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Abstract: The inverse-distance weighting interpolation is widely used in 3D geological modeling and
directly affects the accuracy of models. With the development of “smart” or “intelligent” geology,
classical inverse-distance weighting interpolation cannot meet the accuracy, reliability, and efficiency
requirements of large-scale 3D geological models in these fields. Although the improved inverse-
distance weighting interpolation can basically meet the requirements of accuracy and reliability,
it cannot meet the requirements of efficiency at the same time. In response to these limitations,
the adaptive inverse-distance weighting interpolation method based on geological attribute spatial
differentiation and geological attribute feature adaptation was proposed. This method takes into
account the spatial differentiation of geological attributes to improve the accuracy and considers
the first-order neighborhood selection strategy to adaptively improve efficiency to meet above
requirements of large-scale geological modeling. The proposed method was applied to an area in
eastern China, and the results of the proposed method, compared to the results of classical inverse-
distance weighting interpolation and improved inverse-distance weighting interpolation, suggest
that the problems encountered above in large-scale geological modeling can be solved with the
proposed method. The method can provide effective support for large-scale 3D geological modeling
in smart geology.

Keywords: 3D geological modeling; spatial differentiation; inverse-distance weighting; data adaptation

1. Introduction

Three-dimensional (3D) geological modeling is an important part of geological re-
search and geological data visualization, as it can vividly reveal information such as the
shape and structure of deep underground geological bodies, providing an important
role for geological exploration, risk assessment, and so on in smart geology. Smart geol-
ogy is characterized by automation and large volumes of data [1], with the form of the
browser/server structure system [2] or online application [3]. Thus, the accuracy and relia-
bility of 3D geological modeling have a direct impact on geology activities in practice. The
inverse-distance weighting interpolation method is the most widely used spatial interpola-
tion method in 3D geological modeling and directly determines the accuracy and reliability
of the 3D geological model [4]. With the vigorous development of smart geology, the
demand for large-scale geological modeling is growing rapidly [2]. Large-scale geological
modeling refers to the establishment of geological models for large-scale research areas that
usually cover hundreds or thousands of square kilometers. The expansion of the modeling
scope has brought many problems because the models must span multiple geological
units, reflect large terrain changes, and include large amounts of data. Therefore, higher
requirements are put forward for the accuracy, reliability, and validity of the geological
model. Since the inverse-distance weighting interpolation method has been proven to
perform well in terms of describing complex geological bodies in large-scale geological
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modeling [5], the improvements to the inverse-distance weighting interpolation method is
an important research direction of spatial interpolation methods in 3D geological modeling.

At present, 3D geological modeling adopts various interpolation methods, such as
inverse-distance weighting interpolation, kriging interpolation [6], triangulation with linear
interpolation [6,7], and cubic spline interpolation [7,8]. Among them, the inverse-distance
weighting interpolation method is the most widely used spatial interpolation method in
3D geological modeling [9]. This method is also widely used in the visual analysis of
geospatial data [10], rain area modeling [11–13], geological resources evaluation [14,15],
geothermal resource evaluation [16], drawing urban geological maps [17], geological model
construction [18], pollutant analysis based on GIS [19], interpolation of small datasets [20],
and many other research fields. Although the inverse-distance weighting interpolation
method has the advantages of a simple form and high interpolation efficiency [21,22] and
has better performance in accuracy when considering large terrain undulations [5], the
classical inverse-distance weighting interpolation method cannot meet the accuracy and
reliability requirements of a large-scale geological model. The classical inverse-distance
weighting interpolation method is widely used in many fields, but it cannot meet the
demands of accuracy in complex conditions. Therefore, many scholars have improved the
classical inverse-distance weighting interpolation method in terms of parameter selection,
data attributes, and supplementary data. In terms of parameter selection, Lu et al. discussed
the power value selection strategy of data under different spatial distribution modes and
quantified the degree of the neighborhood aggregation index [23]. Chen et al. explored
the effect of the power value and search radius on the estimated value [11]. Huan et al.
suggested using the correlation distance instead of the Euclidean distance to measure
the relationship between the point to be estimated and another point within a specified
distance around the point to be estimated; according to its attenuation relationship, the
parameters of the classical inverse-distance weighting interpolation algorithm can be
quantified to improve the interpolation accuracy of a geological model [18,21]. When
considering data attributes, Zhanglin et al. considered data attributes and integrated
data-to-data correlation into inverse-distance weighting [24]. In terms of supplementary
data, Ozelkan et al. suggested using multisource geological information to enrich the
data required by the classical inverse-distance weighting interpolation algorithm [25],
while Roberts et al. considered the influence of different sampling point distributions
on the interpolation accuracy [26]. Although the improved inverse-distance weighting
interpolation method is more accurate and reliable than the classic method, it cannot
simultaneously meet the accuracy, reliability, and efficiency requirements of smart geology
in large-scale geological modeling.

In response to the above problems, a data-adaptive inverse-distance weighting in-
terpolation method with spatial differentiation is proposed; this method is based on the
inverse-distance weighting interpolation method and the first-order neighborhood selec-
tion strategy and fully considers the spatial differentiation of geological attributes and
the characteristics of geological attribute data. This method can effectively improve the
calculation efficiency while maintaining the accuracy of the improved inverse-distance
interpolation method. This method was applied to an area in eastern China to verify its
feasibility.

2. Research Method and Content
2.1. Basic Principles of the Data-Adaptive Inverse-Distance Weighting Interpolation Method
Considering the Spatial Differentiation of Geological Information

Based on the above research background, this paper proposes a data-adaptive inverse-
distance weighting interpolation method based on the first-order neighborhood selection
strategy, which takes the spatial variability in geological attributes into account (hereinafter
referred to as the adaptive inverse-distance interpolation method). This method is based
on the classical inverse-distance interpolation method, considers the spatial variability in
geological attribute information, and combines the characteristics of geological attribute
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data to improve the classical inverse-distance interpolation method, which can improve
the accuracy, reliability, and interpolation efficiency of the interpolation method.

2.1.1. Classical Inverse-Distance Interpolation Principle

The classical inverse-distance weighting interpolation method assumes that there is a
strong correlation between regional variables and quantitatively expresses this relationship
as the sum of the inverse powers of the distance between the observation point and the
point to be estimated. Its mathematical expression is:

ẑ =
∑n

i=1
Zi
dn

i

∑n
i=1

1
dn

i

, (1)

where ẑ is the attribute value of the point to be estimated, Zi is the attribute value of the
individual observation point, di is the Euclidean distance between the estimated point and
the observation point, and n is the exponential power exponent. The higher the power
is, the smaller the influence of the point estimated from the far reference point and the
smoother the final interpolation result. The implicit assumption of the classical inverse-
distance weighting interpolation method is that the objects to be estimated are uniformly
distributed in space. Therefore, the classical inverse-distance weighting interpolation
method provides better results when dealing with interpolation objects with strong isotropy
in a certain area.

2.1.2. The Principle of Spatial Differentiation of Geological Attribute Data

With large-scale geological data, the distribution of neighboring observation points
around the point to be estimated is not completely uniform. This situation violates the
implicit assumption of the classical inverse-distance interpolation method. Therefore,
this paper considers the spatial differentiation of geological attribute data based on the
first-order neighborhood selection strategy and fully considers the spatial differentiation of
observation points in the neighborhood, that is, the spatial distribution characteristics of the
observation points. The first-order neighborhood search strategy is based on the polygonal
elements around each interior point generated by the Delaunay triangulation [27]. For a
specified point, its first-order neighbors are all other points in the triangle that share the
specified point. Since the geological model usually uses the Delaunay triangular network
structure as the topological relationship of the layers, it is naturally suitable for the first-
order point selection strategy. This can effectively avoid the efficiency problem caused by
searching a set of subpoints within a specified range of a large amount of data [28] and
effectively improve the efficiency of interpolation. In addition, when generating Delaunay
triangulation, the length and angle of each side will also be constrained. For example,
in this article, any angle of any triangle must be less than 40◦, and the length constraint
is adjusted according to the required model accuracy. Therefore, a relatively uniform
distribution of the first-order neighboring points in the circumferential direction of the
estimated point can be guaranteed. The Delaunay triangulation result of discrete points is
shown in Figure 1. This scheme can effectively avoid the abnormal adjustment of the weight
due to the spatial differences in geological attributes. As for the improved inverse-distance
weighting interpolation method, there are many selection strategies to selection points, like
traditional radius search [23], correlation distance search [18]. Different selection strategy
brings different effects on efficiency and accuracy. From the perspective of data structure,
the topological structure relationship is stored in the memory, the point selection strategy
has better efficiency, and with the shape boundary, ensuring the implicit assumption that
the objects to be estimated are uniformly distributed in space can be ensured.
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2.1.3. Principle of Data Adaptation Based on Geological Attributes

Geological attribute points in different regions have different characteristics. This
work uses standard deviation to assess the geological properties of a local area. The
spatial attributes (elevation data) of the data points describe the degree of undulation of
geological bodies in a local area. Assuming that the geological attribute values conform to
a normal distribution, approximately 68% of the attribute values are distributed within one
standard deviation from the average. Therefore, if the attribute values of the first-order
adjacent point set of the points to be estimated in the 3D geological model are all within
one standard deviation of the average value of the geology attributes in the layer, it can be
considered that the local undulation of the geological body in the area is small. The classical
inverse-distance weighting interpolation method can be used to calculate the estimated
point attribute value. If the attribute values of the first-order adjacent point set of the points
to be estimated in the 3D geological model are not all within one standard deviation of
the average value, the shape of the geological body in the area fluctuates greatly, so an
improved inverse-distance interpolation algorithm is needed to calculate the attribute value
of the point to be estimated. In other words, adopting different interpolation strategies
for different geological attribute value characteristics can not only improve the accuracy
of the inverse-distance weighting interpolation method but also effectively improve the
interpolation efficiency to meet the accuracy and efficiency requirements of large-scale
geological modeling. Equation (3) below can describe the above process:

z∗ =


n
∑

i=1
zini × λi, zini ∈ [µ− σ, µ + σ]

n
∑

i=1
zini × λ∗i , otherwise

, (2)

where µ and σ are the mean and standard deviation of the Delaunay triangulation in the
i-th layer, respectively, zini is the attribute value of the i-th point in z∗’s first-order neighbor
point set, λi is the weight of the classical inverse-distance interpolation method, λ∗i is the
weight of the improved inverse-distance interpolation method.

Based on the above three principles, the adaptive inverse-distance interpolation algo-
rithm adopts the same basic assumptions and premises as the classical inverse-distance
interpolation algorithm and considers the spatial differences in geological attributes. The
first-order neighborhood selection strategy is adopted to improve the classical inverse-
distance interpolation algorithm, thereby improving the accuracy and reliability of large-
scale geological modeling. Considering the data adaptability of geological attributes, this
paper calculates whether the attribute values of neighboring points are within one standard
deviation from the stratum mean to determine the degree of terrain undulation and adopts
different interpolation strategies according to the degree of terrain undulation. Compared
with the indiscriminate use of improved inverse-distance weighting interpolation method
to calculate the estimated value, this strategy effectively reduces unnecessary calculations



Geosciences 2021, 11, 51 5 of 18

and also improves the interpolation efficiency. The flowchart of this procedure is shown in
Figure 2.
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2.2. Implementation Steps of the Data-Adaptive Inverse-Distance Weighting Interpolation Method
Considering the Spatial Differentiation of Geological Information

Based on the above background, a data-adaptive inverse-distance weighting interpo-
lation method based on the first-order neighborhood selection strategy of spatial differ-
entiation of geological attributes was designed. The specific implementation steps are as
follows.

1. Collect drilling data and unify the data format.
2. Read basic observation borehole drilling information, target stratum drilling informa-

tion, boundary borehole drilling information, and standard stratigraphic sequence
information.

3. Build and manage regional geological information collection in memory.
4. Preprocess drilling data to include operations data; for example, by adding zero-

thickness layers and marking unconventional stratigraphic sequence layers.
5. Traverse stratums and generate the constrained Delaunay triangulation mesh accord-

ing to the observation boreholes and boundary boreholes, scilicet making series of 2D
planar surfaces (constrained Delaunay triangulation) for each geologic unit.

6. Refine the triangular mesh according to the angle constraint and the side length
constraint to obtain the interpolation point.

7. Insert the interpolation points into the triangulation network in turn and calculate the
interpolation results for each surfaces’ elevations according to the drill core data.
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8. Combine the interpolation results with the stratum data of each layer and output the
geological model data in OBJ format.

2.3. Error Assessment

This work uses the error percentage to evaluate the 3D modeling effect. The specific
operations are as follows: Before the interpolation of the i-th layer’s constrained Delaunay
triangulation (CDTi), a certain proportion of boreholes (10% in this paper) are randomly
selected to not participate in the interpolation. After the interpolation is completed, the
deviation between the observed value and the estimated value is compared, and the error
percentage is calculated, which is then used to characterize the interpolation effect of CDTi
and evaluate the overall 3D geological modeling effect. The error percentage is the ratio of
the standard deviation of the error to the average. The specific calculation formula is as
follows:

Ep(%) =
σe

∑n
i=1 P∗i

× 100(%), (3)

where,

σe =

√
1
N

n

∑
i=1

(
Pi − P∗i

)2 , (4)

P∗i is the estimated value. Pi is the observed value. σe is the root mean square error
(RMSE) of the extracted hole data point set. Ep is the mean square error percentage of the
extracted drill hole data point set.

2.4. Efficiency-Error Assessment

The error assessment is discussed above, and we will use the ratio of timesaving
percentage and error percentage to evaluate the efficiency promotion under the acceptable
accuracy loss. The improved inverse-distance weighting interpolation method’s efficiency
percentage and error percentage as the baseline to calculate the increased efficiency (time-
saving) percentage and error percentage. The efficiency-error ratio is calculated as follows:

Ree =
Es

Ep
, (5)

where,

Es =
timproved − t

timproved
, (6)

timproved is the running time of improved inverse-distance weighting interpolation
method, t is the compared interpolation method’s running time, like adaptive inverse-
distance weighting interpolation method or classical inverse-distance weighting interpo-
lation method, Ree is the efficiency-error ratio with dimensionless, and there is implicit
assumption that timproved − t ≥ 0. It is used to evaluate the efficiency improvement under
the accuracy lost, which is useful in evaluating the validation of the proposed method. The
efficiency-error ratio will be used to evaluate the validation of the adaptive inverse-distance
weighting interpolation method.

2.5. Research Method and Content Summary

This section mainly discusses the research methods and content, focusing on the
limitations of the classical inverse-distance interpolation method and the improved inverse-
distance interpolation method. Aiming at the characteristics of large-scale geological
modeling, based on the three principles of the classical inverse-distance interpolation,
spatial differentiation of geological attributes, and adaptive data of geological attributes,
the classical inverse-distance weighting interpolation method is improved, and an adap-
tive inverse-distance weighting interpolation method is proposed. In addition, the error
percentage is used to measure the interpolation effect of different stratigraphic levels in a
geological model.
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3. Research Results and Discussion

The background and significance of the research of this proposition are discussed
above, and the basic principles and algorithm models of the adaptive inverse-distance
weighting interpolation method are comprehensively explained. Next, the case overview,
research results, and a discussion and verification of the results are introduced.

3.1. Case Overview

The study area is located on the north side of the delta plain in the lower reaches of the
Yangtze River, mainly the vast Jianghuai alluvial plain. The Quaternary strata in this area
are well developed and controlled by basement structure. In addition, the geological layers
have been identified in the study area from drilling data, considering the sedimentary age,
material composition characteristics, and other indicators. The stratigraphic information of
the study area is shown in Table 1 (only the first 24 layers are shown here). According to the
survey results of the study area, the study area includes a total of 786 geological boreholes,
with a total modeling area of 1567 square kilometers, involving 37 stratums. As shown in
Figure 3, the studied geological boreholes are relatively uniformly distributed across the
study area, so it is suitable to use the inverse-distance interpolation algorithm for spatial
interpolation. As the layer number in the model increases (larger numbers represent older
layers), fewer drill holes are associated with the specified layer. According to the statistical
analysis of the data, the number of effective drilling points in the 24th layer is below 100.
Therefore, this article only extracts the top 24 layers for research on the accuracy, reliability,
and efficiency of the interpolation method.
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Table 1. Study area stratigraphic information.

Age Layer
Number

Sublayer
Number

Layer
Name Distribution Property

Holocene

1 1 fill soil Universal
distribution Plain fill, miscellaneous fill, flush fill, etc.

2

2–1 silty clay Universal
distribution

Greyish yellow to grey, slightly wet to saturated, waxy
to soft plastic

2–2 silt Universal
distribution

Greyish yellow to grey, wet to saturated, loose to
slightly dense

2–3 siltstone Universal
distribution

Grey, saturated, partially silty sand, slightly dense to
moderately dense, with developed horizontal bedding

2-4 muddy
silty clay Local region Grey to grey-brown, flowing plastic, high moisture

content, high compressibility

2–5 siltstone Yangtze River
alluvial plain

Grey to blue-grey, partially mixed with silt or including
thin layers of silty clay, water-saturated, medium to

dense

2–6 siltstone Yangtze River
alluvial plain

Grey to blue-grey, thin layer of silty soil or silty clay,
water-saturated, moderately dense to dense

2–6b silty clay Yangtze River
alluvial plain

Grey to taupe, saturated, flowing plastic, thin layer of
silt with silt soil, well-developed bedding

2–7 siltstone Yangtze River
alluvial plain

Grey to blue-grey, water-saturated, moderately dense to
dense, well-developed bedding, with thin layer of silty

clay partially intercalated

Late
Pleis-

tocene

3

3–1 siltstone(fine
sand)

Yangtze River
alluvial plain

Grey to grey-yellow, water-saturated, moderately dense
to dense, with thin layers of cohesive soil in some areas,

with well-developed bedding

3–2

fine
sand(medium
and coarse

sand)

Yangtze River
alluvial plain

Grey to grey-yellow, water-saturated, compact, lithology
is fine gravel sand, with medium- to coarse-grained

gravel sand, gravel layers, etc.

4

4–1 silty clay Lixiahe plain
Grey-yellow to dark green, saturated, plastic to soft

plastic, iron-manganese nodules, medium
compressibility

4–2 silty clay Lixiahe plain

Grey-yellow to brown-yellow, dark green,
iron-manganese nodules and calcium nodules,
saturated, hard plastic to plastic, medium-low

compressibility

4–3
silty clay

mixed with
silt

Lixiahe plain
Grayish yellow to grey, mixed with silt, saturated,

plastic, moderate compressibility, horizontal bedding is
relatively developed

5

5–1 silt,
siltstone Lixiahe plain Mainly grey, grey-yellow in some areas

5–2 silty clay Lixiahe plain Grey, saturated, soft-flow plastic, horizontal bedding
development

5–3 siltstone Lixiahe plain Grey, saturated, moderately dense to dense

6 6 cay, silty
clay Lixiahe plain Lacustrine sediments, distributed in the Lixiahe plain

7
7–1 silt,

siltstone Lixiahe plain Greyish yellow, blue-grey, water-saturated, moderately
dense to dense, well-layered

7–2 silty clay Lixiahe plain Greyish yellow, blue-grey, saturated, plastic-soft plastic,
bedding is relatively developed
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Table 1. Cont.

Age Layer
Number

Sublayer
Number

Layer
Name Distribution Property

Middle
Pleis-

tocene

8

8–1 siltstone,
fine sand

Yangtze River
alluvial plain

Grey, greyish yellow, part of the area is medium sand,
partly with gravel and dense

8–2
gravel sand

(gravel
layer)

Yangtze River
alluvial plain

Mainly grey, partially greyish yellow, with large
lithological changes

9

9–1 silty clay Lixiahe plain
Cyan-grey to grey-yellow, saturated, mainly hard plastic

but can also be partially plastic, containing
iron-manganese nodules and calcium nodules

9–2 silty clay
with silt Lixiahe plain Greyish yellow grey, saturated, plastic-soft plastic, high

silt content, well-developed layering

9–3 silty clay Lixiahe plain Cyan-grey to yellow, saturated, hard plastic to partially
plastic

3.2. Research Result

According to the above process, the data are read and reorganized, and constrained
Delaunay triangulation is generated for the layer models under constrained conditions
according to the position of the drilling point in space. To do so, the following steps
are taken: Input the points to be estimated point by point, build layer models, assemble
layers into a complete set of large-scale geological models according to the original layer
sequence, and develop a functional display model in Three.js. Next, the modeling effect of
a large-scale geological model is evaluated from the aspects of the overall effect, geological
phenomenon display, model grid display, and borehole model accuracy.

3.2.1. Meshing

Large-scale geological modeling has high requirements for model accuracy and efficiency
at the same time. With the refining of the mesh, it is more sensitive to the interpolation accuracy
for the mesh and time consuming of the interpolation process is inevitable increased, which
means the interpolation method must satisfy the accuracy and efficiency at the same time.
Just like Figure 4 shows, the grid becomes denser with the refining of the mesh and Figure 5
shows the vertex numbers with different length bound in the same angle bound for each
basic triangle. When the mesh is refined, the number of the vertices increasing rapidly, the
efficiency’s influence on geology modeling becoming more and more important. The adaptive
inverse-distance interpolation algorithm can provide better interpolation results with higher
efficiency and the model can effectively depict the details of the geological body shapes and
avoids a nonuniform point density with sharp edges and corners.
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3.2.2. Drilling Model

As shown in Figure 6, the virtual boreholes selected in the study area are fairly
uniformly distributed in the study area. This distribution is similar to that of all the
boreholes and can intuitively show the good approximation of the actual drilling scenario
by the adaptive interpolation algorithm.
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3.2.3. Interpolated Geology Model

Figure 7a,b shows the interpolated model at two different angles: (a) from above looking
eastward, and (b) a side angle of the model looking south-eastward. Figure 7c then shows
the model as a series of separated geologic units’ layers. The large-scale geological model
in this case has good results and can clearly show the morphological characteristics of the
geological bodies under cities. For some special geological phenomena, the morphological
characteristics of underground geological bodies have also been well restored.
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3.2.4. Geological Phenomenon Display

For evaluating the geological conditions during tunnel excavation, the plane position
of the section shown in Figure 8 and the viewpoint of the section shown in Figure 9 are
used. In this area, the section changes along the central axis, and the tunnel spanned large
scale of different geology units. As Figure 9 shows, that the geological model constructed
by the adaptive inverse-distance interpolation algorithm can accurately displayed under
special geological phenomena, such as stratum pinch, missing stratum and stratum dupli-
cation, which means that the adaptive inverse-distance weighting interpolation method
has advantage in terms of complex geology conditions like stratum pinch, missing stratum,
and stratum duplication.
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3.3. Results Discussion and Verification

The resulting data are discussed and verified here. In this paper, the percentage
error Ep is used to measure the stratum interpolation result, and the "actual borehole sam-
pling" method is used to obtain comparative data; that is, a specified proportion of actual
boreholes are randomly selected from each layer of stratum, and different interpolation
algorithms are used to obtain the point’s attribute value to be estimated. This method
uses the actual drilling point data to calculate the error percentage between the estimated
value and the true value to reliably verify the accuracy of the interpolation method. The
hardware environment tested is a Linux development environment (Ubuntu 16.04 virtual
machine with 1 core and 8192 Mb of memory, and the host is a 2.6-GHz 6-core Intel Core i7
processor).

The result is shown in Figure 10. In this case, the larger the layer number is, the older
the layer, the more complex the geological body shape, and the larger the morphological
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fluctuation range. From overall view, the adaptive inverse-distance weighting interpolation
method’s performance is better than classical inverse-distance weighting interpolation
and very close to improved inverse-distance weighting interpolation in terms of error. For
one layer, if the geological body morphology fluctuates slightly, different interpolation
methods have consistent performance. For 0–9 layers, the cumulative percentage error
of the classical inverse-distance interpolation is 9.32% more than that of the improved
inverse-distance interpolation algorithm, and the adaptive inverse-distance interpolation
algorithm is only 4.7% more. If the geology unity has great fluctuation, the adaptive
inverse-distance weighting interpolation method has much better performance than the
classical inverse-distance interpolation method and is quite close to the existing improved
inverse-distance weighting interpolation method. For 10–24 layers, it is much better than
the classical inverse-distance interpolation method. Thus, the adaptive inverse-distance
weighting interpolation method can effectively adapt to a more complicated geological
body interpolation process in large-scale geological body modeling, with high precision. In
this process, the cumulative error percentage of the classical inverse-distance interpolation
is increased by 30.7% from that of the improved inverse-distance interpolation, while the
adaptive inverse-distance interpolation only increases by 6.8%. Although the adaptive
inverse-distance interpolation method does bring an acceptable loss of accuracy compared
with the improved inverse-distance interpolation method, it brings a significant improve-
ment in efficiency, and the efficiency is more important for large-scale geology modeling.
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Similarly, the efficiency of the adaptive inverse-distance weighting interpolation
method is compared with the existing improved inverse-distance weighting interpolation
method and the classical inverse-distance interpolation method. Figure 11 shows the
cumulative time required to complete the interpolation process. When the number of layers
is relatively small, due to the relatively simple shapes of the geological bodies, the efficiency
of the adaptive inverse-distance weighting interpolation method is the same as that of the
classical inverse-distance interpolation method. With the gradual increase in the number
of strata, the shapes of the geological bodies become increasingly complex. The adaptive
inverse-distance weighting interpolation method can effectively suppress the time required
for interpolation while maintaining an approaching accuracy with the improved inverse-
distance weighting interpolation method and thus has a higher interpolation efficiency. At
the end of the interpolation process, the classical inverse-distance interpolation algorithm
requires 282.35 MS to complete the entire interpolation process, the adaptive inverse-
distance interpolation algorithm requires 21.07% more, and the improved inverse-distance



Geosciences 2021, 11, 51 14 of 18

interpolation algorithm requires 66.12% more. It can be clearly seen that the adaptive
inverse-distance weighting interpolation method has achieved a significant efficiency
improvement under the condition of acceptable accuracy loss, which brings a lot more
impact in large-scale geologic modeling than a slight improvement in accuracy.
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As shown in Figure 12, the efficiency-error ratio is quite different between two meth-
ods. Compared to the improved inverse-distance weighting interpolation method, the
adaptive inverse-distance weighting interpolation has a much higher efficiency-error ratio,
which means that the efficiency improved greatly under the acceptable accuracy lost, espe-
cially while the layer number is greater than 10. According to the previous discussion, a
bigger layer number represents a more complex geology unit in some degree in the study
area, which means that the adaptive inverse-distance weighting interpolation method uses
acceptable loss of precision exchanged for a great efficiency improvement, especially when
the shape of the geological body fluctuates greatly. In addition, we also supply a table
(Table 2) to illustrate that the efficiency-error ratio varies with the layer numer.
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Table 2. The efficiency-error ratio of different interpolation methods and stratum numbers.

Strata Number Classical Adaptive

1 0.04 0.02
2 0.23 0.02
3 0.83 0.43
4 1.58 1.05
5 2.45 2.20
6 3.40 3.54
7 4.73 4.89
8 7.02 11.47
9 11.52 17.45
10 13.10 24.27
11 14.57 44.03
12 15.84 49.95
13 17.35 55.73
14 18.51 57.84
15 19.47 60.08
16 20.67 62.32
17 21.85 65.76
18 23.18 71.56
19 24.47 74.58
20 25.82 77.59
21 27.07 80.60
22 28.37 85.04
23 29.68 89.03
24 30.98 92.74

A comparison of the statistical indicators of the data sets (shown in Figures 13 and 14)
indicates that different interpolation methods have relatively consistent statistical indicator
means and standard deviations, resulting in very similar interpolations.
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The above analysis indicates that the data-adaptive inverse-distance weighting inter-
polation method proposed in this paper based on the first-order neighborhood selection
strategy takes into account the spatial difference of geological attributes and can effectively
improve the interpolation efficiency of large-scale geological modeling. In this case, com-
pared with the existing improved inverse-distance interpolation algorithm, the adaptive
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inverse-distance interpolation can effectively reduce the computation time by 30%. When
the shape of the local mass body becomes more complex, the proposed improved inverse-
distance weighting interpolation method exhibits a better adaptability while generally
maintaining the accuracy level of the existing inverse-distance interpolation method. Com-
pared with the existing improved inverse-distance interpolation, adaptive inverse-distance
interpolation only loses 7% accuracy. The testing shows that the adaptive inverse-distance
interpolation algorithm proposed in this paper is efficient and stable and has high value. It
can quickly generate large-scale geological models for application in practice. The proposed
method can be used as a high-precision, high-reliability, and high-efficiency interpolation
method for large-scale geological modeling of intelligent geology.
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4. Conclusions

This paper proposes a data-adaptive inverse-distance weighting interpolation method
based on the first-order neighborhood selection strategy, with the principles of classical
inverse-distance interpolation, spatial differentiation of geological attribute data, and
adaptability to geological attribute data characteristics. This method is mainly used to
solve the accuracy, reliability, and validity problems of the inverse-distance interpolation
algorithm in large-scale geological modeling.

Compared with the classical inverse-distance weighting interpolation method, the
proposed method has better performance in efficiency and reliability. Compared with
the improved inverse-distance weighting interpolation method, the proposed method has
achieved a significant efficiency improvement under the condition of acceptable accuracy
loss. In other words, the method proposed in this paper can simultaneously ensure the
accuracy, reliability, and efficiency in the large-scale geological modeling process.

This method was applied to create a 3D geological model under an area in eastern
China. The adaptive inverse-distance weighting interpolation method has a considerably
better efficiency and can meet the accuracy, reliability, and efficiency demands for various
geological models in the paper’s case. The actual test results show that the proposed
method has high feasibility and reliability in actual applications, although there is an
acceptable accuracy lost, which is acceptable to exchange for higher efficiency.

In this paper, we discussed the three inverse-distance weighting interpolation meth-
ods including classical, improved and adaptive inverse-distance weighting interpolation
method. When the fluctuation of the geology body in the study area is small, and with no
complex geology conditions, the classical inverse-distance weighting interpolation method



Geosciences 2021, 11, 51 17 of 18

is recommended; When the accuracy of the model is most important than any other factors
such as efficiency, the improved inverse-distance weighting interpolation method is recom-
mended. When the geology modeling requires efficiency, accuracy, and reliability, and the
efficiency’s improvements is more important than small accuracy improvements, especially
under the condition of complex geology body and big data, the adaptive inverse-distance
weighting interpolation method is recommended.

The proposed method is not only suitable for large-scale geological modeling, but
also can be applied to data-intensive computing tasks. It can provide efficient, reliable,
and stable spatial interpolation for rain area model research, geospatial data visualization
analysis, resource exploration, resource evaluation, geological mapping, and other fields.
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20. Malvić, T.; Ivšinović, J.; Velić, J.; Rajić, R. Interpolation of small datasets in the sandstone hydrocarbon reservoirs, case study of
the sava depression, Croatia. Geoscience 2019, 9, 201. [CrossRef]

21. Babak, O.; Deutsch, C.V. Statistical approach to inverse distance interpolation. Stoch. Environ. Res. Risk Assess. 2009, 23, 543–553.
[CrossRef]

22. Barbulescu, A.; Bautu, A.; Bautu, E. Optimizing inverse distance weighting with particle swarm optimization. Appl. Sci. 2020, 10,
2054. [CrossRef]

23. Lu, G.Y.; Wong, D.W. An adaptive inverse-distance weighting spatial interpolation technique. Comput. Geosci. 2008, 34, 1044–1055.
[CrossRef]

24. Li, Z.; Zhang, X.; Zhu, R.; Zhang, Z.; Weng, Z. Integrating data-to-data correlation into inverse distance weighting. Comput.
Geosci. 2020, 24, 203–216. [CrossRef]

25. Ozelkan, E.; Bagis, S.; Ozelkan, E.C.; Ustundag, B.B.; Yucel, M.; Ormeci, C. Spatial interpolation of climatic variables using land
surface temperature and modified inverse distance weighting. Int. J. Remote Sens. 2015, 36, 1000–1025. [CrossRef]

26. Roberts, E.A.; Sheley, R.L.; Lawrence, R.L. Using sampling and inverse distance weighted modeling for mapping invasive plants.
West. N. Am. Nat. 2004, 64, 312–323. [CrossRef]

27. Jing, L.; Stephansson, O. Explicit Discrete Element Method for Block Systems—The Distinct Element Method. Dev. Geotech. Eng.
2007, 85, 235–316. [CrossRef]

28. Sun, L.; Wei, Y.; Cai, H.; Yan, J.; Xiao, J. Improved Fast Adaptive IDW Interpolation Algorithm based on the Borehole Data Sample
Characteristic and Its Application. J. Phys. Conf. Ser. 2019, 1284, 22–24. [CrossRef]

http://doi.org/10.1007/s10333-012-0319-1
http://doi.org/10.18400/tekderg.334186
http://doi.org/10.5194/hess-10-197-2006
http://doi.org/10.1016/j.gsf.2011.12.012
http://doi.org/10.1080/13632460903527963
http://doi.org/10.1007/s12145-019-00436-6
http://doi.org/10.3390/app10062035
http://doi.org/10.3390/geosciences9050201
http://doi.org/10.1007/s00477-008-0226-6
http://doi.org/10.3390/app10062054
http://doi.org/10.1016/j.cageo.2007.07.010
http://doi.org/10.1007/s10596-019-09913-9
http://doi.org/10.1080/01431161.2015.1007248
http://doi.org/10.2307/41717379
http://doi.org/10.1016/S0165-1250(07)85008-5
http://doi.org/10.1088/1742-6596/1284/1/012074

	Introduction 
	Research Method and Content 
	Basic Principles of the Data-Adaptive Inverse-Distance Weighting Interpolation Method Considering the Spatial Differentiation of Geological Information 
	Classical Inverse-Distance Interpolation Principle 
	The Principle of Spatial Differentiation of Geological Attribute Data 
	Principle of Data Adaptation Based on Geological Attributes 

	Implementation Steps of the Data-Adaptive Inverse-Distance Weighting Interpolation Method Considering the Spatial Differentiation of Geological Information 
	Error Assessment 
	Efficiency-Error Assessment 
	Research Method and Content Summary 

	Research Results and Discussion 
	Case Overview 
	Research Result 
	Meshing 
	Drilling Model 
	Interpolated Geology Model 
	Geological Phenomenon Display 

	Results Discussion and Verification 

	Conclusions 
	References

