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ABSTRACT

A modified Cressman interpolation method (MCIM) is presented for the routine monitoring data of total

nitrogen (TN) in the Bohai Sea to reduce interpolation errors by decreasing the influence radius and in-

troducing background value. In twin experiments, two prescribed distributions are successfully estimated by

MCIM with lower interpolation errors than the traditional Cressman interpolation method (TCIM) and the

kriging method. In practical experiments, cross validation is applied to evaluate the interpolation results for

four quarters in 2009 and 2010. Practical experimental results show that the interpolation results obtained

with MCIM are greatly improved and can describe the spatial distribution characteristics of TN in the Bohai

Sea with lower mean absolute error than the kriging method.

1. Introduction

Sufficient and accurate pollutant data are essential for

spatial analysis and management of pollution (Jeffrey

et al. 2001). The fact that pollutant data are typically

insufficient, however, makes it difficult to analyze the

environmental problems. In particular, such data may

1) be recorded for discrete periods, not spanning the entire

time period; 2) contain short intermittent periods where

data have not been recorded; 3) contain either system-

atic or random errors (Peck 1997), and 4) contain some

sparsely distributedmonitor stations. Sparse data should

be integrated to obtain regular grid data.

Therefore, spatial interpolation techniques are essential

for estimating biophysical variables for unsampled loca-

tions (Li and Heap 2011). Many interpolation methods

such as inverse distance weighting and kriging in-

terpolation have been widely used in multidisciplinary

subjects (Goodin et al. 1979; Franke 1982; Willmott et al.

1985; Biau et al. 1999; Orùs et al. 2005; Largueche 2006;

Kebaili Bargaoui and Chebbi 2009). They all share the

same general estimation formula as follows:
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where z
_
(x0) is the estimated value of an attribute at the

point of x0, z(xi) is the observed value at sampled point xi,

li is the weight function assigned to each z(xi) value, and

n represents the number of ambient sampled data points

used for the estimation (Webster and Oliver 2001).
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With the increasing application of spatial in-

terpolation methods, there is a growing concern about

their accuracy and precision (Hartkamp et al. 1999).

The kriging and cokriging methods provide a de-

scription of data spatial structure and variance esti-

mation, but they are time consuming and cumbersome

(Kravchenko and Bullock 1999) because both need

inverse-matrix calculations.As a modified inverse

distance weighting method, Cressman interpolation

(Cressman 1959) is flexible and easy to implement.

However, when applied to the datasets with large

distances between grid points, the traditional Cressman

interpolation method (TCIM) should be modified to

reduce interpolation errors (Gu 2003; Kravchenko

2003; Tongsuk and Kanok-Nukulchai 2004; Physick

et al. 2007; Sampson et al. 2013; Huang et al. 2014). In

our study, a modified Cressman interpolation method

(MCIM) is presented to interpolate total nitrogen

(TN) data in the Bohai Sea.

This paper is organized as follows. In section 2 we

introduce the routine monitoring of TN data and the

interpolation methods in the Bohai Sea. Then twin

FIG. 1. Distribution of routine monitoring stations in the Bohai Sea in (a) May 2009, (b) August 2009,

(c) October 2009, and (d) May 2010. The size of the dot is in direct proportion to the value of TN

concentration.

FIG. 2. Two prescribed distributions (mgL21): (a) conical surface distribution and

(b) revolution parabolic surface distribution.
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experiments are carried out in section 3. In section 4

practical experiments are performed in four different

quarters. Section 5 provides the summary and main

conclusions.

2. Data and method

The observation data used in this paper were obtained

from the marine environment monitoring data in the

Bohai Sea and the north Yellow Sea from 2009 to 2010.

Themarine environmentmonitoring is conducted by the

North China Sea Environmental Monitoring Center,

State Oceanic Administration. The monitoring is imple-

mented four times a year: February, May, August, and

October every year. The purpose is to investigate the

temporal/spatial distribution and variation of tempera-

ture, salinity, and various pollution factors in the Bohai

Sea and the north Yellow Sea, to assess and evaluate

the current situation and the variation trend of the ma-

rine environment, and to diagnose the environmental

pollution problems. The monitoring items include pH,

phosphate, nitrate, chemical oxygen demand (COD),

petroleum, and so on.

The routine monitoring stations are shown in Fig. 1, in

which the size of dot is in direct proportion to the value

of TN concentration in several months, such as May

2009, August 2009, October 2009, and May 2010. From

Fig. 1 it can be concluded that stations in the central part

of Bohai Sea are sparsely distributed and that the con-

centrations of TN over there are relatively low, while in

coastal areas there are more stations with much higher

concentrations.

The weight function of Cressman interpolation is

expressed as follows:
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Herein R is the influence radius and ri is the distance

from x0 to the sampling point xi. Conventionally, because

of the sparse distribution of routing monitoring stations,

the influence radius should be large enough to guarantee

that the concentration of TN in each grid is interpolated,

which may increase the interpolation errors in many re-

gions. In the present work, a modified Cressman method

is proposed to reduce the interpolation errors, and the

procedure is implemented as follows.

FIG. 3. Difference between interpolation results withMCIM and

the prescribed distributions in the twin experiments among dif-

ferent influence radii.

TABLE 1. MAEs between interpolation results and prescribed

distributions.

Distribution

MAE (mgL21)

MCIM TCIM Kriging

Kriging with

background value

PD1 0.050 0.187 0.071 0.071

PD2 0.030 0.164 0.069 0.069

FIG. 4. Interpolation results with MCIM in twin experiments (mgL21): (a) PD1and (b) PD2.
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1) Concentrations with low values (#0:1mgL21) in the

central part of the Bohai Sea are averaged as the

background value.

2) The background value is subtracted from all ob-

served concentrations.

3) The aforementioned processed data are used for

traditional Cressman interpolation (the specific in-

fluence radius will be described in section 3).

4) The background value is added to concentrations

calculated by the traditional Cressman method, and

then concentrations in the whole field are obtained.

The TCIM and the kriging method are employed for

comparison. Developed by Matheron (1963), the kriging

method calculates the optimal unbiased estimate at every

interpolated point using the structural properties of the

semivariogram and initial set of data values (David 1977).

In the cokriging method, auxiliary (secondary) variables

are introduced to improve the estimation of primary var-

iables. Because of the lack of auxiliary variables, only the

kriging method is discussed in this paper.

The kriging method is implemented with the help of

the mGstat toolbox (Hansen 2004), with parameters set

as follows:

1) A semivariogram model is specified as the spherical

semivariogrammodel, with a range of 108 and a sill of 18.

2) A universal kriging method is selected, with a poly-

nomial trend for each dimension (direction) set as

one order.

We also introduce the background value in the kriging

method similar to MCIM for comparison in the twin

experiments.

3. Twin experiments

To evaluate the effectiveness of the modified Cressman

interpolation method, two types of distribution, including

the conical surface distribution and the revolution para-

bolic surface distribution, are prescribed according to the

characteristics of pollutant distribution in the Bohai Sea.

Hereafter, the two distributions, which are shown in

Figs. 2a and 2b, will be referred to as PD1 and PD2,

respectively.

In TCIM, the influence radius is set as 1.58 initially. If
there are at least two stations within the influence radius

of a grid, the value of this grid is calculated; otherwise, 0.18
is added to the influence radius. As mentioned by Gandin

(1965) andEddy (1967), the choice ofweight functions and

influence radius depends on the field statistics. Stephens

and Stitt (1970) find that the optimum influence radius

primarily depends upon the average station separation. In

MCIM, since the TN concentration in the central part of

FIG. 5. Interpolation results with TCIM in twin experiments (mgL21): (a) PD1 and (b) PD2.

FIG. 6. Interpolation results with the krigingmethod in twin experiments (mgL21). (a) PD1 and

(b) PD2.
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the Bohai Sea is relatively low with rare routine moni-

toring stations located there, the TN concentration there

can be treated as the background value. Therefore, the

influence radius can be selected relatively small, ranging

from 0.18 to 0.98, which ismuch smaller than that of TCIM,

making it possible to reduce the interpolation errors.

The mean absolute error (MAE) between the observed

and predicted values at sampling points is often used as a

precision indicator of interpolationmethods (Burrough and

McDonnell 1998). The MAE between the interpolation

results withMCIM and the prescribed distributions among

different influence radii is depicted in Fig. 3. It can be de-

duced that the optimum influence radiuswithMCIMvaries

among different distributions. For the conical surface dis-

tribution, the optimum influence radius is 0.48, while for the
revolution parabolic surface distribution it is 0.38.
Table 1 shows the MAE between the interpolation

results and the prescribed distributions. The influence

radius withMCIM is selected as the optimal one as shown

in Fig. 3. From Table 1, it can be deduced that theMCIM

can yield a much better result than TCIM and the kriging

method. Although the background value is introduced in

the kriging method, the interpolation results with the

kriging method are not improved.

Figure 4 shows the interpolation results calculated by

MCIM with the optimum influence radius, and those

with TCIM and kriging are depicted in Figs. 5 and 6,

respectively. With the prescribed distributions de-

picted in Fig. 2 as reference, it can be deduced that

estimation with MCIM is close to the prescribed dis-

tribution, though deviations exist in some regions. The

interpolation results with TCIM present a gradual and

smooth distribution that, however, is incapable of re-

covering the prescribed spatial distributions. The in-

terpolation results with the kriging method present a

similar spatial distribution to the prescribed distributions,

but on the whole the interpolated values are relatively

low and the MAE is relatively large. The spatial distri-

bution of absolute error with MCIM and the kriging

method are depicted in Figs. 7 and 8, respectively. It can

be deduced that the interpolation errors with MCIM are

smaller than those with the kriging method.

4. Practical experiments

As described in section 3, MCIM is an effective method

to recover the prescribed distribution designed in accor-

dance with the characteristics of pollutant distribution in

FIG. 7. Spatial distribution of absolute error with MCIM in twin experiments (mg L21).

(a) PD1and (b) PD2.

FIG. 8. Spatial distribution of absolute error with the kriging method in twin experiments

(mgL21). (a) PD1 and (b) PD2.
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the Bohai Sea. This encourages us to further apply this

method to practical cases in the Bohai Sea.

Cross validation is applied to assess the interpolation

result (Holdaway 1996). In this study, 10-fold cross

validation (Kohavi 1995) is applied. The routine mon-

itoring dataset is randomly split into 10 subsets, of

which each subset is selected as set A in sequence,

while the other data are referred to as set B. Data in set

B are used for interpolation, while the interpolation

results are assessed with the data in set A. The cross

validation is repeated 10 times in each practical ex-

periment. The MAE between the interpolation re-

sults with MCIM and data in set A is depicted in

Fig. 9, in which PE1–PE4 represent the results for

May 2009, August 2009, October 2009, and May 2010,

respectively.

The surface TN data in four quarters in 2009 and

2010 are interpolated to the horizontal grids, with the

same influence radius set in section 3. The in-

terpolation errors for data after interpolation are

given in Table 2, in which PE1–PE4 represent the

results for May 2009, August 2009, October 2009 and

May 2010, respectively. The influence radius with

MCIM in Table 2 is set as the optimal one as shown in

Fig. 9. The interpolation results with MCIM are de-

picted in Fig. 10, and those with TCIM and the kriging

method are depicted in Figs. 11 and 12, respectively.

From Figs. 10–12 and Table 2, the following conclu-

sions can be deduced:

FIG. 9. Difference between interpolation results and data with

MCIM in practical experiments.

TABLE 2. Interpolation errors for test datasets in four quarters in

2009 and 2010.

Quarter

MAE (mgL21)

MCIM TCIM Kriging

PE1 0.115 0.288 0.283

PE2 0.082 0.151 0.190

PE3 0.234 0.301 0.236

PE4 0.037 0.115 0.098

FIG. 10. Interpolation results in four quarters in 2009 and 2010 with MCIM in practical ex-

periments (mg L21): (a) PE1, (b) PE2, (c) PE3, and (d) PE4.
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1) The interpolation results with MCIM present lower

errors than those with TCIM and the krigingmethod.

Taking PE1 as an example, the MAE with MCIM is

0.115mgL21, while those with TCIM and the kriging

method are 0.288 and 0.458mgL21, respectively.

2) The optimum influence radius of MCIM is different

among different quarters. For example, it is 0.28 for
August 2009, while it is 0.38 for October 2009.

3) In spatial pattern analysis, TCIM presents rela-

tively higher concentrations in most regions due

FIG. 11. Interpolation results in four quarters in 2009 and 2010 with TCIM in practical ex-

periments (mgL21): (a) PE1, (b) PE2, (c) PE3, and (d) PE4.

FIG. 12. Interpolation results in four quarters in 2009 and 2010 with the kriging method in

practical experiments (mgL21): (a) PE1, (b) PE2, (c) PE3, and (d) PE4.
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to the overlarge influence radius. The kriging

method presents a smooth distribution with a larger

MAE than MCIM, while MCIM presents a

smaller MAE

5. Conclusions

This paper presents a modified Cressman interpola-

tion method for routine monitoring data of TN in the

Bohai Sea. In this method, the influence radius is de-

creased by introducing background value to reduce

interpolation errors. In twin experiments, two pre-

scribed distributions designed in accordance with

characteristics of pollutant distribution in the Bohai

Sea are successfully recovered using MCIM, in which

MAEs are much lower than those with TCIM and the

kriging method. Therefore, this method can be feasible

and effective in calculating the spatial distribution in

the Bohai Sea.

This study applied 10-fold cross validation (Kohavi

1995; Holdaway 1996) to assess the interpolation result

in practical experiments. Experimental results of sur-

face TN concentration indicate that the interpolation

results with MCIM could accurately capture the spatial

distribution characteristics of TN in the Bohai Sea,

with a much lower MAE than those with TCIM and the

kriging method.
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