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Abstract 
Kriging interpolation is an important geostatistical method, but it is constrained by data. 
In areas with high data density, the interpolation results are reliable, but the farther the 
distance from the control point, the greater the error of the interpolation results. In 
order to further improve the accuracy of interpolation calculation, the mixed density 
probability distribution data prediction method can be used. First, a low-frequency 
model is obtained by interpolating the conventional kriging interpolation method, and 
then the mixed density probability network is trained on the known information such as 
logging geology and other data, and then the trained network is used to predict other 
unknown location data, to get a high frequency model. Finally, the two results are fused 
with high and low frequencies to obtain the final geological model. A near-surface 
modeling test is carried out on a certain work area, and it is proved that the method can 
effectively improve the interpolation accuracy. 
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1. Introduction 

Kriging interpolation method is the core method in geostatistics, which is suitable for solving the 
interpolation problem when there are few control points in the work area. Using spatial correlation to 
assign values to unknown points through known point data, the interpolation results have greater 
uncertainty, especially in areas where known points are sparse, the interpolation results have greater 
errors. The probability distribution can better solve the uncertainty. The hybrid density network that 
combines the advantages of neural network and probability distribution is a better choice to solve the 
uncertainty problem at present. 

Mixed Density Network (MDN) was first proposed by BISHOP et al. [1] and CORNFORD et al. [2]. 
This network not only has the learning ability of neural network, but also has the ability to describe 
uncertain problems with probability distribution. It has been successfully applied to uncertain 
problems. inversion problem. Chen Kuntang et al. [3] and Feng Qian et al. [4] combined BP neural 
network and mixed density network to successfully complete the sea surface wind field inversion, 
which proved the effectiveness of the network. [5] introduced this network into petrophysical 
inversion. Yin Xirong et al.[6] used the network to invert rock physical parameters such as water 
saturation, shale content and porosity by using the shear and longitudinal wave velocity, and tested 
the anti-noise ability of the network to prove the effectiveness of the network for inversion of 
petrophysical parameters. However, there is little research literature on near-surface modeling of 
mixed density networks. 
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2. Method Principle 

2.1 Kriging Interpolation 

Kriging interpolation can be simply expressed as: 

 

         )()()( sssZ                                        (1) 

 

In the formula, s is the point at different positions, which can be artificially represented by the spatial 
coordinates of latitude and longitude; Z(s) is the variable value at s, which can be decomposed into 
the determined trend value )(s  and the autocorrelation random error )(s . The choice of the trend 
value )(s  determines the kriging model and is deterministic. By improving the error part )(s , 
the accuracy of the interpolation result can be better improved. The numerical value of this part can 
be further improved by using a mixed density network (MDN). 

2.2 Mixed Density Network 

A complex signal can be obtained by combining multiple sine or cosine signals of different 
frequencies. In the same way, combining multiple simple probability distributions can also obtain a 
complex probability distribution, that is, a mixed probability distribution model. 

The mathematical model of the mixed density network is derived from the mixed probability 
distribution model. Similar to the BP neural network, the mixed density network generally consists 
of 4 parts: the input layer, the hidden layer, the preprocessing layer and the output layer (Figure 1), 
but the output value of the output layer is not the formation parameters, but a series of and mixed 
Parameter Mixing Density Related to Probability Distribution Models[7]. 

 

 
Figure 1. General network structure of mixed density network 

3. Apply Effects 

Figure 2 is a map of the micro-logging location in a work area. It is required to establish a low-
velocity layer model near the surface underground in the work area through interpolation based on 
the known micro-logging data to complete the static correction of the work area. Loess and gravel 
layers are the main low-velocity zones in the construction area. The interpolation problem that needs 
to be solved this time is known that the density of data points is 1km*1km, and the density of 
substitute interpolation is 25m*25m. It is difficult to obtain interpolation results effectively by using 
conventional interpolation methods. 
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Figure 2. Location map of micro-logging in a work area 

 

Figures 3 and 4 show the loess gravel thickness obtained by kriging interpolation and the loess gravel 
thickness obtained by the mixed density network, respectively. 

 

.  

Kriging Interpolated Loess Thickness          Kriging Interpolated Gravel Thickness 

Figure 3. Kriging Interpolation Results 

 

     
Prediction of Loess Thickness by Mixed Density Network  Prediction of gravel thickness by 

Mixed Density Network 

Figure 4. Prediction result of mixed density network 

 

It can be seen from Figure 3 that the result of kriging interpolation results in serious constraints due 
to too few constraint points. In areas without constraint points, the interpolation results are too smooth, 
and the overall interpolation results are not accurate. Using the mixed probability density network 
prediction greatly increases the reliability of the data distribution. As shown in Figure 4, the high-
frequency information of the data increases significantly, and the loess thickness distribution and 
gravel thickness distribution are consistent with the understanding of underground structures. The 



International Core Journal of Engineering Volume 8 Issue 8, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202208_8(8).0128

 

930 

mixed density network interpolation results are rich in high-frequency information, which effectively 
supplements the problem of too gentle kriging interpolation and serious constraint traces. 

 

    
Loess Thickness (Fusion)      Gravel Thickness (Fusion) 

Figure 5. Model fusion results 

 

The final near-surface low-velocity layer model is obtained by fusing the results obtained in Figures 
3 and 4 with high and low frequencies(Figure5). 

In order to further verify the accuracy of the fusion results, part of the data is selected not to participate 
in the interpolation calculation during interpolation, but is used as verification data, that is, cross-
validation. As shown in Figure 6, it is the analysis result of partial data cross-validation. From the 
data analysis results, it can be seen from the comparison results that the fusion result not only retains 
the relatively stable characteristics of low-frequency quantities of kriging interpolation, but also adds 
high-frequency data effects through the mixed density network. The accuracy of the fusion results is 
significantly higher than that obtained using kriging interpolation alone. 

 

 
Figure 6. Comparison of interpolation effects 

 

Use the near-surface model obtained from the study to perform static correction processing. Figure 7 
shows the effect of applying static correction for a section of the work area without applying static 
correction, applying static correction for elevation, applying static correction for tomography, and 
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applying the static correction in this study. The algorithm in this study is superior to other algorithms 
such as tomographic static correction, which effectively solves the problem of data static correction. 
It also verifies that the kriging interpolation method of mixed density network optimization can 
effectively improve the accuracy of geological models. 

 

 
(a) No correction           (b) Elevation static correction 

 
(c) Chromatographic static correction  (d) Correction for this study 

Figure 7. Comparison of the effects of different static correction methods 

4. Conclusion 

Through the completed research work, it can be known that the near-surface model obtained by the 
fusion of Kriging interpolation and probability density network prediction results can effectively 
improve the static correction problem of the data, indicating that this method is an effective near-
surface modeling. method. 
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