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Abstract  Numerical models and correct predictions are important for marine forecasting, but the forecasting results are often un-
able to satisfy the requirements of operational wave forecasting. Because bias between the predictions of numerical models and the 
actual sea state has been observed, predictions can only be released after correction by forecasters. This paper proposes a spatiotem-
poral interactive processing bias correction method to correct numerical prediction fields applied to the production and release of 
operational ocean wave forecasting products. The proposed method combines the advantages of numerical models and Forecast Dis-
cussion; specifically, it integrates subjective and objective information to achieve interactive spatiotemporal corrections for numerical 
prediction. The method corrects the single-time numerical prediction field in space by spatial interpolation and sub-zone numerical 
analyses using numerical model grid data in combination with real-time observations and the artificial judgment of forecasters to 
achieve numerical prediction accuracy. The difference between the original numerical prediction field and the spatial correction field 
is interpolated to an adjacent time series by successive correction analysis, thereby achieving highly efficient correction for multi- 

time forecasting fields. In this paper, the significant wave height forecasts from the European Centre for Medium-Range Weather 
Forecasts are used as background field for forecasting correction and analysis. Results indicate that the proposed method has good 
application potential for the bias correction of numerical predictions under different sea states. The method takes into account spatial 
correlations for the numerical prediction field and the time series development of the numerical model to correct numerical predic-
tions efficiently. 
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1 Introduction 
Accurate information from marine numerical prediction 

is important to prevent and mitigate marine disasters and 
develop offshore engineering infrastructure. Marine nu-
merical predictions to forecast future wind, SST, waves, 
and other variables are achieved through numerical mod-
eling and observation of the actual conditions of the at-
mosphere and sea (Schulze, 2007; Pan et al., 2019). How-
ever, the results of numerical prediction are often quite 
different from the true sea state. Uncertainties always exist 
during numerical prediction because of errors associated 
with the numerical model and initial values used and the 
chaotic nature of atmospheric flow (Mass et al., 2002; Hart 
et al., 2004; Krishnamurti et al., 2004; Zhang and Pu, 2010; 
Wu et al., 2013; Chu et al., 2016). The bias of numerical 
prediction could directly affect the accuracy of marine fore- 
casts. Therefore, improving refined marine forecasting  
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ability by correcting the bias of numerical predictions effi-
ciently and enhancing the interpretability and applications 
of numerical models is of great importance. 

Scholars at home and abroad have conducted numerous 
studies to improve the accuracy of numerical prediction 
and achieved remarkable results. Epstein and Leith first pro-    
posed the concept of ensemble forecasting, which changed 
the nature of forecasting from single-value certainty the-
ory to multi-value probability theory, by assessing the in-
fluence of initial atmospheric values and uncertainties of 
numerical models on the forecasting results; the authors’ 
findings demonstrated good conformity with the reality of 
meteorological science and provided a new perspective 
for the development of other forecasting operations (Ep-
stein, 1969; Leith, 1974). The development of statistical 
post-processing, data assimilation, and ocean observations 
has also provided accurate and reliable forecasts for ma-
rine decision-making (Cui et al., 2011; Bourgin et al., 2014; 
Guan et al., 2015; Chen et al., 2019; Bannister et al., 2020). 
Wang et al. (2018) proposed a prediction- correcting frame-   
work by using a residual single hidden- layer feed forward  
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neural network that could effectively correct the predicted 
consequences of significant wave heights in numerical 
models. Durai and Bhradwaj (2014) proposed four statis-
tical bias correction methods, including running-mean bias 
correction, best easy systematic estimator, simple linear 
regression, and the nearest neighborhood weighted mean, 
for numerical prediction forecasts of maximum and mini- 
mum temperatures. Duan et al. (2017) proposed a new 
method of automatic model correction that could mini-
mize the difference between predictions and observations 
by adjusting the parameters of the numerical weather pre-
diction model. What greatly improves the accuracy of 
prediction is that the objective bias correction of numeri-
cal prediction results and the development of empirical 
methods can reduce the influence of model errors on pre-
diction. Recent developments in the related technologies 
have enabled the construction of numerical models that 
are quite refined, with longer forecasting times and more 
objective forecasting results. However, errors in the ac-
curacy of the numerical model due to the uncertainty of 
the model and the observed data are constantly noted (Hu 
et al., 2014). For example, using the results of numerical 
prediction to predict significant wave heights may not be 
effective because the physical mechanism of ocean waves 
is fairly complex (Wang et al., 2018; Liu et al., 2019; Yang 
et al., 2019a; Chattopadhyay et al., 2020). Thus, fore-
casters are still indispensable in current wave forecasting 
activities.  

The ocean is a highly complex and nonlinear dynamic 
system. Some limits to the predictability of the ocean exist 
(Wang et al., 2014). Manual prediction cannot be com-
pletely replaced by numerical prediction because fore-
casters must conduct a final check on numerical predic-
tion products. Manual prediction corrects the results of 
marine prediction according to numerical predictions us-
ing manual experience and real-time observations to de-
termine the trends of sea states. Manual correction relies 
on forecasters’ historical experience of the accuracy of 
numerical forecasts and scientific analysis of changes in 
weather processes, especially for specific sea areas and 
ocean elements. Marine forecasting is developing toward 
intelligent gridded forecasting with refined contents and 
seamless space-time relations (World Meteorological Or-
ganization, 2015; Jin et al., 2019). Combining the experi-
ence of forecasters with numerical predictions is a current 
trend. High-quality numerical prediction products can be 
used to revise intelligent gridded forecasting methods and 
interpret interactive prediction platforms, which can be 
combined with ocean observations and the experience of 
forecasters to improve prediction accuracy (Du et al., 
2013). 

The use of the appropriate correction method is key to 
ensure the efficiency and accuracy of prediction correc-
tion, and an intelligent interactive platform is a prerequi-
site for forecasters to make manual corrections. The Ad-
vanced Weather Interactive Processing System developed 
by the National Weather Service uses the Graphical Fore-
cast Editor to implement gridded forecasting editing via 

human-computer interaction, thereby allowing forecasters 
to modify the forecast value of each element directly us-
ing rich graphical tools (American Meteorological Soci-
ety, 2002; Mass, 2003). The correction method provided 
by the system is intuitive and easy to understand. How-
ever, during actual implementation, the workload of fore- 
casters is extremely heavy; thus, the method is generally 
used for the detailed correction of sensitive weather ele-
ments. The Meteorological Information Comprehensive 
Analysis and Processing System is an intelligent gridded 
forecasting platform developed by the National Meteoro-
logical Centre of China. It realizes single-point and re-
gional editing and modification of the original grid field 
and retrieves the deformation results of the isoline back to 
the grid field to correct the forecasting field (Gao et al., 
2014; He et al., 2018). The system meets the correction 
requirements of a single field and a single time for the 
forecasting field via the diversity method, but it does not 
consider the correlations of spatiotemporal data. Thus, 
this system is unable to analyze the continuity of fore-
casting elements in the time dimension. Further develop-
ment of the operational level of marine predictions with 
the continuous upgrade of marine forecasts is necessary, 
and the selected forecasting platform must provide re-
fined gridded forecast production. At present, research on 
intelligent gridded forecast correction is scarce. The tradi-
tional forecast correction method mainly focuses on the 
forecast correction of observation stations and seldom 
takes into account the correlation between the time series 
of forecast fields; thus, satisfying the requirements of cur-
rent wave forecasting is challenging (Yang et al., 2019b). 

Forecasters can effectively overcome the scientific prob- 
lems of objective forecasting by finding defects and then 
constantly improving the forecasting level, thus support-
ing the further development of subjective and objective 
fusion forecasting products. Aiming to address the de-
mands of operational wave forecasting correction and pro- 
duct release, this paper carries out research on grid fore-
cast correction algorithms and technologies by making 
full use of the advantages of forecasters in marine fore-
casting. This paper develops a forecast correction tech-
nology based on the subjective and objective fusion of the 
grid data of numerical prediction and the forecasting ex-
perience of forecasters to realize the simple and efficient 
correction of objective forecasting bias. By analyzing the 
spatiotemporal correlations of the numerical wave model, 
this paper proposes a spatiotemporal interactive process-
ing forecast bias correction method based on subjective 
and objective fusion to improve the efficiency of fore-
casting correction. This method combines the advantages 
of numerical prediction and Forecast Discussion. In Fore-
cast Discussion, forecasters construct forecasting conclu-
sions after discussing the development of future weather 
and its basis when making weather forecasts. This ap-
proach provides an efficient means to input manual ex-
perience into the computer to realize automatic correction. 
First, the spatial trend is adjusted by spatial interpolation 
of the spline with barriers based on results of the Forecast  
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Discussion. Then, statistical analysis and spatial process-
ing are conducted by analyzing the spatial correlation of 
grid data in the interpolation field and its adjacent regions 
to achieve coordination and consistency in the forecast 
field. Finally, the correction results of the spatial field are 
interpolated to the adjacent numerical prediction field by 
successive correction analysis. The proposed method is 
subsequently applied to the actual bias correction of sig-
nificant wave height predictions for marine waves from 
the European Centre for Medium-Range Weather Forecasts 
(ECMWF). This method is mainly applied to the produc-
tion and release of daily operational wave forecasting 
products after Forecast Discussion. The forecasting results 
obtained in this manner may be expected to be more rea-
sonable and accurate. The proposed method can compen-
sate for the disadvantages of numerical models in opera-
tional forecasting by combining the experience of fore- 
casters to correct numerical predictions and develop sub-
jective and objective fusion forecast correction technol-
ogy. Forecasters especially have advantages on correctly 
judging the process of marine waves and correcting the re- 
sults of numerical prediction under extreme-causing weath- 
er patterns. 

2 Materials and Processing Method 
2.1 Research Area and Materials 

The prediction data used in this paper are the signifi-
cant wave height predictions of numerical models ob-
tained from the ECMWF. The range of the wave field in 
the Yellow and Bohai Seas selected for model analysis is 
33.69˚N–40.94˚N, 117.41˚E–127.36˚E, as shown in Fig.1. 
The spatial resolution of the numerical model is 0.25˚× 

0.25˚, and the useful forecasting time can reach 240 h. 
The time resolution of the forecast data ranging from 0 h 
to 72 h is 3 h, while that of data ranging from 72 h to 240 h 
is 6 h. The daily start time of the forecast is 20:00 (Beijing 
time, the same below). Fig.1 shows the distribution of 
buoy stations in the Yellow and Bohai Sea areas. A total 
of 10 buoy stations are selected as observation points to  

 

Fig.1 Study area and buoy distribution. 

verify the applicability of wave forecasting data correc-
tion, and the number of buoys in each region is shown in 
Table 1. This paper selects 24-h forecasting data (the time 
range is shown in Table 2) and the buoy station observa-
tion data for analysis and correction. The weather condi-
tions on November 17–18, 2019, include cold air and 
cyclone. 

Table 1 Number of buoys in each region 

Region Number 

A 2 
B 2 
C 1 
D 3 
E 2 

Table 2 Data time range 

No. Start time End time 

1 20:00 on Nov. 17, 2019 20:00 on Nov. 18, 2019 
2 20:00 on Mar. 4, 2020 20:00 on Mar. 4, 2020 

2.2 Data Preprocessing 

The data from numerical models must be converted into 
vector and raster data that are easier to process, thus pro-
viding basic data for human-computer interaction predic-
tion. The spatiotemporal interpolation algorithm is simul-
taneously used to improve the resolution of the forecast-
ing data to satisfy the requirements of the experiment. 

The resolution of numerical models may be improved 
by spatiotemporal downscaling for refined gridded fore-
casting (Ben Alaya et al., 2015; Tang and Bassill, 2018). 
The numerical prediction field (NPF) is resampled by 
bilinear interpolation to improve spatial resolution (Goyal 
et al., 2018). Time series interpolation is used to interpo-
late the intermediate time data (interval, 1 h) to improve 
the temporal resolution. When an obvious bias is ob-
served between the numerical forecasting results and the 
sea state, the forecaster corrects the former at a specified 
time by adjusting the isoline trend and combining spatio-
temporal interpolation. The required data are divided into 
two types: the raster data of NPF and the vector data of 
the isoline. 

The numerical prediction data must be preprocessed 
before application. First, the numerical prediction gridded 
values in the study area are loaded, the raster dataset is 
created, and the unit values are written to obtain the origi-
nal-resolution NPF data. NPF data with a resolution of 
0.025˚×0.025˚ are obtained by bilinear interpolation to 
produce the original-resolution NPF raster data. Then, NPF 
data with a temporal resolution of 1 h are obtained by time 
series interpolation. Finally, the vector data of the isoline 
are extracted and processed on the basis of the numerical 
predicted field raster data after specifying the starting 
isoline and isoline spacing. The isoline processing meth-
ods include, among others, curve simplification, smooth-
ing, topological intersection processing, and elimination of 
lines that do not meet the requirements. 

The bilinear interpolation algorithm uses the weighted 
average of the values of the four nearest grid points on the 
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original grid to obtain a new value of the output unit (Li 
and Liu, 2018; Rukundo and Schmidt, 2018). The result-
ing grid surface is smoother and has good continuity. The 
bilinear interpolation of regular grid data improves the 
spatial resolution and quality of the extracted isoline data. 
The curve is smoother and no obvious sharp occurs at 
breakpoints. 

The forecasting time of the ECMWF numerical model 
data used in this paper from 0 to 72 h, whose time interval 
is 3 h. The prediction field data at adjacent moments are 
used to interpolate the missing forecasting time and im-
prove the temporal resolution of the data. The equation of 
time series interpolation is as follows. 

2 1
1 2

2 1 2 1

( ) ( )ij ij ij
t t t t

Z Z t Z t
t t t t

 
   

 
,      (1) 

where Zij(t) represents the estimated grid points of the 
interpolation field in row i and column j at time t, t1 and t2 
are the time values of prediction fields adjacent to the 
interpolation time t, and Zij(t1) and Zij(t2) represent the 
grid point prediction values of the corresponding grid 
field in row i and column j at time t1 and t2, respectively. 

The experimental data are preprocessed as follows; here, 
the practical application demands of daily forecasts of 
significant wave heights are taken as an example. Bilinear 
and time series interpolations are applied to the NPF in 
space and time to obtain forecast data with a spatial reso-
lution of 0.025˚×0.025˚ and a time resolution of 1 h. The 
method improves the spatiotemporal resolution of the grid 
data and meets the requirements of operational forecast-
ing. Fig.2 shows a rendering of the NPF before and after 
bilinear interpolation at 20:00 on March 4. The grid spac-
ing is reduced by bilinear interpolation, and the visual 
impression of the raster map is smoother after interpola-
tion. As shown in Fig.3, the bilinear interpolation of the 
wave field can improve the spatial resolution and has 
little effect on the accuracy of the forecasting data. The 
isoline data of significant wave heights are then extracted 
at 0.5 m intervals using the NPF with a spatial resolution 
of 0.025˚×0.025˚; here, the value of the initial isoline is 0 

m. The isoline data are superimposed as a layer and dis-
played above the raster layer in the operational applica-
tions of prediction correction. Furthermore, the numerical 
prediction results are analyzed via manual correction based 
on the trend of isoline data.

 

Fig.2 Results of bilinear interpolation. 

 

Fig.3 Accuracy analysis of bilinear interpolation. 

3 Spatiotemporal Interactive Correction 
3.1 Overview 

The interactive process of the proposed correction me- 

thod is mainly reflected in the forecaster’s judgment of 
the overall trend of the wave forecasting process and the 
setting of the influence weight of the time series. The 
single-time numerical prediction field is corrected on the 
basis of the spatial correlation of marine wave forecasts 
by editing the trend of isolines, including human- computer 
interaction, spatial interpolation, and sub-zone statistical 
analysis. Numerical predictions are generally accurate in 
time trends. Therefore, this paper proposes a time series 
prediction correction method to correct temporal forecasts 
with the aim of maintaining the temporal development 
trend of the original numerical models to improve the effi-
ciency of forecast correction. The time series prediction 
correction method sets the influence radius considering 
the wave forecast process to expand the spatial correction 
results to the adjacent time prediction by successive cor-
rection analysis. Finally, multi-time spatiotemporal fore-
casting data correction is completed, as shown in Fig.4.
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Fig.4 Spatiotemporal interactive correction. 

3.2 Spatial Prediction Correction 

3.2.1 Overview of the correction process 

The spatial prediction correction method proposed in this 
paper involves spatial interpolation and sub-zone numerical 
analysis. In the actual operational task, the raster data of 
the NPF are rendered according to the specified interval, 
and the corresponding time vector data of isoline is dis-
played as a layer overlay above the raster data. The NPF 
matches the isoline data, as shown in Fig.5. First, the iso- 
line trend was adjusted by editing nodes or adding, deleting, 
and moving isoline when an obvious bias between the 
numerical and manual prediction results is found. Then, the 
control points of the isoline are used as input points for 
spatial interpolation to obtain the spatial interpolation field 
considering manual intervention (SIFCMI). Fig.6 shows 
the spatial distribution of control points extracted from the 
isoline shown in Fig.5. The smooth grid surface, which is 
obtained by using splines with barriers for spatial inter-
polation, can simulate the spatial numerical distribution of 
marine elements to a certain extent. However, given the 

 

Fig.5 Vector and raster data. 

 

Fig.6 Spatial distribution of control points. 

sparse isoline distribution, the effect of regional interpo-
lation is relatively poor. Thus, sub-zone numerical analy-
sis is necessary to correct outliers in the interpolation 
field due to the influence of the interpolation algorithm 
and the spatial distribution of control points. 

Sub-zone numerical analysis correction is performed to 
correct regional outliers and enhance the coordination and 
consistency of spatial data. First, the SIFCMI is partitioned 
through the isoline. The partitioned area is then divided 
into large and small correction areas for separate process-
ing according to the spatial relationship between the SIF- 
CMI and the isoline. The large correction area refers to a 
field area bounded by the editing isoline; the boundary 
isoline that makes up the small correction area is not ad-
justed by manual trending. The small correction area is 
adjusted in terms of the overall trend by the difference 
between the NPF and spatial interpolation field (SIF), and 
the large correction area is analyzed on the basis of the 
outliers. The SIF refers to the interpolation field obtained 
by directly extracting and interpolating the control points 
of the original isoline using spline interpolation with bar-
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riers. After processing these two areas, regional numerical 
statistical analysis is performed to ensure that the values 
of each region are distributed within the same range. Spa-
tial interpolation is combined with sub-zone numerical 

analysis correction to obtain the spatial prediction correc-
tion field (SPCF) and realizes the correction of single- 

time numerical model prediction results. The detailed 
process is shown in Fig.7.

 

Fig.7 Spatial prediction correction. 

3.2.2 Spatial interpolation correction 

Spatial interpolation is a method of transforming dis-
crete and irregular observation data into regular grid data. 
Common spatial interpolation methods for meteorological 
elements include the Kriging method, the inverse distance 
weighted (IDW) method, spline interpolation, polynomial 
interpolation, Cressman objective analysis, and the De-
launay triangulated method (Irmak et al., 2010; Liu et al., 
2011; Yu et al., 2017; Fei, 2018). Spatial interpolation 
methods for different spatial variables generally differ, 
and the effect of the same interpolation method is relative 
even for the same spatial elements because of the influ-
ence of geographical distribution and space-time scale 
(Zhang et al., 2015; Susanto et al., 2016). In other words, 
the optimal interpolation method does not exist. There-
fore, using the appropriate spatial interpolation method is 
key to ensure the effect of spatial interpolation. 

In this paper, the control points from the isoline were 
input into the interpolation function in which the bound-
ary line features of the study area were considered barri-
ers to construct the SIFCMI through spline interpolation 
with barriers and simulate the spatial numerical distribu-
tion of the marine prediction field. The spline method mini- 
mizes the total surface curvature used to estimate the cam-
ber value, which fits a continuous smooth surface through 
discrete point data. The expression for the interpolation of 
the spline function is as follows (Li et al., 2010): 

1

( , ) ( ) ( , )
n

i i
i

Z x y a R d T x y


  ,         (2) 

2 2( ) ( )i i id x x y y    ,          (3) 

where Z(x, y) is the estimated value of the interpolation 
feature, n is the number of discrete points involved in 
interpolation, ai refers to coefficients found by the solu-
tion of the linear system of equations, and di is the dis-
tance from point (x, y) to the known point i. R(di) and T(x, 
y) are described in Eqs. (4) and (5): 

2
2

0ln 1 ln
4 2 2π

( )
2π

i i i i

i

d d d d
c k c

R d


 

                             , 

(4) 

1 2 3( , )T x y f f x f y   .           (5) 

In Eq. (4),  
2 is the weight coefficient, which defines the 

weight of the third derivatives of the surface in the cur-
vature minimization expression. The higher the weight, 
the smoother the output surface. The values entered for 
this parameter must be equal to or greater than zero. The 
typical values that may be used are 0, 0.001, 0.01, 0.1, 
and 0.5. k0 is the modified Bessel function, and c is a con-
stant. In Eq. (5), fi are coefficients found by the solution 
of the linear system of equations. 

The correlation coefficients f1, f2, f3, and ai are deter-
mined by the following linear system of equations: 

1 2 3
1

( )
n

i i i
i

a R d f f x f y v


    ,         (6) 
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0
n
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i

a x


 ,                (8) 

1

0
n

i i
i

a y


 ,                (9) 

where vi is the value of the control point. The calculation 
of coefficients requires the simultaneous solution of Eqs. 
(6) – (9). 

This paper compares spline interpolation with barriers 
with kriging interpolation and IDW according to the dis-
crete points shown in Fig.6. As shown in Fig.8, the inter-
polation results of the kriging and IDW methods are quite 
different from the original forecast field in the closed area 
of the isoline. The two methods cannot simulate the nu-
merical distribution trend of the original gridded field. In 
operational applications, the interpolation results must 
retain the distribution characteristics of each zone to sat-
isfy the requirements of sub-zone forecasting correction. 
Therefore, this paper used spline interpolation with barri-
ers to simulate the numerical prediction field in the spatial 

correction process. 
Spline interpolation with barriers applies a minimum 

curvature method that takes into account the input point 
data encoded in barriers and surface discontinuities dur-
ing surface fitting by the spline function (Terzopoulos, 
1988; Smith and Wessel, 1990; Zoraster, 2003; Briggs, 
2012). Some sample points that are closer in space show a 
strong correlation when interpolating an irregular research 
area. However, these points may not actually be related to 
each other when the influence of many factors in the ac-
tual situation is considered. For example, the same marine 
elements affected by topographic factors may be inde-
pendent or different on the left and right sides of the land 
when the adjacent sea area is spatially divided by land. 
When combined with the analysis of the actual terrain, 
the addition of barriers can effectively solve the problem 
where the sample points are adjacent in space but have no 
spatial correlation during the interpolation process, thereby 
improving the interpolation effect. In particular, this paper 
sets the boundary of the study area as obstacle elements 
to avoid the influence of terrain factors on spatial inter-
polation. Through the above analysis, spline interpolation 
with barriers can better simulate the sea state distribution 
characteristics of the study area. 

 

Fig.8 Comparison of different interpolation methods.

3.2.3 Sub-zone numerical analysis 

The spatial interpolation correction method produces a 
new spatial field according to the spatial distribution of 
the isoline; this field is able to reflect the spatial distribu-
tion of marine elements to a certain extent. However, the 
interpolation method cannot completely explain the actual 
ocean conditions and the physical laws of ocean elements, 
thus featuring a certain degree of uncertainty. In addition, 
the accuracy of spatial interpolation is influenced by fac-
tors, such as the appropriate number of interpolation points 
and the uniform distribution of control points. This paper 
proposes a method to improve the interpolation accuracy 
and render the numerical distribution of the SIFCMI more 
in line with the sea state of marine elements. Specifically, 
the difference field between the SIF and NPF is used to 
conduct numerical statistical analysis of the SIFCMI. 

First, the SIFCMI was divided into areas with bounda-

ries composed of the isoline or the boundary lines of the 
study area. The region adjacent to the artificially adjusted 
isoline is then defined as the large correction area, the 
spatial field of which is greatly affected by spatial inter-
polation correction values when the isoline trend is ad-
justed according to the topological relationship between 
the isoline and each regional surface. The other areas are 
small correction areas with space fields that are relatively 
less affected by the spatial interpolation correction values. 
The isoline comprising the large correction area boundary 
is inconsistent with the original isoline in terms of spatial 
distribution after the trend is adjusted manually, thereby 
resulting in a low correlation between the interpolation 
results and NPF. Because the isoline of the small correc-
tion area is not adjusted manually, the distribution of the 
extracted control points is consistent with the correspond-
ing gridded data of the NPF, and an obvious correlation 
between the SIF and NPF in the numerical distribution 
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may be observed. 
The numerical forecast field has obvious correlation be-

fore and after correction; thus, trend adjustment and outlier 
treatment were used to adjust the regional values of the 
SIFCMI. The spatial field in the small correction area is 
only slightly affected by isoline trend adjustment in which 
the boundary isoline was not manually adjusted, thereby 
indicating that the spatial numerical distribution in this 
area is consistent with the actual distribution of marine 
elements after analysis by forecasters. However, the bias 
between the SIF and NPF is observed in the small correc-
tion area because an accurate understanding of the actual 
forecast correction needs cannot be achieved by any spa-
tial interpolation method. The bias mainly refers to the 
influence when the spatial field changes in the surround-
ing area. If the bias is beyond a specified tolerance, the 
spatial interpolation method is considered unreasonable 
for the estimation of spatial values in this area. According 
to the above analysis, the overall trend correction of the 
SIFCMI is conducted using the correlation between the 
SIF and NPF. The spatial field takes into account the nu-
merical influence caused by the variation of the sur-
rounding regional field and the rationality of the numeri-
cal prediction results. The correction equation of the small 
correction area is as follows. 

0 1T SIF D l    ,              (10) 

where T' is the result of the spatial correction, D0 repre-
sents the difference field between the NPF and SIF, and l1 
is the correction coefficient. The expressions of D0 and l1 
are as follows. 

0 =D SIF  ,               (11) 
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where D represents the difference field between the NPF 
and SIFCMI, Dmax and Dmin respectively represent the 
maximum and minimum values of the difference field D 
in the correction area, (D0)ij represents the value of D0 in 
row i and column j of the corresponding spatial position 
when the difference field D takes the maximum or mini-
mum value, and ij and Tij are the gridded values on the 
specified row and column number. 

The spatial field of the large correction area corresponds 
better to the sea state distribution after manual adjustment. 
However, outliers due to the influence of the spatial in-
terpolation algorithm and spatial distribution of sample 
points are also observed. The method of judging outliers 
is as follows. First, the numerical range of the SIFCMI is 
divided by the value and distribution of the isoline. Then,  

all gridded values in the large correction area are read to 
determine in which interval the gridded values are mainly 
distributed via numerical statistics in the area. The spatial 
characteristics of the region are mainly concentrated in 
this closed interval [a, b], while the values outside the 
interval [a, b] are considered outliers. The outliers are 
determined, and the whole SIFCMI is continuously ana-
lyzed and corrected region by region so that the values of 
each region are consistently in the interval range. The 
outliers are assigned to be the maximum or minimum 
value of the non-abnormal value for the gridded data that 
still do not meet above conditions. Consistency process-
ing of interval values conform to the correlation between 
spatial data and improves the rendering graphics effect of 
the spatial prediction field. 

3.3 Time Series Prediction Correction 

3.3.1 Overview of the correction process 

The spatiotemporal data of significant wave heights 
show strong correlations in space and have obvious time 
series characteristics. When the results of numerical pre-
diction at a certain time are corrected, the spatial fields of 
the adjacent time should be adjusted according to the 
correlation of the time series data and the time develop-
ment trend of numerical model data. However, forecasters 
are unable to correct the forecast field hourly because of 
the requirement of forecast timeliness in the production 
and release of operational ocean wave forecasting prod-
ucts. This paper proposes a multi-field linkage editing 
algorithm for time fields based on the results of spatial 
prediction correction to achieve efficient human-computer 
interaction in the production of forecasting products. The 
method analyzes the continuity of numerical prediction 
results in time by combining the spatiotemporal charac-
teristics of the time series between SPCF and NPF. Then, 
the analysis increment is interpolated to the adjacent time 
series by successive correction analysis (Benjamin and 
Seaman, 1985). Finally, the linkage correction of multi- 

time prediction data is realized with minimal changes to 
the time development trend of the numerical model. In 
this paper, successive correction analysis is applied to the 
temporal interpolation process. The NPF data are taken as 
the initial value field, and the difference between the 
SPCF and the initial value field is used to correct other 
NPF at different times. Then, the difference between the 
new field and corresponding NPF is calculated. The final 
new field is corrected until the corrected field approxi-
mates the spatial correction value considering the time in-
fluence radius. The method considers the correlation of 
the spatiotemporal data and the development trend of the 
numerical wave model to realize the efficient correction 
of the results of the numerical prediction time series with 
small errors; the relevant principle is illustrated in Fig.9. 

3.3.2 Time series prediction correction 

The NPF was used as the background field for succes-
sive correction analysis. First, the time series dataset of 
the NPF [0, 1,···, t,···, T−1] and the spatial dataset of  



AI et al. / J. Ocean Univ. China (Oceanic and Coastal Sea Research) 2022 21:  

 

9

 

Fig.9 Time series prediction correction. 

the SPCF at the adjacent time [I, II,···, k,···, K], where t 
represents the NPF of significant wave height at time t, 0 < t 

 T−1, k is the correction field of spatial prediction at time 
k, and 0 < k  K < T, were loaded. Then, the difference be-
tween the correction field of spatial prediction and the NPF 
was calculated. The time series dataset of the difference 
field [I, II,···, k, ···, K] was obtained, where k represents 
the difference field between the SPCF and the NPF at time 
k. The expression of k is as follows. 

k k k    .                (14) 

The weight influence function Wt, k was set for time se-
ries interpolation. The equation of Wt, k is as follows: 
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,             (15) 

where t represents the time of the NPF, k represents the 
time of the SPCF, dt, k =  t – k  represents the time interval 
between the NPF to be corrected in time and the SPCF, and 
r is the influence radius of interpolation. Specifically, r can 
be calculated according to the actual ocean situation and 
adjusted according to the effect of time series interpolation. 
The weight influence function is brought into the time se-
ries interpolation to obtain the dataset of the time series 
correction field [0', 1',···, t',···, T−1']. The equation for 
interpolation is as follows: 

t t t      ,               (16) 

where t represents the difference between the time series 
correction field and the NPF. The equation of t is as 
follows. 
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t k kk A
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

,              (17) 

where A is the time set of the SPCF. The convergence 
threshold is set; if t is less than this threshold or the cy-
cle reaches a specified number of times, the correction ends. 
If the end condition is not satisfied, the difference field is 
updated to obtain a new sequence, and the cyclic regression 
correction of the NPF continues. The expression for updat-
ing the difference field is as follows. 

,/( )k k t t kr r d        .         (18) 

The spatial variation of the NPF is interpolated to the 
adjacent time series by prediction correction for the time 
series. The proposed method does not change the evolu-
tion law of the numerical mode overall, but the time se-
ries data are changed smoothly during interpolation. More- 
over, the algorithm is efficient and can realize the accu-
rate correction of continuous multi-time prediction data. 

4 Results and Discussion 
4.1 Evaluation Indices 

The prediction of significant wave heights of the ECM- 
WF is analyzed using the above correction method with 
the time ranges shown in Table 2, Nos. 1 and 2. In this 
paper, the data from the ocean buoy stations are taken as 
the observation data. Root mean square errors (RMSEs), 
maximum forecast errors (MFEs), and correlation coeffi-
cients (CORs) are used to measure the applicability of the 
method, the spatial correlation, and the stationarity of 
time series during the correction. The calculation equa-
tions for the above three statistics are as follows. 

2

1

1
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,        (21) 

where Ai represents the prediction value of significant wave 
height,A is the mean of the prediction values, Bi are the 
observation data from the buoy stations, B  represents the 
average value of observations from the buoy stations, and 
N is the total amount of data. 

4.2 Spatiotemporal Prediction Correction 

Interpolation correction of the spatiotemporal data of the 
numerical wave predictions is conducted using historical 
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observations and other supporting materials in combina-
tion with the professional knowledge and experience of 
forecasters. Analysis of the numerical prediction results 
by forecasters reveals obvious bias between the numerical 
predictions and the actual marine conditions at 3:00, 14:00, 
and 20:00 on March 5. First, the isoline trend is adjusted 
to the judgment state. Then, the control points of the isoline 
are extracted for spline interpolation with barriers to ob-
tain the SIFCMI. Thereafter, sub-zone numerical analysis 
of the SIFCMI is carried out region by region. Finally, 
spatial prediction correction of the numerical prediction at 
the corresponding time is completed. Fig.10 shows the 
numerical prediction fields before and after spatial pre-
diction correction and the difference fields obtained at 
3:00 (ai), 14:00 (bi), and 20:00 (ci) on March 5, 2020; 
here, ai is the result before correction, bi is the result after 
correction, and ci = bi – ai. 

The time series data of the NPF are analyzed and cor-
rected using the spatiotemporal correlation of wave data. 
First, the hourly data of NPF from 0 h to 24 h and the data 
of SPCF at three specific times are loaded. Next, the dif-
ference field of the time series is obtained by calculating 
the difference between the SPCF and the corresponding  

NPF. Then, it is analyzed that the spatial distribution state 
and prediction accuracy of the prediction field at the ad-
jacent time in the calculation of weight influence function. 
The interpolation influence radius of 3:00 on March 5 is 
set to 1, and the influence radii of 14:00 and 20:00 are set 
to 8. The weight influence function is subsequently sub-
stituted into the time series interpolation function to per-
form four cyclic corrections. Finally, the difference field 
is updated by successive correction to realize the linkage 
correction of the time series data. 

In a normal wave climate, forecasting correction is used 
to verify the stability of the algorithm and whether a large 
error is caused by manual intervention in the spatial value 
of the forecast field. The results of wave forecasting un-
der special weather conditions are analyzed in this paper 
by taking wave forecasts under cold air and cyclone as an 
example (time range, Table 2, No. 1). Spatial correction 
of the NPF at 8:00 on November 18, 2019, is performed, 
as shown in Fig.11. The influence radius of the interpola-
tion is set to 21 to achieve the linkage editing of the time 
series data during time series interpolation. The radius is 
determined by the forecaster according to the results of 
the Forecast Discussion. 

 

Fig.10 Accuracy analysis of spatial prediction correction in a normal wave climate. 



AI et al. / J. Ocean Univ. China (Oceanic and Coastal Sea Research) 2022 21:  

 

11

 

Fig.11 Accuracy analysis of spatial prediction correction under cold air and cyclone. 

4.3 Discussion 

The gridded point values of the NPF and corresponding 
correction field are extracted according to the position of 
the buoy stations. Then, the RMSE, MFE, and COR be-
tween the prediction values of significant wave height and 
the observations from the buoy stations before and after 
correction are calculated. According to statistical analysis 
in Table 3, the maximum prediction error and RMSE be-
tween the predicted value of the significant wave height 
and the observations from the buoy stations are reduced 

from 0.42 – 0.57 m to 0.21 – 0.22 m after spatial correction 
for the forecasting results at 3:00, 14:00, and 20:00 on 
March 5, 2020. The CORs at these three moments im-
proved after correction compared with those obtained be-
fore correction, especially at 20:00 on March 5; in par-
ticular, COR increased from 0.53 before correction to 
0.97 afterward. This result indicates that the bias correc-
tion results of significant wave height are more consistent 
with the actual marine conditions obtained from the buoys 
compared with the actual observations at 20:00 on March 
5, 2020, as shown in Fig.12.

Table 3 RMSEs, MFEs, and CORs between the significant wave height predictions and buoy station observations 

RMSE (m) MFE (m) COR (m) 
   Time 

Before correction After correction Before correction After correction Before correction After correction

3:00, March 5 0.21 0.13 0.42 0.22 0.96 0.98 
14:00, March 5 0.23 0.11 0.53 0.21 0.85 0.96 
20:00, March 5 0.29 0.16 0.57 0.21 0.53 0.97 

 

 

Fig.12 Accuracy analysis of SPCF. 

Fig.13 and Fig.14 respectively show the time series of 
the RMSEs and MFEs between the significant wave 
height predictions and the buoy observations before and 
after correction (time range, Table 2, No. 2). In Fig.13 
and Fig.14, the RMSEs between the significant wave 
height predictions and the buoy station observations are 
generally small, while the MFEs from the 16th hour to the 
24th hours are between 0.35 and 0.6 m. In this experiment, 
the numerical prediction results of the 7th, 18th, and 24th 
hours (i.e., 3:00, 14:00, and 20:00 on March 5, 2020) are 
corrected in space based on the forecasters’ analysis. The 
linkage correction of the other moments from the 12th 

hour to the 24th hour is corrected by time series predic-
tion correction. The curves in Fig.13 and Fig.14 show that 
the RMSEs and MFEs decreased significantly at multiple 
moments compared with those obtained before correction. 
The influence ranges of ocean observations and spatial 
correction results in time are analyzed during time series 
interpolation, and the influence radius of time interpola-
tion is set. Because the forecasting result at the 7th hour is 
quite different from the manual prediction, the time in-
terpolation influence radius at this moment is set to 1. The 
forecasting results at the 18th and 24th hours and their 
neighboring moments are all quite different from the cor-
responding manual predictions, so the influence radius is 
set to 8 after considering the spatiotemporal correlation of 
the wave data and the interpolation effect. Thus, the auto-
matic correction of the adjacent time series data is real-
ized using the manual correction field. 

In this paper, the spatial distribution characteristics of 
the NPF are completely considered during spatial predic-
tion correction. Spatial interpolation takes isoline control 
points as input points; the isoline is extracted from the 
numerical prediction field, so these control points retain 
the spatial distribution characteristics of the original nu-
merical prediction field. The spline interpolation algo-
rithm also considers the spatial distribution of discrete 
points. Finally, the interpolation results show good stabil- 
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Fig.13 RMSEs of time series prediction correction. 

 

Fig.14 MFEs of time series prediction correction. 

ity, generate only a few outliers, and reflect good spatial 
correlations with the original prediction field. General in-

terpolation methods are easily affected by human inter-
vention in uncorrected sub-regions when the overall wave 
height is low or the isoline distribution is sparse, resulting 
in errors or outliers. Verification of wave height forecasts 
in the absence of special weather confirms the stability of 
the proposed method for bias correction under normal 
weather conditions. The interpolation process is divided 
into two steps: overall estimation and sub-region analysis. 
Overall trend correction in other areas will not cause out-
liers after bias correction is completed. The ECMWF data 
may show local errors near the shore because of the in-
sufficient resolution, as shown by the edges of the differ-
ence fields in Fig.10 and Fig.11. The proposed method is 
mainly applied to large sea areas, and some deficiencies 
during near-shore forecast correction may be observed. 
The larger the wave height in the actual forecast, the 
smaller the proportion of the influence caused by manual 
intervention and the smaller the correction error. Wave 
forecasts obtained under special weather conditions of 
cold air and cyclone are corrected to verify the adaptabil-
ity of this method to different climates, and the develop-
ment trend of the resulting time series is analyzed. Fig.15 
shows the grid point time series at the maximum value of 
the difference field in the buoy stations before and after 
the correction of spatiotemporal prediction (time range, 
Table 2, No. 1). The trend of the grid time series after 
correction is consistent with that of the numerical predic-
tion field before correction. 

 

Fig.15 Grid point time series.

This method achieves close correspondence between the 
forecasting results and the manual forecasts obtained by 
professional knowledge and experience from forecasters 
to correct the forecasting field data. It can also realize the 
efficient correction of the bias of the significant wave 
height numerical model in operational prediction tasks. 
The forecasting effect of the correlation forecasting time 
is significantly improved via the analysis and correction 
of the numerical forecasting results in spatiotemporal di-
mensions. The programing language is used to test the effi-
ciency of the time series interpolation. The calculation time, 
which is influenced by the influence radius of the time 

series interpolation and the computer performance, is in-
consistent, but it can be completed within 10 s. Moreover, 
the correction method of spatial bias for numerical predic-
tion proposed in this paper is easy to operate. The pro-
posed method realizes the linkage correction of time se-
ries on the basis of maintaining the temporal development 
trend of the numerical prediction system, thereby effec-
tively improving the efficiency of prediction correction. 

5 Conclusions 
This paper proposes a spatiotemporal interactive proc-
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essing bias correction method for the numerical predic-
tion of significant wave heights based on the operating 
requirements of ocean wave forecasting by using subjec-
tive and objective fusion technology. The method can 
efficiently correct any gridded point of the spatial field of 
numerical models by spline interpolation with barriers 
and sub-zone numerical analysis, which are carried out to 
address the uncertainty of interpolation results. The SPCF 
was divided into large and small correction areas for out-
lier processing and overall trend adjustment, respectively, 
to ensure the rationality of the spatial interpolation results. 
The spatial prediction correction results were also inter-
polated into the whole or its adjacent time series by suc-
cessive correction analysis to satisfy the requirement of 
timeliness. After correction, the data transition of the time 
series became smooth, and the correction process did not 
affect the overall trend of the forecasting time series in 
the numerical model. 

The correction process and effect of spatiotemporal se-
ries were analyzed by using buoy observations; here, the 
numerical model prediction of significant wave heights 
from the ECMWF was taken as an example. The experi-
ment showed that the proposed method could achieve 
effective correction results and, thus, is applicable for the 
processing of spatiotemporal data in marine wave fore-
casting. Forecasters can edit the spatial prediction field 
through rapid human-computer interaction and correct 
temporal predictions by using the automated algorithm to 
improve the efficiency of manual correction of numerical 
prediction bias. The prediction correction algorithm pro-
posed in this paper can be applied to the production and 
release of operational ocean wave forecasting products to 
enhance the efficiency of human-computer interactive 
processing forecasting bias. 

This paper mainly conducts research on an interactive 
correction algorithm based on the spatiotemporal correla-
tion of numerical model predictions and the experience of 
forecasters. The current algorithm will be improved to re-
fine the level of marine forecasts in future work. Consid-
ering the shortcomings of the current correction method 
for near-shore data, the spatial interpolation algorithm 
will be further combined with the physical laws of ocean 
waves to improve its scientific applicability and rational-
ity. Artificial intelligence methods may also be employed 
to further mine the spatiotemporal nonlinear characteris-
tics of numerical models and achieve the application goal 
of intelligent grid forecasting. The combination of fore-
casters’ experience and artificial intelligence methods can 
compensate for the influence of the uncertainty of nu-
merical forecasting on the accuracy of marine forecasts 
and improve the ability of the latter. 
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