
variables, which is better at dealing with linear relationship.
However, these methods neglect information of other related
variables. In other word, the above time series interpolation al-
gorithms can only handle single variable, and take no considera-
tions of multivariate interaction.

In recent years, with the development of machine learning
(ML) and deep learning (DL), many new interpolation algorith-
ms for missing time series have been born in the field of computer
information. K-nearest neighbor (KNN) regression, support vec-
tor machine (SVM), artificial neural network (ANN) and convolu-
tional neural network (CNN) have been initially used for missing
data interpolation in geoscience (Yao, 2006; Zhang, 2013; Bu
et al., 2014; Xu et al., 2018; Zheng et al., 2020). Liu et al. (2015)
proposed an interpolation method for estimating sea surface sa-
linity using random forest (RF) algorithm. Barth et al. (2020) ap-
plied a CNN with error estimates to reconstruct SST satellite ob-
servations. These ML-based interpolation methods are appropri-
ate for nonlinear time series. Based on information of related
variables, data interpolation of both univariate time series and
multivariate time series is achieved, which significantly improve
interpolation accuracy.

However, the above ML models have to be retrained when
the interpolative object changes because their input and output
are fixed in the model, so data interpolation of multiple variables
is inefficient. More importantly, some studies have pointed out  

Foundation item: The National Natural Science Foundation of China under contract Nos 41875061 and 41976188; the “Double First-
Class” Research Program of National University of Defense Technology under contract No. xslw05.
*Corresponding author, E-mail: zrpaper@163.com
 

Acta Oceanol. Sin., 2021, Vol. 40, No. 7, P. 249–262

https://doi.org/10.1007/s13131-021-1734-1

http://www.aosocean.com

E-mail: ocean2@hyxb.org.cn



that data sets of variables such as radiation, temperature and
evapotranspiration reconstructed by different interpolation
methods often generate new errors when substituted into the en-
ergy balance equation (Jiang et al., 2011). In other word, data re-
constructed by separate interpolation without considering influ-
ence of related variables may be ineffective in practical applica-
tion. Aiming at the problems existing in the regression-based and
ML-based interpolation methods, the state-of-the-art Bayesian
network (BN) is introduced.

BN, an artificial intelligence algorithm, is a combination of
probability theory and graph theory. It is good at mining and ex-
pressing causal relationships from data. At present, some schol-
ars have applied BN to missing data interpolation (Li, 2006; Gong
and Dong, 2010). BN can learn and express causal relationships
to construct a reliability network containing multiple variables
(Li, 2018a). Missing data can be filled by probabilistic reasoning
with making full use of information about related variables. It is
worth noting that BN can provide a comprehensive description
of network nodes with probability distribution and achieve prob-
abilistic reasoning in any direction. Therefore, it is possible to fill
multivariate missing data synchronously with BN. There is no
need to retrain the model when interpolative objects change.

BN training is the core of BN modeling, including structural
learning and parameter learning. Structural learning is construc-
tion of a causal network describing relationship of multiple vari-
ables, which is the foundation of BN. Interactions among ocean
variables are grossly complicated, so effective identification of re-
lationships from time series and network structure construction
are the guarantee of high interpolation accuracy. The key to
structural learning is determining arcs and their direction
between network nodes. Search-and-score algorithm is the most
widely used method, which searches for the optimal network
structure according to scoring function in a network space. K2 al-
gorithm, K3 algorithm and genetic algorithm are common al-
gorithms in structural learning (Cooper and Herskovits, 1992;
Bouckaert, 1994; Liu et al., 2001; Wang and Yang, 2010; Li and
Liu, 2019). However, these algorithms are easy to fall into local
optimum and structure arcs have great uncertainty. Actually,
structural learning of BN is causal analysis. For the first time, we
introduce information flow (IF) (Liang, 2008), an emerging caus-
al analysis theory, for structural learning. We conduct the causal
analysis of ocean variables based on IF and optimize network
learning, to propose a new time series interpolation model for
multiple ocean variables, namely IFBN.

In this paper, we will elaborate that how IFBN learns the rela-
tionships among ocean variables by mining the causality from
time series, and quantitatively expresses them in the form of
probability distribution. After constructing a complete BN with
ocean variables, data interpolation of multiple variables can be
realized with nondirectional inference mechanism. Time series
of all variables in the network can be interpolated by only once
model training. IFBN effectively utilizes information about re-
lated variables, and realizes simultaneous interpolation of miss-
ing multivariate time series.

The remainder of the paper is organized as follows: Section 2
presents the basic theory and techniques. Section 3 introduces
the specific modeling techniques of IFBN. The obtained results
and analysis are shown in Section 4. Section 5 concludes the pa-
per and discusses the main advan tages of the proposed model.

2  Basic theory

2.1  Bayesian network
Bayesian network (BN), also known as Bayesian reliability

network, is not only a graphical expression of causal relationship

B=<G, θ>
among variables, but also a probabilistic reasoning technique
(Pearl, 1998). It can be represented by a binary :

G = (V,E) V

E

(1)  represents a directed acyclic graph.  is a set of
nodes where each node represents a variable in the problem do-
main.  is a set of arcs, and a directed arc represents the causal
dependency between variables.

θ

θ

(2)  is the network parameter, that is the probability distribu-
tion of nodes.  expresses the degree of mutual influence
between nodes and presents quantitative characteristics in the
knowledge domain.

V=(v, · · · , vn)Assume a set of variables . The mathematical
basis of BN is Bayes Theorem showed by Eq. (1), which is also the
core of Bayesian inference.

P
(
vi|vj

)
=

P(vi, vj)

P
(
vj
) =

P (vi) · P
(
vj|vi

)
P
(
vj
) , (1)

P (vi) P
(
vj|vi

)
P (vi| vj)

P (vi) P
(
vi|vj

)
P
(
vj|vi

)
where  is the prior probability,  is the conditional
probability and  is the posterior probability. Based on

,  could be derived by Bayes Theorem under the rel-
evant conditions .

After determination of structure and parameter, the joint
probability distribution for Bayesian inference can be derived
from Eq. (1) under the assumption of conditional independence
(Shi, 2012).

P (v, v, · · · , vn) =
n∏

i=

P (vi |Pa( vi)) , (2)

vi Pa (vi) viwhere  is network node;  is parent node of . Bayesian in-
ference is the calculation of probability distribution of a set of
query variables according to evidences of input variables through
Eq. (2).

BN provides a reasoning technique based on probability dis-
tribution. It does not distinguish forward reasoning or backward
reasoning (Li et al., 2008). Each node in the network can be taken
as input and output flexibly, so the simultaneous interpolation of
missing time series of multiple ocean variables can be achieved
with the nondirectional inference mechanism.

The training of BN includes structural learning and paramet-
er learning. The BN structure is the basis of parameter learning
and probabilistic reasoning. In order to improve the structural
learning, information flow (IF) will be introduced and its theory
will be explained in the next subsection.

2.2  Information flow
Information flow (IF) is a real physical notion recently rigor-

ized by Liang (2014, 2015) to express causality between two vari-
ables in a quantitative way, where causality is measured by the
information transfer rate from one variable’s time series to an-
other. IF can realize the formalization and quantification in caus-
al analysis.

X X

X

X

Following Liang (2014, 2015), given two time series  and ,
the maximum likelihood estimator of the rate of the IF from  to

 is:

T→ =
CCC,d − C

C,d

C
C − CC




, (3)

→ Cij

Xi Xj Ci,dj

where  represents the assignment operator,  denotes the co-
variance between  and , and  is determined as follows. Let
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Ẋj dXj/dt be the finite-difference approximation of  using the

Euler forward scheme:

Ẋj,n =
Xj,n+k − Xj,n

kΔt
, (4)

k= k= k

Δt Ci,dj

Xi Ẋj

with  or  (the details about how to determine  are re-
ferred to Liang (2014) and  being the time step).  in Eq. (3)
is the covariance between  and .

In order to quantify the relative importance of a detected
causality, Liang (2015) developed an approach to normalizing
the IF:


Z→ ≡ |T→|+

∣∣∣∣dH*


dt

∣∣∣∣+ ∣∣∣∣dHnoise


dt

∣∣∣∣ ,
τ→ =

T→

Z→
,

(5)

≡ H*


X Hnoise


where  is the identity sign,  represents the phase space ex-
pansion along the  direction, and  represents the random
effect.

τ→= X X

X X τ→>

X X τ→< X

X

|τ→|>%

The normalized IF calculated with Eq. (5) can be zero or non-
zero. Ideally, if , then  does not cause ; otherwise
there is a causal link between  and . Further, if , then

 makes  unstable. On the contrary,  indicates that 
makes  stable. In particular, when the significance level is 0.1,

 indicates that the causal relationship is significant.
All in all, IF is very suitable for structural learning of BN. The

value of IF reflects the strength of causal dependency between
network nodes. The symbol of IF represents the direction of
structural arcs (Li and Liu, 2020). With causal analysis of ocean
variables based on IF, a more reasonable network structure of
ocean variables can be obtained, which is helpful for time series
interpolation.

3  Construction of IFBN
In this section, we will propose a new time series interpola-

tion model (IFBN) for multiple ocean variables and explain the
model designation in detail. The great advantage of IFBN is syn-
chronous interpolation of missing multivariate time series. The
specific technical process is shown in Fig. 1.

First, time series of ocean variables are processed to generate
discrete time series for network training. Then, combined with
causal analysis by IF, the search-and-score algorithm is used to
mine causal relationships among ocean variables and obtain the
topological structure. On the basis of this network structure, EM
algorithm is employed to learn probability distribution of net-
work nodes, and the complete BN containing ocean variables has
been trained. Finally, missing multivariate time series are input
for probabilistic reasoning and missing data of different ocean
variables are interpolated synchronously. The technical process
of IFBN is described in detail below.

3.1  Time series preprocessing
As BN is better at processing discrete data, time series of

ocean variables are required to be discretized in order to train the
BN. The equal interval method is adopted to discretize time
series (Li, 2018). Historical data over a period are analyzed to
choose suitable intervals according to the maximum and minim-
um. Consequently, discrete state space of each node is divided
with constant interval scale. Different states of network nodes
(ocean variables) are represented by discrete numbers.

3.2  Structural learning
In order to identify the relationships among ocean variables,

we introduce IF to design a new structural learning algorithm,
whose process consists of two steps: construction of the initial
structure and search for the optimal structure. We first conduct
causal analysis of ocean variables based on IF and construct the
unconstrained 0/1 optimization problem to get the initial net-
work structure. Then the search-and-score algorithm is adopted
to learn the optimal network structure. Details are as follows.

Step 1. Construction and solution of unconstrained 0/1 op-
timization problem

We calculate IF between different ocean variables, and make
a significant analysis of causal relationship to construct the un-
constrained 0/1 optimization problem.

X =
(
xij
)

n
BN structure can be represented by an adjacency matrix

. A network with  nodes can be represented as follows:

X =

 x · · · xn
...

. . .
...

xn · · · xnn

 , (6)

discrete multivariate

time series

global casual

analysis

search-and-score

learning

probability distribution

BN for multiple ocean elements

structural learning

parameter learning

data interpolation

discretization

information flow
greedy search

algorithm

EM algorithm

model training model testing

multiple ocean elements

time series

incomplete multivariate

time series

complete multivariate time series

reasoning

 

Fig. 1.   Technique flowcharts of IFBN.
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xij =  vi vj
xij =  vi vj

where  represents there is an arc between  and , while
 represents there is no arc between  and .

X =
(
xij
)

τij
Definition 1: Construct a mathematical variable to measure

the causation of a network based on  and .

C (X, α) =
n∑

i=

n∑
j=,j̸=i

τijxij. (7)

C(X, α)The larger the value of , the more significant the causa-
tion of a network. With Definition 1, the unconstrained 0/1 op-
timization problem can be defined as following:

maxC(X, α) =
n∑

i=

n∑
j=,j̸=i

τijxij. (8)

Solve the above 0/1 optimization problem to get the optimal
adjacency matrix, corresponding to a directed topology, that is
the initial network structure used in the next step.

Step 2. Get the optimal structure with search-and-score al-
gorithm

The search-and-score algorithm has two important compon-
ents: measurement mechanism and search process (Chickering

et al., 1995). The measurement mechanism is a structure scoring
function, used for evaluating the quality of a network, such as in-
formation entropy, Bayesian information criterion (BIC) and
minimum description length (MDL). The search process refers to
searching the highest rated network in a structure space accord-
ing to the measure. In our algorithm, structure space is gener-
ated from the initial structure based on IF and we adopt BIC and
greedy search (GS) algorithm to search for the optimal structure.

The expression of BIC is as follows:

BIC_score =

n∑
i=

logP (G|D)− 

logN · Dim (G) , (9)

Dim (G) G
D

where  represents the dimensions of BN,  represents
network structure, and  represents data set.

The basic thought of GS algorithm: start from an initial struc-
ture, perform arc addition, arc reduction and arc rotation on the
initial structure and score it after each operation. If the score is
increased, the operation is retained. The process is iterated until
the network score is optimal (Chickering, 2003). It should be
pointed out that as IF is introduced, arc rotation is omitted in GS
algorithm, and the arc direction is determined according to the IF
symbol. The specific algorithm flow is shown in Algorithm 1.

3.3  Parameter learning
In the BN, the relationships among ocean variables are ex-

pressed quantitatively by probability distribution, and EM al-
gorithm (Zhou, 2016) is used to learn probability distribution, in-
cluding prior probability and conditional probability. First, ini-
tialize the probability distribution of each node. Then, modify the
initial probability distribution according to training data to find
its maximum likelihood estimate. In our paper, EM algorithm is
achieved by BNT toolbox (https://download.csdn.net/down-
load/b08514/6942975), so its specific algorithm principle is omit-
ted.

3.4  Reasoning and interpolation
After structural learning and parameter learning, the BN with

multiple ocean variables is completed. We input missing time
series of variables to calculate the posterior probability of inter-
polative objects by probabilistic reasoning. Missing data of all
variables can be filled according to posterior probability distribu-
tion. Bayesian reasoning algorithm includes exact algorithm and
approximate algorithm (Li, 2018b). Approximate algorithm is
usually applied to large-scale network structure to deal with ex-
cessive computation. Considering the scale of network in our re-
search, we apply the exact algorithm, joint tree inference al-
gorithm (Liu and Zhang, 2006), to accurate reasoning.

4  Time series interpolation experiment of multiple ocean
variables

In this section, we use the proposed IFBN to interpolate miss-
ing time series of multiple ocean variables. To further illustrate
the validity of IFBN, we also apply the Cubic Spline Interpolation
(CSI) algorithm, Back Propagation (BP) neural network and clas-
sic BN (CBN) without IF to conduct comparative experiments
and error analysis of the results. All experiments are carried out
with MATLAB.

4.1  Data introduction

WD SST SLP SAL RH DEN

We use daily Tropical Atmosphere Ocean (TAO) data re-
leased by National Oceanic and Atmospheric Administration
(NOAA) for interpolation experiments. The selected ocean vari-
ables are wind speed, sea surface temperature, sea level pressure,
salinity, relative humidity and density, respectively denoted as

, , , ,  and . We download six complete
time series of above variables from January 1, 2017 to December
31, 2018 as experimental data (a total of 718 d). The latitude-lon-
gitude coordinate is (0°, 165°E). In our experiments, the first 600 d
are taken as training data and the last 118 d are test data. As we
all know, these time series are generally asymmetrical and non-
normal.

Algorithm 1        GS algorithm

Input V D V G is variable set,  is complete data set of ,  is an initial structure
Output G  is the optimal structure

Step 1 G→oldscoreScore the initial network structure ;

Step 2 G′→ tempscorePerform arc addition, arc reduction and determine arc direction by IF, score the new network structure ;

tempscore>oldscoreif 

newscore≡ tempscore       and keep the corresponding arc operation;
else

newscore≡oldscore       and discard the corresponding arc operation;
end if

Step 3 newsore→maxIf 

G ≡ G→′return 
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4.2  IFBN training
Based on the training data of ocean variables, we train the IF-

BN according to the modeling process elaborated in Section 3.
(1) Time series preprocessing
After analyzing historical records, we select reasonable divi-

sion intervals for six ocean variables and denote states with con-
secutive numbers. The discretization standard is shown in Table 1.

Then we discretize six variables with equal interval to obtain
discrete training time series for BN learning as shown in Table 2.

(2) Global causal analysis
Based on the original training time series in Section 4.1, we

calculate the normalized IF between different ocean variables ac-
cording to Eqs (3)–(5), as shown in Table 3. It should be noted
that the IF direction is from the row to the column.

τWD→SST=. > τSST→WD=−. <

% WD
SST τWD→SLP=

−. < τSLP→WD=. >

Now we take significance analysis of IF in the table: for ex-
ample,  ,  ,  and the
former is greater than , so we could judge  is the cause for

, that is there may be an arc “WD→SST” in the BN; 
, , and the latter is greater than

%
τWD→RH=. > τRH→WD=. >

%
τWD→RH< τRH→WD

RH WD

, so we could judge that there may be an arc "SLP→WD"; for
another example,  ,  ,
and both are greater than , so causal relationship is inappar-
ent. But , we could make a preliminary judg-
ment that  is the cause for . A preliminary analysis of the
causal relationship between ocean variables is carried out by
analyzing the value and symbol of IF.

(3) Structural learning and parameter learning
According to Section 3.2, on the basis of the above causal ana-

lysis, we design and solve the unconstrained 0/1 optimization
problem to get the optimal initial network structure. The adja-
cency matrix describing the relationship of ocean variables is
shown in Fig. 2a, and the corresponding initial network structure
is shown in Fig. 2b.

Then we generate the search space based on the initial net-
work structure and GS algorithm is implemented to search for
the optimal structure. The iterative convergence curve is shown
in Fig. 3a. The optimal structure describing ocean variables is
shown in Fig. 3b.

Table 1.   Discretization standard of ocean variables
Ocean variable

WD SST SLP SAL RH DEN

Interval 1 m/s 0.1°C 1 Pa 0.1‰ 1% 0.1 kg/m3

State label 1–10 1–26 1–9 1–17 1–24 1–19

Table 2.   Discrete training time series

Variable
Training data

1 d 2 d 3 d 4 d 5 d ··· 500 d 600 d

WD/(m·s–1) 3 2 3 3 5 ··· 2 5
SST/°C 25 24 24 22 24 ··· 19 18

SLP/Pa 2 3 2 3 3 ··· 6 7

SAL/‰ 15 15 15 10 8 ··· 15 15

RH/% 8 12 14 17 10 ··· 9 7

DEN/(kg·m–3) 10 11 11 7 6 ··· 12 12

Table 3.   Standardized IF matrix
Variable WD SST SLP SAL RH DEN

WD \   0.133 6 –0.002 5 –0.012 6   0.023 8   0.087 0

SST –0.000 3 \   0.005 2   0.194 7   0.109 9   0.239 1

SLP   0.011 9 –0.011 8 \   0.027 2   0.006 0 –0.023 9

SAL   0.003 0   0.119 3   0.037 1 \   0.017 1   0.088 6

RH   0.039 4   0.096 2   0.006 7 –0.020 2 \ –0.018 6

DEN –0.005 2   0.259 3   0.028 1   0.347 4   0.066 9 \

         Note: \ means it cannot be calculated.

a. optimal adjacency matrix

SST

RH

WD

SALDEN SLP

b. initial network structure

0 1 0 0 1 0

0 0 0 1 1 1

0 0 0 1 0 0

0 0 0 0 0 1

0 0 1 1 0 1

0 0 0 0 0 0

X = 

 

Fig. 2.   0/1 optimization solution of network.
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SST

Based on the network structure, EM algorithm is adopted to
calculate the prior probability distribution and conditional prob-
ability distribution, which is achieved by BNT toolbox. As an ex-
ample, Table 4 shows the conditional probability distribution of
node .

4.3  Interpolation results of time series
In Section 4.2, the training of BN with ocean variables has

been completed. In the network, causal relationships of ocean
variables are expressed quantitatively and intuitively. Then we fill
missing data of time series by network reasoning. For the pur-

pose of testing the validity of IFBN, we perform multiple sets of
interpolation experiments.

(1) Experiment I
In order to test the interpolation accuracy in different data

missing situations, we adopt the missing completely at random
(MCAR) method (Bai et al., 2014) to process test time series (a
total of 118 d) of six ocean variables, and randomly delete 40%,
50% and 60% of data for each variable time series. To avoid
chance, CSI, BP neural network, CBN and IFBN are used to per-
form interpolation experiments with ten different random
samples for each missing rate. The average of ten experiments is

a. iterative convergence curve b. optimal network structure
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Fig. 3.   Optimization result of GS algorithm.

SSTTable 4.   Conditional probability distribution of node 

Condition
P (SST|WD)

WD= WD= WD= WD= WD= WD= WD= WD= WD= WD=
SST= 0 0 0 0 0 0 0.032 3 0 0 0
SST= 0 0 0 0 0 0.029 0 0.064 5 0.076 9 0 0
SST= 0 0 0 0 0.014 3 0.014 5 0 0 0 0
SST= 0 0 0 0 0.028 6 0.058 0 0.032 3 0 0 0
SST= 0 0 0 0.012 2 0.014 3 0.014 5 0.032 3 0 0 0
SST= 0 0 0.021 3 0.024 4 0.028 6 0.029 0 0.032 3 0.153 8 0 0
SST= 0 0.062 5 0 0.048 8 0.042 9 0.058 0 0.096 8 0.076 9 0 0
SST= 0 0.031 3 0.021 3 0.012 2 0.042 9 0.043 5 0.032 3 0.076 9 0 0
SST= 0 0.031 3 0.042 6 0.109 8 0.014 3 0.014 5 0 0.153 8 0 0
SST= 0.1 0.031 3 0.042 6 0.024 4 0.028 6 0.014 5 0 0.076 9 0 0
SST= 0 0.031 3 0.021 3 0.012 2 0.028 6 0.072 5 0.032 3 0 0 0
SST= 0 0 0.063 8 0.048 8 0.071 4 0.087 0 0 0.076 9 0 0
SST= 0.1 0 0.085 1 0.048 8 0.028 6 0.043 5 0.032 3 0 0 0
SST= 0.1 0 0 0.036 6 0.057 1 0.058 0 0.096 8 0.076 9 0 0
SST= 0 0.031 3 0.063 8 0.048 8 0.057 1 0.014 5 0.064 5 0.076 9 0.333 3 0
SST= 0 0.031 3 0.042 6 0.048 8 0.014 3 0.014 5 0.064 5 0 0 0
SST= 0 0 0.042 6 0.012 2 0.028 6 0.043 5 0 0 0 0
SST= 0.2 0.031 3 0.085 1 0.073 2 0.114 3 0.014 5 0.064 0 0 0.333 3 0
SST= 0.1 0.156 3 0.021 3 0.122 0 0.128 6 0.072 5 0 0.076 9 0 0
SST= 0 0.062 5 0.063 8 0.085 4 0.014 3 0.058 0 0.096 8 0 0 0
SST= 0.2 0.187 5 0.148 9 0.134 1 0.071 4 0.058 0 0.032 3 0.076 9 0 1
SST= 0 0.031 3 0.042 6 0.036 6 0.028 6 0.058 0 0.064 5 0 0 0
SST= 0.1 0.125 0 0.063 8 0.012 2 0.028 6 0.072 5 0.032 3 0 0 0
SST= 0 0.093 8 0.021 3 0.048 8 0.085 7 0.029 0 0.096 8 0 0.333 3 0
SST= 0.1 0.031 3 0.085 1 0 0.028 6 0.029 0 0 0 0 0
SST= 0 0.031 3 0.021 3 0 0 0 0 0 0 0

          Note: WD=1, 2, ···, 10, and SST=1, 2, ···, 26 indicate WD and SST take different discrete states.
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taken as the final interpolation.
CSI is a segmental interpolation method, which constructs a

cubic function in each segment. In modeling with BP neural net-
work, the interpolation object is output neuron and the five re-
maining ocean variables are input neurons. The number of net-
work layers is three. Given space limitations, we are not going to
repeat detailed steps of CSI and BP as the two methods are ma-
ture. It should be pointed out that CSI and BP need to be re-
trained each time the interpolation object changes. Besides, the
difference between CBN and IFBN is the structural learning.
There is no causal analysis with IF in structural learning of CBN.

We discretize and input missing time series of six ocean vari-
ables into IFBN for probabilistic reasoning, and the model syn-
chronously output the posterior probability distribution of each
variable at the missing point with the nondirectional inference
mechanism. Take the median of the state interval with maxim-
um probability as the interpolation value. In order to intuitively
display the interpolation, Fig. 4 shows a comparison between
measured data and interpolation result of once experiment with

a data missing rate of 40%, and the rest of interpolation results
are shown in Figs A1 and A2.

We choose mean relative error (MRE), THEIL inequality coef-
ficient (TIC) and correlation coefficient (R), as shown by Eqs
(10)–(12), to measure the accuracy of interpolation. The smaller
the first two, the more accurate the interpolation, while R is on
the contrary. The average results of ten interpolation experi-
ments are analyzed as shown in Fig. 5 and Tables 5 and 6.

MRE =

n

n∑
i=

|y− ŷ|
y

, (10)

TIC =

√√√√ 
n

n∑
i=

(y− ŷ)

√√√√ 
n

n∑
i=

y +

√√√√ 
n

n∑
i=

ŷ

, (11)
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R =
Cov (y, ŷ)√

Var (y) · Var (ŷ)
, (12)

y ŷ Cov (y, ŷ)
y ŷ Var (y) y Var (ŷ)

ŷ

where  is the observation and  is the interpolation.  is
the covariance of  and .  is the variance of  and  is
the variance of .

As seen from Fig. 4, the interpolation of six ocean variables
with IFBN is close to the overall trend of the observation, and the
accuracy is even higher. The peak value and low value are corres-
pond to the measured value, and the change trend of time series
is accurately expressed. Figure 5 and Tables 5 and 6 show that IF-
BN has smaller mean MRE (5.284%), smaller mean TIC (0.021 3)
and larger mean R (0.887) than CIS (MRE: 15.144%, TIC: 0.044 3,
R: 0.783), BP (MRE: 8.117%, TIC: 0.028 1, R: 0.811) and CBN
(MRE: 7.546%, TIC: 0.027 6, R: 0.819), indicating that the interpol-
ation of IFBN is more accurate. Besides, CBN has similar per-
formance with BP, worse than IFBN, demonstrating that causal
IF can improve the interpolation accuracy.

In addition, when data missing rate is small (40%), the inter-
polation effect of IFBN is better than the other three interpola-
tion methods. As data missing rate increases (60%), IFBN can still
maintain a higher accuracy because it can utilize action informa-
tion of related variables based on the causal network, less af-
fected by the spatial distribution pattern of missing data of indi-
vidual variable. By contrast, performances of CSI and BP degrade
sharply. IFBN shows great interpolation stability in the face of dif-
ferent degree of data loss, while the interpolation precision of CSI
and BP is susceptible to the degree of data loss. Though CBN has
similar stability with IFBN, its accuracy is obviously lower than
IFBN.

Most important, when CSI and BP are used to interpolate
multivariate time series, it is necessary to interpolate each ocean
variable separately and perform repeated six interpolation opera-
tions. However, IFBN only needs once network training to real-
ize synchronous interpolation of multiple variables.

(2) Experiment II
The length of consecutive missing data has an impact on the

interpolation accuracy. In order to discuss the sensitivity of our
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Fig. 4.   Interpolation results with the data missing rate of 40%: WD (a), SST (b), SLP (c), SAL (d), RH (e), DEN (f).
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Fig. 5.   MRE of each model under different missing rate.
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proposed IFBN to the length of consecutive missing data, some
contrast experiments are conducted. We first do a statistics on
the length of consecutive missing data, as shown in Table 7.
Then, instead of MCAR method, we set different length (5 d, 10 d
and 15 d) of consecutive missing data for each time series and
each time series are set three groups of missing data. Three mod-
els (IFBN, CSI and BP) are used for interpolation and results are
showed in Figs 6 and 7.

When the length of consecutive missing data is 5 d, IFBN has
higher interpolation accuracy (mean R: 0.848, mean MRE:
4.325%) than BP (mean R: 0.769, mean MRE: 5.622%) and CSI
(mean R: 0.706, mean MRE: 6.234%). As the length increases to 10
days, IFBN still maintains good mean R (0.733) and mean MRE
(6.267%). Mean R of BP decreases slightly (0.617) while that of
CSI decreases sharply (0.514). Therefore, IFBN has a lower sens-
itivity to the length of consecutive missing data than BP and CSI.
However, when the length reaches 15 d, the performance of IF-
BN also decreases dramatically (mean R: 0.462, mean MRE:

10.538%), slightly better than BP (mean R: 0.427, mean MRE:

11.719%) and CSI (mean R: 0.314, mean MRE: 13.365%).

(3) Experiment III

In order to further test the generalization ability of IFBN, we

select time series with different date and different position (A, B,

and C) are shown in Table 8.

For each position, we divide the time series into training data

and test data, and randomly delete 50% of test data. Then we ap-

ply three models (IFBN, CSI and BP) according to the above pro-

cesses to interpolation. The comparison results are shown in

Tables 9–11. For six ocean variables time series, IFBN has smal-

ler MRE, smaller TIC, and larger R than the other two models,

showing that our proposed model is suitable for many different

situations and interpolation results are more stable. Besides, IF-

BN does not have to be retrained if the interpolation object (out-

put) changes, so data interpolation for multiple variables is effi-

cient.

Table 5.   TIC of each model under different missing rate
Missing rate Interpolation model WD SST SLP SAL RH DEN

40% IFBN 0.091 5 0.001 1 0.001 4 0.000 9 0.011 5 0.001 7
CSI 0.182 9 0.005 3 0.002 7 0.002 2 0.022 1 0.004 3

BP 0.095 6 0.003 3 0.002 5 0.001 6 0.014 1 0.003 5

CBN 0.089 7 0.003 6 0.002 2 0.001 8 0.013 9 0.003 3

50% IFBN 0.117 1 0.001 4 0.001 5 0.001 1 0.017 5 0.001 3
CSI 0.177 6 0.013 2 0.006 1 0.005 6 0.039 5 0.009 8

BP 0.119 4 0.005 8 0.004 3 0.003 4 0.025 2 0.014 3

CBN 0.112 1 0.005 6 0.004 5 0.003 7 0.031 1 0.012 7

60% IFBN 0.106 5 0.003 7 0.002 4 0.002 2 0.018 9 0.001 8
CSI 0.215 8 0.015 4 0.010 9 0.009 3 0.062 9 0.013 1

BP 0.138 2 0.008 3 0.007 4 0.006 5 0.040 7 0.012 1

CBN 0.141 2 0.007 9 0.007 5 0.006 1 0.039 6 0.011 9

         Note: The bold numbers are the results obtained by proposed model.

Table 6.   R of each model under different missing rate
Missing rate Interpolation model WD SST SLP SAL RH DEN

40% IFBN 0.811 5 0.989 5 0.987 2 0.987 1 0.788 1 0.992 7
CSI 0.731 5 0.926 9 0.941 2 0.975 9 0.719 9 0.968 1

BP 0.636 6 0.915 7 0.935 3 0.985 9 0.720 5 0.973 6

CBN 0.701 1 0.914 8 0.939 8 0.984 6 0.731 6 0.975 4

50% IFBN 0.678 6 0.988 8 0.972 3 0.993 5 0.690 8 0.990 4
CSI 0.651 0 0.807 2 0.838 1 0.867 0 0.578 4 0.839 9

BP 0.512 7 0.943 8 0.905 7 0.975 5 0.596 1 0.816 5

CBN 0.611 4 0.915 2 0.902 1 0.969 8 0.601 3 0.824 1

60% IFBN 0.667 8 0.934 2 0.923 1 0.929 1 0.654 7 0.982 7
CSI 0.585 9 0.716 4 0.793 6 0.860 2 0.517 0 0.768 0

BP 0.618 3 0.883 2 0.826 5 0.973 8 0.574 4 0.798 3

CBN 0.609 7 0.892 1 0.799 8 0.976 1 0.584 2 0.801 1

         Note: The bold numbers are the results obtained by proposed model.

Table 7.   The Maximum and averaged length of the consecutive missing data for each variable at different missing rate
Missing rate Statistics length WD SST SLP SAL RH DEN

40% maximum/d 4.00 5.00 4.00 4.00 4.00 3.00

average/d 1.59 1.92 1.78 1.78 1.48 1.32

50% maximum/d 6.00 5.00 7.00 7.00 6.00 7.00

average/d 2.32 2.46 3.56 3.91 3.64 2.98

60% maximum/d 8.00 8.00 7.00 9.00 8.00 9.00

average/d 3.78 5.23 4.16 5.35 4.62 5.01
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Fig. 6.   R of each model with different length of consecutive miss-
ing data.
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Fig. 7.   MRE of each model with different length of consecutive
missing data.

Table 8.   The imformation of new experiment data
Position name Peried Latitude-longitude coordinate

A Jan. 1, 2013 to Jun. 30, 2015 5°N, 110°W

B Apr. 1, 2009 to Jul. 31, 2012 12°N, 70°W

C May 1, 2010 to Jan. 31, 2013 15°S, 90°E

Table 9.   Comparative analysis of interpolation results with different model in Position A
Evaluation indicator Interpolation model WD SST SLP SAL RH DEN

MRE IFBN 0.167 7 0.036 5 0.037 9 0.027 1 0.134 4 0.028 7
CSI 0.245 8 0.065 4 0.093 9 0.042 3 0.229 1 0.062 1

BP 0.191 5 0.056 4 0.041 2 0.035 9 0.179 9 0.038 1

TIC IFBN 0.140 9 0.002 6 0.002 2 0.000 5 0.023 9 0.002 7
CSI 0.179 4 0.005 8 0.004 3 0.004 4 0.075 2 0.014 3

BP 0.147 6 0.003 2 0.003 1 0.002 6 0.049 5 0.009 8

R IFBN 0.618 6 0.968 8 0.960 2 0.950 8 0.633 3 0.910 3
CSI 0.582 7 0.923 8 0.835 7 0.865 5 0.514 4 0.736 5

BP 0.601 2 0.946 9 0.908 1 0.917 1 0.577 1 0.819 9

         Note: The bold numbers are the results obtained by proposed model.

Table 10.   Comparative analysis of interpolation results with different model in Position B
Evaluation indicator Interpolation model WD SST SLP SAL RH DEN

MRE IFBN 0.169 8 0.031 8 0.040 0 0.025 5 0.134 9 0.027 2
CSI 0.241 1 0.064 8 0.096 4 0.043 2 0.225 5 0.059 1

BP 0.189 3 0.055 2 0.039 0 0.033 1 0.176 4 0.035 6

TIC IFBN 0.136 4 0.005 3 0.002 1 0.000 3 0.021 5 0.003 9
CSI 0.175 4 0.008 8 0.005 9 0.002 0 0.078 6 0.014 0

BP 0.150 8 0.003 1 0.002 9 0.002 7 0.047 0 0.008 3

R IFBN 0.620 5 0.968 7 0.956 4 0.952 8 0.636 4 0.913 6
CSI 0.580 9 0.923 3 0.835 7 0.869 4 0.511 8 0.737 4

BP 0.605 7 0.948 4 0.912 7 0.921 7 0.581 4 0.820 4

         Note: The bold numbers are the results obtained by proposed model.
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5  Discussion and conclusions
The above interpolation experiments show that IFBN has

great interpolation accuracy and stability. Compared with the
classical regression-based interpolation method represented by
CSI, IFBN takes full advantage of correlations among related vari-
ables. It places all related variables in a causal network for inter-
polation and information of all variables are complementary.
Therefore, the performance of IFBN is less affected by the miss-
ing rate of data loss. Compared with the ML-based interpolation
method represented by BP neural network, IFBN can clearly ex-
press causal relationships among variables in the form of prob-
ability distribution, rather than establishing an opaque mapping
between input and output (so-called “black box”) in BP. The
causal relationship from data mining ensures the high accuracy
of data interpolation.

Most importantly, whether regression-based interpolation
models or ML algorithms, only single variable’s time series can
be interpolated with once model application. It is necessary to
process six time series one by one and synchronous interpola-
tion of multivariate time series is impossible. However, the prob-
lem will be handled in our proposed IFBN. Missing data of all
ocean variables in the BN can be interpolated with only once
model training. The nondirectional inference mechanism of BN
avoids model retraining though the interpolation variable is dif-
ferent. The innovation of our proposed interpolation model for
multiple ocean variables refers to: (1) mine interrelationships
among variables with a visual network instead of a “black box”,
and quantitatively express the relationships with the probability
distribution; (2) achieve the synchronous interpolation of mul-
tivariate time series efficiently through network reasoning, which
avoids retraining model with the change of interpolative objects.

SST SLP SAL DEN

RH WD

It can be seen from our interpolation experiments that inter-
polating effect of six ocean variables are different. The interpolat-
ing results of , ,  and  are better, while the inter-
polation result of  is poor and  is the worst. That may be
caused by structural learning and parameter learning of BN. The
structure and parameters of IFBN will be optimized in sub-
sequent studies. In addition, IFBN is lacking in use of informa-
tion about time series itself, and a dynamic Bayesian network will
be introduced for time series interpolation.
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Fig. A1.   Interpolation results with the data missing rate of 50%: WD (a), SST (b), SLP (c), SAL (d), RH (e), DEN (f).
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Fig. A2.   Interpolation results with the data missing rate of 60%: WD (a), SST (b), SLP (c), SAL (d), RH (e), DEN (f).

262 Li Ming et al. Acta Oceanol. Sin., 2021, Vol. 40, No. 7, P. 249–262  


	1 Introduction
	2 Basic theory
	2.1 Bayesian network
	2.2 Information flow

	3 Construction of IFBN
	3.1 Time series preprocessing
	3.2 Structural learning
	3.3 Parameter learning
	3.4 Reasoning and interpolation

	4 Time series interpolation experiment of multiple ocean variables
	4.1 Data introduction
	4.2 IFBN training
	4.3 Interpolation results of time series

	5 Discussion and conclusions

