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Prediction in Ungauged Basins (PUB) is an important task for water resources planning and management and remains a
fundamental challenge for the hydrological community. In recent years, geostatistical methods have proven valuable for estimating
hydrological variables in ungauged catchments. However, four major problems restrict the development of geostatistical methods.
We established a new information diffusion model based on genetic algorithm (GIDM) for spatial interpolating of runoff in the
ungauged basins. Genetic algorithms (GA) are used to generate high-quality solutions to optimization and search problems. So,
using GA, the parameter of optimal window width can be obtained. To test our new method, seven experiments for the annual
runoff interpolation based on GIDM at 17 stations on the mainstream and tributaries of the Yellow River are carried out and
compared with the inverse distance weighting (IDW) method, Cokriging (COK) method, and conventional IDMs using the same
sparse observed data.The seven experiments all show that the GIDMmethod can solve four problems of the previous geostatistical
methods to some extent and obtains best accuracy among four different models.The key problems of the PUB research are the lack
of observation data and the difficulties in information extraction. So the GIDM is a new and useful tool to solve the Prediction in
Ungauged Basins (PUB) problem and to improve the water management.

1. Introduction

Prediction inUngauged Basins (PUB) [1] is an important task
for water resources planning and management and remains
a fundamental challenge for the hydrological community.
Prediction in Ungauged Basins (PUB) was identified as a
key issue in hydrological studies by IAHS. Accurate estimates
of hydrologic variables at ungauged sites such as streamflow
allow objective, quantitative, and statistical decision-making
with respect to water resources management and natural
hazard assessments. The lack of data for model calibration
and verification in ungauged basins requires the hydrolog-
ical regionalization [2] to transfer information (e.g., model

parameters) from gauged catchments. The regionalization
allows estimating parameter values of hydrological predictive
tools without calibration. Regionalization can be defined as
the transfer of information from one catchment to another
[2]. This transfer is typically from gauged to ungauged catch-
ments (e.g., [3, 4]). Its aim is to estimate parameter values
of hydrological models for any/every grid cell, subcatchment,
or large geographic region without a need for calibration or
“tune” of the model to get the best fit.

Over the years, regionalization has received increasing
attention from the hydrological community. A number of
regional models are currently available, including (1) proxy-
basin method [5, 6], (2) spatial interpolation method, for
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instance, linear interpolation by Guo et al. [7], the inverse
distance weighting (IDW) interpolation by Di Piazza et al.
(2001), andKriging interpolation byVandewiele andElias [8],
(3) clustering approach [9, 10], (4) bi- andmultivariate regres-
sion method [11, 12], and (5) one step regression–regional
calibration [13]. Among those, spatial interpolation method
is one of the earliest and most widely used methods, which
estimates the value of unknown spatial data based on known
spatial data. Its essence is the spatial forecasting of the whole
unknown region using a few known points. Deterministic
and geostatistical techniques are two main groupings of
spatial interpolation techniques to produce a continuous
surface from point measurements. Deterministic interpola-
tion techniques create surfaces from measured points using
mathematical functions, which are based on either the extent
of similarity (e.g., inverse distance weighted) or the degree
of smoothing (e.g., radial basis functions). Geostatistical
interpolation techniques (e.g., Kriging) utilize both themath-
ematical and the statistical properties of the measured points
[14, 15]. Recent studies highlight that geostatistical interpo-
lation, which has been originally developed for the spatial
interpolation of point data (see e.g., [16]), can be effectively
applied to the prediction problem of the streamflow regime
in ungauged basins [17, 18].

Recently, geostatistical methods have proven valuable for
estimating hydrological variables in ungauged catchments.
In all geostatistical methods, the traditional Kriging and
its related algorithms (e.g., Universal Kriging or Cokriging
(COK)) are the most widely used. Skøien and Blöschl [18],
for instance, developed the topological Kriging technique (or
top-Kriging), which accounts for hydrodynamic and geo-
graphical dispersion.Their results indicate that this technique
can not only outperform deterministic runoff models in
regions where stream gauge density is sufficiently high, as
it avoids problems with input data errors and parameter
identifiability, but also provide more robust estimates than
regional regression models [19]. Comparison of top-Kriging
with Physiographical-Space Based Interpolation (PSBI) high-
lights the complementary utility of the two methods for
headwater and larger scale catchments [20].

However, fourmajor limitations of geostatistical methods
(e.g., Kriging and its related algorithms) are presented.

(1) The ordinary Kriging is defined as a “best linear
unbiased estimator.” Kriging is “linear” because its
estimates are calculated by a linear equation. While
the change of runoff is a nonlinear process, these will
cause some deviations.

(2) Themethods needmore sites formodelling, generally
more than eight sites [21]. So it ismore feasiblewhen it
is used in the large watershed interpolating.When the
study sites are little in minor watershed, the method
can do nothing for the space structure of hydrology
variables.

(3) The interpolation process of many geostatistical
methods needs to add water balance constraints,
which controls the export flows of each subbasin.
Before the runoff calculation, the runoff data in the
study should be normalized [22]. In the interpolation

process, in order to measure the correlation between
the basins, the distance between the subbasins of the
interpolation algorithmneed to be redefined [23].The
calculation of the entire process is complex and the
conversion is troublesome.

(4) The application of these methods is mainly in Euro-
pean natural basin [24]. The application in the water-
shed acutely impacted by human activities needs to be
verified.

In order to overcome the above four questions, we need
to find new spatial interpolation method which is more
effective and rational. So we introduce the information
diffusion model (IDM) in our paper. IDM is a useful
method to deal with the small sample problem [25, 26].
Spreading the observed data can extract many additional
information based on the diffusion methods. Huang [25]
can easily determine simple window width (SWW) with
incomplete data based on the nearby criteria. This method
was widely used for reliability of risk assessment [27–29].
But IDM with SWW (SIDM) cannot accurately calculate the
hydrological or meteorological data which follow abnormal
distribution. To solve the problem,Wang et al. [30] presented
the optimal window width based on IDM (OIDM) using
the principle of least mean squared errors. But the optimal
window width (OWW) may easily cause the local optimal
problem. Genetic Algorithm (GA) is ametaheuristic inspired
by the process of natural selection that belongs to the larger
class of evolutionary algorithms (EA). Genetic algorithms
are commonly used to generate high-quality solutions to
optimization and search problems [31]. Hence, to get the
global optima diffusion coefficients, Bai et al. [32] propose
a new information diffusion model using a GA (GIDM)
to interpolate the river runoff. But they just used GIDM
method to interpolate the river runoff time series. Now our
paper expand the idea of GIDM and use them to spatially
interpolate the river runoff in ungauged basins.

No previous hydrological literature reported that the IDM
has been used for establishing a hydrological model for
hydrological spatial interpolation. So we explain the principle
of the SWW and OWW in Section 2; we also discuss the
newmethod how to improve the information diffusionmodel
based on GA. In Section 3, we illustrate interpolation of river
runoff based on IDM in detail. To test our newmethod, seven
experiments for the runoff interpolation based on the GIDM
in the Yellow River are carried out in Section 4, compared
with SIDM, OIDM, IDW, and COK. Finally, Section 5
summarizes and discusses the results.

2. Information Diffusion Model and the
Window Width

2.1. Simple Window Width and Optimal Window Width. The
principle of information diffusion and simple window width
(SWW) is discussed in the Appendix and was introduced in
the previous literature [25].

The SWW method extracted more data from the small
sample [26, 33]. However, when the population does not
follow a normal distribution, the method is invalid. Based on
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the idea of the least mean square error, the optimal window
width (OWW) 𝑑 can be obtained as follows [30]:𝑑0 = max (𝑋) − min (𝑋)𝑛 − 1 ,𝑑𝑗+1𝑖

= {{{ 𝑓𝑗 (𝑥𝑖) (𝑑𝑗)42𝑛√𝜋 [𝑓𝑗 (𝑥𝑖 + 𝑑𝑖) − 2𝑓𝑗 (𝑥𝑖) + 𝑓𝑗 (𝑥𝑖 − 𝑑𝑖)]2}}}
0.2 ,

(𝑖 = 1, . . . , 𝑛) ,𝑑𝑗+1 = mean (𝑑𝑗+1𝑖 ) ,𝑓𝑗+1 (𝑥𝑖) = 1√2𝜋𝑛𝑑𝑗 𝑘∑𝑗 𝜇 [𝑥 − 𝑥𝑖𝑑𝑗 ] ,
(1)

where 𝑖 and 𝑗 mean the ordinal number of records and
iterations; initial iterative value is 𝑑0.𝑑 = 1𝑘 − 𝑖 + 1 𝑘∑

𝑗=𝑖

𝑑𝑗. (2)

The OWW based on the mean value will cause the local
optimization problem [31]. So GA is introduced.

2.2. Searching the General Optimal Window Width Based on
GA. Based on the principle of natural genetics and biological
evolution, Genetic Algorithms (GA) can effectively avoid
the “local optima” problem [31]. So we use GA to search
the global optimal diffusion coefficients. For window width
searching, the combination of the IDMandGA includes three
major phases. Firstly, the GA initializes a population that
compounds random codes from the search domain (0, (𝑏 −𝑎)/3] [30], where 𝑎 and 𝑏 are the minimum and maximum
value of the samples. Then we carry out the evaluation of the
fitness of all chromosomes. Based on Wang et al. [30], the
window width 𝑑 can be obtained as follows:𝑑5𝑖 = 𝑓 (𝑥𝑖)2𝑛√𝜋 [𝑓 (𝑥𝑖)]2 , (3)

where 𝑥𝑖means different records from sample (𝑖 = 1, 2, . . . , 𝑛)
and 𝑓(𝑥) denotes the information diffusion estimator. The
second-order schemes are motivated by𝑓 (𝑥𝑖) = 𝑓 (𝑥𝑖 + 𝑑𝑖) − 2𝑓 (𝑥𝑖) + 𝑓 (𝑥𝑖 − 𝑑𝑖)𝑑𝑖2 , (4)

where𝑑𝑖 = 𝑓 (𝑥𝑖)2𝑛√𝜋 [𝑓 (𝑥𝑖 + 𝑑𝑖) − 2𝑓 (𝑥𝑖) + 𝑓 (𝑥𝑖 − 𝑑𝑖)]2 . (5)

The global optimal 𝑑 can be searched as follows:
CalFitness (𝑑)
= 𝑛∑
𝑖=1

𝑑 − 𝑓 (𝑥𝑖)2𝑛√𝜋 [𝑓 (𝑥𝑖 + 𝑑) − 2𝑓 (𝑥𝑖) + 𝑓 (𝑥𝑖 − 𝑑)]2  . (6)

The evolutionary processes can be found in [31]. So we can
get the improved window width (IWW).

The above sentences explain the techniques of IDM and
improved IDM; how to interpolate the runoff based on IDM
will be discussed in following section.

3. Information Diffusion Method with Fuzzy
Inference for the Runoff Estimation

The IDM based on the numerical method [28] is as follows.
Let (𝑋, 𝑌) = {(𝑥𝑖, 𝑦𝑖) | 𝑖 = 1, 2, . . . , 𝑛} be a training set
of monthly discharge data on R2 (R is the real line), where
input 𝑥 means the index of records sorted by meteorological
observations or chronological order, like soil moisture, pre-
cipitation, evaporation, and so forth, and 𝑦 means the river
discharge.

Let 𝑉 be the range of 𝑦 and 𝑈 be the domain of 𝑥. 𝑢 will
denote the element of 𝑈, and the same for V by 𝑉. Let𝑈 = {𝑢𝑗, 𝑗 = 1, 2, . . . , 𝑡} ,𝑉 = {V𝑘, 𝑘 = 1, 2, . . . , 𝑙} . (7)

Dealingwithmembership functions based on (A.1) and (A.2),
the following equation can be obtained:𝜇𝑈 (𝑢𝑗) = 1𝑡𝑑𝑈√2𝜋 𝑡∑𝑗=1exp[[−(𝑢 − 𝑢𝑗)22𝑑𝑈2 ]] , 𝑢 ∈ 𝑈,

𝜇𝑉 (V𝑘) = 1𝑡𝑑𝑉√2𝜋 𝑡∑𝑗=1exp[−(V − V𝑘)22𝑑𝑉2 ] , V ∈ 𝑉. (8)

𝑑𝑈 and 𝑑𝑉 are window widths. (𝑢𝑗, V𝑘) is called an
illustrating point. The information gain of (𝑢𝑗, V𝑘) is as
follows: 𝑞𝑗𝑘 (𝑥𝑖, 𝑦𝑖) = 𝜇𝑈𝑗 (𝑥𝑖) × 𝜇𝑉𝑘 (𝑦𝑖) . (9)

Then,𝑄𝑗𝑘 = 𝑛∑
𝑖=1

𝑞𝑗𝑘 (𝑥𝑖, 𝑦𝑖) ,
𝑄 = 𝑢1𝑢2...𝑢𝑡

V1

( 𝑄11𝑄21...𝑄𝑡1
V2𝑄12𝑄22...𝑄𝑡2

⋅ ⋅ ⋅⋅ ⋅ ⋅⋅ ⋅ ⋅...⋅ ⋅ ⋅
V𝑙𝑄1𝑙𝑄2𝑙...𝑄𝑡𝑙 )

. (10)

A fuzzy relation matrix 𝑅 [34] is as follows:

𝑅 = 𝑢1𝑢2...𝑢𝑡
V1

( 𝑅11𝑅21...𝑅𝑡1
V2𝑅12𝑅22...𝑅𝑡2

⋅ ⋅ ⋅⋅ ⋅ ⋅⋅ ⋅ ⋅...⋅ ⋅ ⋅
V𝑙𝑅1𝑙𝑅2𝑙...𝑅𝑡𝑙 )

, (11)
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which can be got from an information matrix 𝑄 by using𝑅 = {𝑟𝑗𝑘}𝑡×𝑙 = {𝑟 (𝑢𝑗, V𝑘)}
𝑡×𝑙

,𝑟𝑗𝑘 = 𝑄𝑗𝑘𝑠𝑘 ,𝑠𝑘 = max
1≤𝑗≤𝑡

𝑄𝑗𝑘. (12)

Then𝐴 is denoted as the input fuzzy set to calculate the output
fuzzy set 𝐵; 𝜇𝐴 (𝑢𝑗) = 𝑡∑

𝑧=1

𝑞𝑢𝑧 , 𝑞 = {{{1, 𝑧 = 𝑗0, 𝑧 ̸= 𝑗. (13)

The fuzzy inference formula is used as follows:𝐵 = 𝐴 ∘ 𝑅, (14)

in which max–min fuzzy composition rule is denoted as
operator “∘”;𝜇𝐵 (V𝑘) = max

𝑢𝑗∈𝑈
{min [𝜇𝐴 (𝑢𝑗) , 𝑟 (𝑢𝑗, V𝑘)]} , V𝑘 ∈ 𝑉, (15)

where 𝑟(𝑢𝑗, V𝑘) ∈ (0, 1]; so we can get𝜇𝐵 (V𝑘) = max
𝑢𝑗∈𝑈

{𝑟 (𝑢𝑗, V𝑘)} . (16)

Finally, we can generate the gravity center of the fuzzy set as
the output: 𝑦𝑗 = ∑𝑙𝑘=1 V𝑘𝜇𝐵 (V𝑘)∑𝑙𝑘=1 𝜇𝐵 (V𝑘) . (17)

In general, the given sample (𝑋, 𝑌) is used to construct the
relationship between river discharge and its meteorological
factor or its antecedent values as follows:�̃� = 𝑓 (𝑋𝑖) , (18)

where𝑋𝑖 is an input vector including𝑥1, . . . , 𝑥𝑖, . . . , 𝑥𝑚, and �̃�
means the flow in the ungauged basins. So the value of river
runoff in the ungauged basins can be obtained by the IDM
method.

4. Case Study

To test the runoff interpolation effectiveness of our model
(GIDM), we carried out six experiments. These experiments
can divide into five groups. Experiments 1 and 2 are spatial
interpolation experiments of runoff on mainstream of the
Yellow River; Experiments 3 and 4 are spatial interpolation
experiments of runoff on tributaries of the Yellow River.
Experiments 5 and 6 are spatial interpolation experiments
of runoff on the mainstream and tributaries of the Yellow
River.These six experiments are carried out to test the spatial
interpolation and prediction ability of GIDM model for the
mainstream and tributaries of the same river basin. Finally,
experiment 7 is the spatial interpolation experiment of runoff

Figure 1: Map of the Yellow River basins showing the location of
hydrological stations.

in Daying mine region in Guizhou Province (representing
nonclosure small watershed of no runoff information), which
is used to validate the spatial interpolation and prediction
ability of GIDM model for the minor watershed with few
hydrological sites. An application of GIDM for runoff inter-
polation is compared with SIDM, OIDM, IDW, and COK
based on the same date.

4.1. Study Area and Data. Tangnaihai, Lanzhou, Toudaoguai,
Longmen, Tongguan, Huayuankou, Gaocun, Aishan, and
Lijin stations onmainstream of the Yellow River and Hongqi,
Huangfu, Wenjiachuan, Baijiachuan, Fanguyi, Zhangjiashan,
Baimasi, and Huaxian stations on tributaries of the Yellow
River have been selected for the experiments 1–6 (see Fig-
ure 1). The Yellow River is the third-longest river in Asia,
following the Yangtze River and Yenisei River, and the sixth-
longest in the world at the estimated length of 5,464 km.
Originating in the BayanHarMountains in Qinghai province
of western China, it flows through nine provinces, and it
empties into the Bohai Sea near the city of Dongying in
Shandong province. The Yellow river basin has an east–west
extent of about 1,900 kilometers and a north–south extent of
about 1,100 km. Its total basin area is about 742,443 square
kilometers. So the hydrological stations on the Yellow River
are selected for its importance to test the performance of our
model.

Yu sha, Baina, Gaofeng, Xiangshui, and Liulong stations
in Daying mine region in Guizhou Province (representing
nonclosure small watershed of no runoff information) have
been selected for the experiment 7.

4.2. Experiments on Estimating Annual Runoff Time Series at
Stations on Mainstream of the Yellow River. In this section,
two real examples of the annual runoff data (×108m3) from
2002 to 2011, taken at nine stations on mainstream of the
Yellow River (Figure 1), are presented on mainstream of the
same river basin by different models.

4.2.1. Experiment 1: Interpolating Annual Runoff of Two Sta-
tions Based on the Data of Other Seven Stations. The sites
are selected as Tangnaihai, Lanzhou, Toudaoguai, Longmen,
Tongguan, Huayuankou, Gaocun, Aishan, and Lijin stations
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Table 1: The latitude, longitude, altitude, catchment area, and the annual runoff from 2002 to 2011 of nine sites on mainstream of the Yellow
River.

Site Tangnaihai Lanzhou Toudaoguai Longmen Tongguan Huayuankou Gaocun Aishan Lijin
Latitude (∘N) 35.6 36 40.1 35.7 34.5 34.8 35.1 36.3 35.6
Longitude (∘E) 100.1 103.8 111.1 110.6 110.3 114.1 115.1 116.2 111
Altitude (m) 3320 1520 1620 421 327.94 205 78 197.2 8
Catchment area (km2) 121972 222551 367898 497552 682141 730036 734146 749136 751869
The runoff in 2011 (×108m3) 211.2 284.1 162.9 169.4 259.6 287.1 262.3 238.6 184.2
The runoff in 2010 (×108m3) 197.1 314 191.2 207.3 262.5 276.3 258.3 242 193
The runoff in 2009 (×108m3) 263.5 304.7 169.6 178.3 206.5 232.2 208.9 187.9 132.9
The runoff in 2008 (×108m3) 174.6 285.1 164.1 177.6 204.8 236.1 220.8 197.1 145.6
The runoff in 2007 (×108m3) 189.0 307.0 189.3 205.9 250.4 269.7 259.8 248.7 204.0
The runoff in 2006 (×108m3) 141.3 298.9 174.9 199.6 233.4 281.1 265.9 246.6 191.7
The runoff in 2005 (×108m3) 255.0 291.1 150.2 169.2 230.8 257.0 243.4 245.4 206.8
The runoff in 2004 (×108m3) 151.3 238.5 127.6 158.5 197.3 240.5 231.0 233.7 198.8
The runoff in 2003 (×108m3) 171.6 219.7 115.6 162.3 261.4 272.7 257.6 240.0 192.6
The runoff in 2002 (×108m3) 105.8 235.8 122.8 156.6 174.7 195.6 157.7 107.9 41.90

Table 2: The corresponding diffusion coefficients of Experiment 1.
SWW OWW IWW

X1 5.3742 14.2077 0.6941
X2 6.7812 15.4218 0.7732
X3 9.8157 22.4517 1.2850
X4 4.8641 17.3608 0.4585
Y 5.5214 32.9110 0.3155

on mainstream of the Yellow River (Figure 1). As Table 1
shown, the latitude, longitude, altitude, and catchment area
of nine sites are known. The natural annual runoff data of
seven sites (Tangnaihai, Toudaoguai, Longmen, Tongguan,
Huayuankou, Gaocun, andAishan) are known formodelling,
while the natural annual runoff data of Lanzhou site (located
upstream of the Yellow River) and Lijin site (located down-
stream of the Yellow River) are seen as unknown for testing,
which are obtained through spatial interpolation. The actual
annual runoff data of Lanzhou site and Lijin site in Table 1 can
be used to test the results of spatial interpolation.

The specific procedure of the test is as follows.

Step 1. The data of seven sites (Tangnaihai, Toudaoguai,
Longmen, Tongguan, Huayuankou, Gaocun, and Aishan) on
mainstream of the Yellow River is used as the modelling
sample, in which latitude, longitude, altitude, and catchment
area are seen as input data and the natural runoff data in
2011 are seen as output data. So the input data is 𝑋 =(𝑥1, 𝑥2, 𝑥3, 𝑥4) = {(35.6, 100.1, 3320, 121972), (40.1, 111.1,1620, 367898), . . . , (36.3, 116.2, 197.2, 749136)} and the out-
put data is 𝑌 = {211.2, 284.1, 162.9, 169.4, . . . , 184.2}.
Step 2. Calculate the window width of IDM based on the
discussion in the Section 2. Table 2 is the results of SWW,
IWW, and OWW.

Step 3. Appropriate illustrating points are very important
because they present the basic information of the system.The

illustrating space can be reconstructed based on the statistical
analysis.

Step 4. The input data of two test sites Lanzhou and Lijin
is 𝑋 = (𝑥1, 𝑥2, 𝑥3, 𝑥4) = {(36, 103.8, 1520, 222551), (35.6,111, 8, 751869)}, respectively, calculating the final output (the
natural runoff of two sites in 2011) using (8) to (18).

Step 5. Similar as the above calculation progress of the natural
runoff of two sites in 2011, we can also get the annual natural
runoff results of two sites from 2002 to 2010.

To further test the interpolating results of our GIDM
model, we not only use the SIDM and OIDM methods
to be compared with the GIDM model, but also choose
the IDW and COK interpolation method, which are two
most commonly spatial interpolation methods now, to be
compared with the GIDM model. Specific principles and
operational steps of the IDW and COK interpolationmethod
can be seen in the related literature [35–37], which are not
described in detail here.

Figure 2 shows interpolated and observed runoffs in
Lanzhou station and Lijin station.Thepreformation ofGIDM
is better than the other four models for two sites. From
Figure 2(a), some obvious oversimulations exist in 2003,
2004, and 2006, which are the same as undersimulations
in 2009, 2010, and 2011 obtained by SIDM, OIDM, IDW,
and COK, while the GIDM exhibits a good correlation.
Although a few discrepancies between simulated data and
observed data using GIDM exist (such as from 2004 to 2006),
considering the limited samples, the general tendency can be
accepted.

The Mean Absolute Percentage Error (MAPE, [38]), the
Root Mean Square Error (RMSE, [39, 40]), the Nash and
Sutcliffe coefficient (E, [41]), and the coefficient of correlation
(𝑅, [39]) are selected to test the model. The RMSE, R, E, and
MAPE of differentmodels are shown in Table 3. FromTable 3,
the IDW performs worst and GIDM performs best among
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Table 3: The RMSE, 𝑅, 𝐸, and MAPE of five different models in Lanzhou site and Lijin site (where boldface font indicates the best
performance).

Site Model RMSE 𝑅 𝐸 MAPE

Lanzhou

IDW 12.39 0.8571 0.7426 41.36%
COK 11.32 0.8897 0.7918 35.71%
SIDM 10.72 0.9016 0.8127 32.65%
OIDM 10.19 0.9089 0.8194 29.71%
GIDM 6.48 0.9367 0.8457 12.33%

Lijin

IDW 10.26 0.7983 0.6860 52.73%
COK 9.07 0.8258 0.7169 43.34%
SIDM 9.01 0.8617 0.7607 41.28%
OIDM 8.25 0.8865 0.7815 36.45%
GIDM 5.97 0.9260 0.8213 18.42%

The average

IDW 11.325 0.8277 0.7143 47.05%
COK 10.195 0.85775 0.75435 39.53%
SIDM 9.865 0.88165 0.7867 36.97%
OIDM 9.22 0.8977 0.80045 33.08%
GIDM 6.225 0.9314 0.8335 15.38%
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Figure 2: Comparison of observed runoff and interpolated runoff forced by IDW, COK, SIDM, OIDM, and GIDM at gauges Lanzhou (a)
and Lijin (b) from 2002 to 2011.

five different models. For example, in Lanzhou site from
2002 to 2011, considering a high value of 169.1500 × 108m3
(the average annual runoff) at the Lanzhou gauging station,
the GIDM with an RMSE value of 6.48 × 108m3 performed
satisfactorily up to the interpolation. Moreover, the GIDM
obtained the best R, E, and MAPE statistics of 0.9367, 0.8457,
and 12.33% in Lanzhou site, respectively, while the MAPEs
of other four models are all over 28%. So the interpolation
results of GIDM not only are better than those of the
traditional IDW and COK interpolation method, but also
can improve traditional IDM interpolation by about 10–40%.
Therefore, based on Table 3, the averages of MAPE, RMSE,
E, and 𝑅 of GIDM are 15.38%, 6.225 (×108m3), 0.8335, and
0.9314, so the GIDM has consistency and reliable robustness.

The test site Lanzhou is located in the upper reaches of
the Yellow River, which is little affected by human activities,
while the test site Lijin is located in the lower reaches of
the Yellow River, which is intensely influenced by human
activities. The site observation data implies the impact of
human activities to the natural runoff. Under this case, in this
study area the GIDM method is used to research the spatial
specificity of runoff and the RMSE, 𝑅, 𝐸, andMAPE statistics
of interpolation results is 5.97 (×108m3), 0.9260, 0.8213, and
18.42%, which is a little worse than those of Lanzhou site. It
indicates that the interpolation and prediction in the region
intensely influenced by human activities are more difficult
than those in the region little affected by human activities,
but on the whole its interpolation results are still accurate,



Discrete Dynamics in Nature and Society 7

Table 4: The RMSE, R, E, and MAPE of five different models in Lanzhou site, Huayuankou site, and Lijin site (where boldface font indicates
the best performance).

Site Model RMSE R E MAPE

Lanzhou

IDW 14.26 0.8324 0.7269 47.59%
COK 13.14 0.8496 0.7348 43.88%
SIDM 11.86 0.8807 0.7715 39.39%
OIDM 10.94 0.8914 0.7952 35.28%
GIDM 7.93 0.9183 0.8274 18.45%

Huayuankou

IDW 14.41 0.8376 0.7213 45.60%
COK 12.31 0.8783 0.7762 38.15%
SIDM 12.35 0.8718 0.7723 38.63%
OIDM 10.84 0.9008 0.8016 34.18%
GIDM 8.07 0.9243 0.8317 26.67%

Lijin

IDW 11.17 0.7916 0.6817 54.54%
COK 11.45 0.8341 0.7258 54.89%
SIDM 9.6 0.8516 0.742 43.63%
OIDM 7.31 0.9083 0.8062 25.38%
GIDM 11.17 0.7916 0.6817 54.54%

The average

IDW 14.13 0.8072 0.7015 51.19%
COK 12.21 0.8398 0.7309 44.19%
SIDM 11.89 0.8622 0.7565 44.97%
OIDM 10.46 0.8813 0.7796 37.36%
GIDM 7.77 0.9170 0.8218 20.50%

which indicates that the GIDM method can reflect changes
in the underlying surface to a certain extent and ensure the
reliability of the results of runoff interpolation.

4.2.2. Experiment 2: Interpolating Annual Runoff ofThree Sta-
tions Using the Data of Other Six Stations. In experiment 2,
from 2002 to 2011, the annual natural runoff data of six sites
(Tangnaihai, Toudaoguai, Longmen, Tongguan, Gaocun, and
Aishan) in Table 1 are known for modelling, while the annual
natural runoff data of Lanzhou site (located upstream of
the Yellow River), Huayuankou site (located midstream of
the Yellow River), and Lijin site (located downstream of the
Yellow River) are seen as unknown for testing (Figure 1),
which can be obtained through spatial interpolation. The
actual annual runoff data of Lanzhou, Huayuankou, and
Lijin site in Table 1 can be used to test the results of
spatial interpolation. Through similar calculation steps as
experiment 1, the annual natural runoff of three sites from
2002 to 2011 can be obtained.

Figure 3 describes reconstructed and observed runoff
from different models. The correlation of the GIDM between
reconstructed and observed runoff is best among the five
different models, although some slight oversimulations and
undersimulations exist. Table 4 shows a comparison among
different five models and the GIDM method obtains best
accuracy among five different models in terms of differ-
ent evaluation measures. The average of RMSE, 𝑅, 𝐸, and
MAPE of the GIDM is 7.77 (×108m3), 0.9170, 0.8218, and
20.50%. Comparing with the average results of GIDM in
Table 3, we can see that the interpolating results are worse
in experiment 2 than those in experiment 1. In addition,

simulations of all five models gradually become bad based
on more data for training. That is because in experiment 2
there are only 6 sites to train and the samples contain less
information of the runoff than that in experiment 1. But the
averageMAPE of GIDM is 20.50% and the average 𝑅 is above
0.9, which indicates that the general results of GIDM are
still good and could be acceptable, considering the only six
training samples.

Similar as the experiment 1, in this experiment, the inter-
polation and prediction in the region intensely influenced
by human activities (Huayuankou and Lijin sites) are more
difficult than those in the region little affected by human
activities (Lanzhou site), but on the whole their interpolation
results are still accurate.

4.3. Experiments on Estimating Annual Runoff Time Series
at Stations on the Tributaries of the Yellow River. In this
section, two real examples of the annual runoff data (×108m3)
from 2002 to 2011, taken at eight stations on the tributaries
of the Yellow River (Figure 1) are shown to illustrate the
implementation on the tributaries of the same watershed by
different models.

4.3.1. Experiment 3: Interpolating Annual Runoff of Two Sta-
tions Using the Data of Other Six Stations. In experiment 3,
from 2002 to 2011, the annual natural runoff data of six
sites (Huangfu,Wenjiachuan, Baijiachuan,Ganguyi, Zhangji-
ashan, andHuaxian) on the tributaries of the Yellow River are
known for modelling, while the annual natural runoff data
of two sites (Hongqi and Baimasi) on the tributaries of the
YellowRiver are seen as unknown for testing (Figure 1), which
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Figure 3: Comparison of observed runoff and interpolated runoff forced by IDW, COK, SIDM, OIDM, and GIDM at gauges Lanzhou (a),
Huayuankou (b), and Lijin (c) from 2002 to 2011.

can be obtained through spatial interpolation. The actual
annual runoff data of Hongqi and Baimasi site can be used
to test the results of spatial interpolation. Through similar
calculation steps as experiment 1, the annual natural runoff
of two sites from 2002 to 2011 can be obtained.

Figure 4 describes reconstructed and observed runoff
from different models. The correlation of the GIDM between
reconstructed and observed runoff is best among the five
different models, although some slight oversimulations and
undersimulations exist. Table 5 shows a comparison among
different five models and the GIDM method obtains best
accuracy among five different models in terms of different
evaluationmeasures.The averages of RMSE,𝑅, 𝐸, andMAPE
of the GIDM are 2.975 (×108m3), 0.9184, 0.8197, and 32.16%.
Comparing with the average results of all models in Table 4,
we can see that the interpolating results of all models in
experiment 3 are worse than those in experiment 2, which
also has only six training samples. For example, the average

MAPE of GIDM is 32.16% in experiment 3, while that in
experiment 2 is only 20.50%. The reason is that the sites
in experiment 3 on the tributaries of the Yellow River also
belong to different subrivers, like theHongqi site belonging to
Tao subriver, Huangfu belonging to Huangfuchuan subriver,
Wenjiachuan belonging to kuye subriver and Baimasi belong-
ing to Beiluo subriver, and so forth. So the underlying surface
and river hydrological processes are more complex, which
will make the interpolation and prediction more difficult.
Also, considering the modelling data, the data magnitudes
of nine sites on the mainstream of the Yellow River in
experiments 1 and 2 are not greatly different from each other,
while the data magnitudes of eight sites on the tributaries
of the Yellow River in experiment 3 are very different from
each other. For example, the maximum ten-year average
annual runoff is Huaxian, which is 52.89 (×108m3), and the
minimum ten-year average annual runoff is Huangfuchuan,
which is only 0.3022 (×108m3). The large differences among
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Table 5: The RMSE, 𝑅, 𝐸, and MAPE of five different models in Hongqi site and Baimasi site (where boldface font indicates the best
performance).

Site Model RMSE 𝑅 𝐸 MAPE

Hongqi

IDW 6.42 0.8691 0.7572 92.55%
COK 5.32 0.8951 0.8103 67.32%
SIDM 5.61 0.9037 0.8239 69.14%
OIDM 5.01 0.9124 0.8311 53.68%
GIDM 3.91 0.9251 0.8317 38.02%

Baimasi

IDW 3.24 0.8238 0.7143 93.13%
COK 2.91 0.8451 0.7326 65.28%
SIDM 3.03 0.8572 0.7469 69.10%
OIDM 2.80 0.8913 0.7905 44.89%
GIDM 2.04 0.9116 0.8076 26.29%

The average

IDW 4.83 0.8465 0.7358 92.84%
COK 4.115 0.8701 0.7715 66.30%
SIDM 4.32 0.8805 0.7854 69.12%
OIDM 3.905 0.90185 0.8108 49.29%
GIDM 2.975 0.9184 0.8197 32.16%
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Figure 4: Comparison of observed runoff and interpolated runoff forced by IDW, COK, SIDM, OIDM, and GIDM at gauges Hongqi (a) and
Baimasi (b) from 2002 to 2011.

the runoff magnitudes in different sites can also affect the
interpolation results. But the average MAPE of GIDM is
32.16% and the average 𝑅 is above 0.9 in experiment 3, which
indicates that the general results of GIDM still could be
acceptable.

4.3.2. Experiment 4: Interpolating Annual Runoff of Four Sta-
tions Using the Data of Other Four Stations. In experiment 4,
from 2002 to 2011, the annual natural runoff data of four sites
(Huangfu, Wenjiachuan, Baijiachuan, and Zhangjiashan) on
the tributaries of the Yellow River are known for modelling,
while the annual natural runoff data of four sites (Hongqi,
Ganguyi, Baimasi, and Huaxian) on the tributaries of the
YellowRiver are seen as unknown for testing (Figure 1), which
can be obtained through spatial interpolation. The actual

annual runoff data of Hongqi, Ganguyi, Baimasi, and Huax-
ian site can be used to test the results of spatial interpolation.
Through similar calculation steps as experiment 1, the annual
natural runoff of four sites from 2002 to 2011 can be obtained.

Figure 5 describes reconstructed and observed runoff
from different models. The correlation of the GIDM between
reconstructed and observed runoff is best among the five
different models, although some slight oversimulations and
undersimulations exist. Table 6 shows a comparison among
different five models and the GIDM method obtains best
accuracy among five different models in terms of different
evaluation measures. The averages of RMSE, 𝑅, 𝐸, and
MAPE of the GIDM are 3.21 (×108m3), 0.9033, 0.7891, and
39.32%. Comparing with the average results of all models in
Table 5, we can see the interpolating results of all models
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Table 6: The RMSE, 𝑅, 𝐸, and MAPE of five different models in Hongqi site, Ganguyi, Baimasi, and Huaxian site (where boldface font
indicates the best performance).

Site Model RMSE 𝑅 𝐸 MAPE

Hongqi

IDW 7.88 0.8245 0.7123 116.43%
COK 6.89 0.8678 0.7519 94.12%
SIDM 6.97 0.8732 0.7644 97.28%
OIDM 5.86 0.8905 0.7847 65.50%
GIDM 4.78 0.9033 0.7945 44.76%

Ganguyi

IDW 2.45 0.5103 0.4016 156.52%
COK 1.87 0.6722 0.5518 115.06%
SIDM 1.94 0.6903 0.5802 120.67%
OIDM 1.41 0.7388 0.6155 83.48%
GIDM 0.75 0.8792 0.7616 48.57%

Baimasi

IDW 4.55 0.7891 0.6618 126.55%
COK 3.67 0.8105 0.7025 98.43%
SIDM 3.91 0.8145 0.7056 101.16%
OIDM 3.34 0.8534 0.7501 72.05%
GIDM 2.56 0.884 0.7711 38.30%

Huaxian

IDW 9.01 0.7365 0.6140 88.04%
COK 7.55 0.7890 0.6658 61.28%
SIDM 7.84 0.8104 0.7022 63.45%
OIDM 6.06 0.8615 0.7507 45.18%
GIDM 4.75 0.9067 0.7890 25.65%

The average

IDW 5.97 0.7151 0.5974 121.89%
COK 4.99 0.7849 0.6680 92.22%
SIDM 5.17 0.7971 0.6881 95.64%
OIDM 4.17 0.8361 0.7253 66.55%
GIDM 3.21 0.8933 0.7791 39.32%

are worse in experiment 4 than those in experiment 3. That
is because in experiment 4 there are only 4 sites to train
and the samples include less information of the runoff. But
comparing experiment 3 and 4, we can see that the degree
of the test results variation of the other four models is much
larger than that of the GIDM method. The test results of
the GIDMmethod only slightly deteriorate. For example, the
MAPE of OIDM in Table 6 is 66.30%, which is a 34.51%
increase than that of OIDM in Table 5, while the MAPE of
GIDM in Table 6 is 39.32%, which is a 22.26% increase than
that of GIDM in Table 5. Similarly, the reductions of 𝑅 and 𝐸
of GIDM are about 2.81% and 5.21%, which also indicate that
the results of GIDM in experiment 4 are just a little worse
than those in experiment 3.

The average MAPE of GIDM is 32.16% and the average 𝑅
is above 0.9, which indicates that the general results of GIDM
still could be acceptable. Considering only 4 sample sites for
modelling, the spatial interpolation of the GIDM method is
still good.

4.4. Experiments on Estimating Annual Runoff Time Series
at Stations on the Mainstream and Tributaries of the Yellow
River. In this section, two real examples of the annual runoff
data (×108m3) from 2002 to 2011, taken at 17 stations on the
mainstream and tributaries of the Yellow River (Figure 1) are
shown to illustrate the implementation on the mainstream

and tributaries of the same watershed mixed together by
different models.

4.4.1. Experiment 5: Interpolating Annual Runoff of Three
Stations Using the Data of Other 14 Stations. In experiment 5,
from 2002 to 2011, the annual natural runoff data of 14 sites
(Tannaihai, Toudaoguai, Longmen, Huangfu, Wenjiachuan,
Baijiachuan and Zhangjiashan, etc., 7 sites on themainstream
of the Yellow River and 7 sites on the tributaries of the Yellow
River) are known for modelling, while the annual natural
runoff data of three sites (Lanzhou, Lijin, and Hongqi, 2
sites on the mainstream of the Yellow River and 1 site on
the tributaries of the Yellow River) are seen as unknown
for testing (Figure 1), which can be obtained through spatial
interpolation. The actual annual runoff data of Lanzhou,
Lijin, and Hongqi sites can be used to test the results of
spatial interpolation. Through similar calculation steps as
experiment 1, the annual natural runoff of three sites from
2002 to 2011 can be obtained.

Figure 6 describes reconstructed and observed runoff
from different models. The correlation of the GIDM between
reconstructed and observed runoff is best among the five
different models, although some slight oversimulations and
undersimulations exist. Table 7 shows a comparison among
different five models and the GIDM method obtains best
accuracy among five different models in terms of different
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Figure 5: Comparison of observed runoff and interpolated runoff forced by IDW, COK, SIDM, OIDM, and GIDM at gauges Hongqi (a),
Ganguyi (b), Baimasi (c) and Huaxian (d) from 2002 to 2011.

evaluation measures. The average of RMSE, 𝑅, 𝐸, and MAPE
of the GIDM is 5.86 (×108m3), 0.9348, 0.8277, and 25.16%.
Comparing with the average results of all models in Table 5,
we can see the interpolating results of all models are better
in experiment 5 than those in experiment 3. For example,
the average MAPE of GIDM is 25.16% in experiment 5,
while that in experiment 3 is only 32.16%. That is because
similar as the experiment 3, the underlying surface and river
hydrological processes of the mainstream and tributaries of
theYellowRivermixed together aremore complex, whichwill
make the interpolation and prediction more difficult. And
the large differences among the runoff in different sites can
also affect the interpolation results. But the sample sites in
experiment 5 are many, 14 sites, while the test sites are only
three. More samples contain the more information, which
will cause the final interpolation and prediction results to
be better than those in experiment 3. The average MAPE
of GIDM is 25.16% and the average 𝑅 is above 0.9, which

indicates that the general results of GIDM are good and still
could be acceptable.

4.4.2. Experiment 6: Interpolating Annual Runoff of Six Sta-
tions Using the Data of Other 11 Stations. In experiment 6,
from 2002 to 2011, the annual natural runoff data of 11 sites
(Tannaihai, Toudaoguai, Longmen, Huangfu, Wenjiachuan
and Baijiachuan, etc., 6 sites on the mainstream of the Yellow
River and 5 sites on the tributaries of the Yellow River)
are known for modelling, while the annual natural runoff
data of six sites (Lanzhou, Huayuankou, Linjin, Hongqi,
Ganguyi, and Huaxian, 3 sites on the mainstream of the
Yellow River and 3 sites on the tributaries of the Yellow
River) are seen as unknown for testing (Figure 1), which
can be obtained through spatial interpolation. The actual
annual runoff data of Lanzhou, Huayuankou, Linjin, Hongqi,
Ganguyi, and Huaxian site can be used to test the results
of spatial interpolation. Through similar calculation steps as
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Table 7: The RMSE, 𝑅, 𝐸, and MAPE of five different models in Lanzhou site, Lijin site, and Hongqi site (where boldface font indicates the
best performance).

Site Model RMSE 𝑅 𝐸 MAPE

Lanzhou

IDW 13.12 0.8551 0.7417 42.89%
COK 11.29 0.8704 0.7658 34.52%
SIDM 11.16 0.8913 0.7928 34.11%
OIDM 8.88 0.9146 0.8108 27.59%
GIDM 6.55 0.9344 0.8215 12.41%

Lijin

IDW 11.76 0.7857 0.678 55.15%
COK 9.51 0.846 0.7401 43.54%
SIDM 9.33 0.8773 0.776 42.44%
OIDM 8.78 0.9104 0.8008 37.69%
GIDM 6.67 0.9355 0.8298 21.55%

Hongqi

IDW 7.44 0.8567 0.7428 105.18%
COK 6.43 0.8807 0.7701 92.74%
SIDM 6.77 0.8924 0.7815 93.45%
OIDM 5.23 0.9158 0.8103 64.98%
GIDM 4.35 0.9344 0.8318 41.51%

The average

IDW 10.77 0.8325 0.7208 67.74%
COK 9.08 0.8657 0.7587 56.93%
SIDM 9.09 0.8870 0.7834 56.67%
OIDM 7.63 0.9136 0.8073 43.42%
GIDM 5.86 0.9348 0.8277 25.16%

experiment 1, the annual natural runoff of six sites from 2002
to 2011 can be obtained.

Figure 7 describes reconstructed and observed runoff
from different models. The correlation of the GIDM between
reconstructed and observed runoff is best among the five
different models, although some slight oversimulations and
undersimulations exist. Table 8 shows a comparison among
different five models and the GIDM method obtains best
accuracy among five different models in terms of different
evaluationmeasures.The averages of RMSE,𝑅, 𝐸, andMAPE
of the GIDM are 6.63 (×108m3), 0.8719, 0.7669, and 40.56%.
Comparing with the average results of all models in Table 7,
we can see the interpolating results of all models are worse
in experiment 6 than those in experiment 5. That is because
in experiment 6 the sample sites drastically reduce and the
samples include less information of the runoff, which cause
the interpolation results turning bad.

Also comparing with the average results of all mod-
els in Table 5, we can see the that interpolating results
of all models are worse in experiment 6 than those in
experiment 3. For example, the average MAPE of GIDM
is 40.56% in experiment 6, while that in experiment 3 is
only 32.16%. This shows that under the less training sample
the interpolation on the mainstream and tributaries of the
Yellow River mixed together will be more difficult than
that in experiment 3. That is because the underlying surface
and river hydrological processes of the mainstream and
tributaries of the Yellow River mixed together are more
complex than those in experiment 3, which will make the
interpolation and predictionmore difficult. Also, considering
the modelling data, the differences of data magnitudes of 17

sites on the mainstream and tributaries of the Yellow River
in experiments 6 (Difference of magnitude is 1000 times)
are more than those of 8 sites on the tributaries of the
Yellow River in experiment 3 (Difference of magnitude is 100
times).The large differences among the runoffmagnitudes in
different sites can also affect the interpolation results.

Previous studies also found that the spatial interpolation
results on the mainstream and tributaries of the same river
basin mixed together are slightly worse than those only on
the mainstream or on the tributaries of the same river basin
[24, 42, 43]. For example, Yan et al. [24] carried out a case
study of the Huaihe river basin above Bengbu based on
a hydrostochastic approach method. His study also found
that the interpolation on the mainstream and tributaries of
the Yellow River mixed together will be difficult. So in this
experiment, the average MAPE of GIDM is 40.56% and the
average 𝑅 is above 0.85. Considering the less sample sites and
the difficultly of the interpolation on the mainstream and
tributaries of the Yellow River mixed together, the general
results of GIDM are good and still could be acceptable.

4.5. Experiment 7: Experiments on Estimating Annual Runoff
Time Series at Stations on Nonclosure Small Watershed of No
Runoff Information. In this section, one real example of the
annual runoff data (×105m3) from 2002 to 2011, taken at
5 stations in Daying mine region in Guizhou Province is
shown to illustrate the implementation on the nonclosure
small watershed of no runoff information by differentmodels.

The Daying mine region is located in Dianzi village of
Dafang town inGuizhouProvince. Its geographic coordinates
are [105∘4249E-105∘4359E, 27∘1257-27∘1405N]. The



Discrete Dynamics in Nature and Society 13

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011
50

100
150
200
250
300
350
400
450
500

(Year)

Observed
IDW
COK

SIDM
OIDM
GIDM

A
nn

ua
l r

iv
er

 d
isc

ha
rg

e (
×
1
0
8
m

3
)

(a)

Observed
IDW
COK

SIDM
OIDM
GIDM

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

0
50

100
150
200
250
300
350
400

(Year)

−100

−50A
nn

ua
l r

iv
er

 d
isc

ha
rg

e (
×
1
0
8
m

3
)

(b)

Observed
IDW
COK

SIDM
OIDM
GIDM

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011
(Year)

0

50

100

150

200

−100

−50A
nn

ua
l r

iv
er

 d
isc

ha
rg

e (
×
1
0
8
m

3
)

(c)

Figure 6: Comparison of observed runoff and interpolated runoff forced by IDW, COK, SIDM, OIDM, and GIDM at gauges Lanzhou (a),
Lijin (b), and Hongqi (c) from 2002 to 2011.

Daying mine region is located in the western of Guizhou
Plateau and belongs to north subtropical monsoon warm-
wet weather patterns. The annual rainfall is about 1000mm
and the region belongs to rain source river basin. The
Daying mine region belongs to the upstream basin of the
Wuxi River and there is only Liulong hydrological station
in this region. In this experiment, the Daying mine region
can be seen as nonclosure small watershed of no runoff
information (the Liulong sites can be seen as a test site).
There are four hydrological sites (Yusha, Baina, Gaofeng,
and Xiangshui) nearby the mine basin. The annual runoff
data of each hydrological station have been reorganized and
comprehensively checked, which makes the data available
and reliable. Similarly as the experiment 1, from 2002 to
2011, the annual natural runoff data of 4 sites (Yusha, Baina,

Gaofeng, and Xiangshui) are known for modelling, while
the annual natural runoff data of the Liulong site in the
Dayingmine region (nonclosure small watershed of no runoff
information) are seen as unknown for testing, which can be
obtained through spatial interpolation.

Table 9 shows a comparison among different five models
and the GIDM method obtains best accuracy among five
different models in terms of different evaluation measures.
The averages of RMSE,𝑅, 𝐸, andMAPE of the GIDM are 4.55
(×105m3), 0.9352, 0.8204, and 27.54%. Comparing with the
average results of the above eight experiments, we can see for
nonclosure small watershed of no runoff information, under
the few training samples, the interpolating results of GIDM
are still accurate, indicating that our model has good general
applicability and reliability.
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Figure 7: Comparison of observed runoff and interpolated runoff forced by IDW, COK, SIDM, OIDM, and GIDM at gauges Lanzhou (a),
Huayuankou (b), Lijin (c), Hongqi (d), Ganguyi (e), and Huaxian (f) from 2002 to 2011.
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Table 8: The RMSE, 𝑅, 𝐸, and MAPE of five different models in Lanzhou, Huayuankou, Lijin, Hongqi, Ganguyi, and Huaxian site (where
boldface font indicates the best performance).

Site Model RMSE 𝑅 𝐸 MAPE

Lanzhou

IDW 17.33 0.8106 0.7051 52.12%
COK 15.98 0.8333 0.7286 48.19%
SIDM 14.17 0.8516 0.7455 45.15%
OIDM 14.06 0.8914 0.7952 44.66%
GIDM 9.88 0.9004 0.8103 28.18%

Huayuankou

IDW 17.88 0.8132 0.7045 49.15%
COK 14.28 0.8518 0.7428 44.92%
SIDM 14.44 0.8603 0.7519 45.85%
OIDM 12.58 0.8884 0.7803 39.07%
GIDM 9.28 0.9036 0.8015 27.91%

Lijin

IDW 15.71 0.7174 0.6140 65.41%
COK 13.28 0.7521 0.6489 57.13%
SIDM 13.89 0.8019 0.6977 58.62%
OIDM 11.94 0.8144 0.7028 55.97%
GIDM 8.67 0.8607 0.7529 33.41%

Hongqi

IDW 8.04 0.7917 0.6944 125.18%
COK 7.02 0.8311 0.7207 96.31%
SIDM 7.05 0.8357 0.7248 100.55%
OIDM 6.21 0.8631 0.7550 77.42%
GIDM 5.14 0.8844 0.7706 54.28%

Ganguyi

IDW 2.76 0.4782 0.3864 171.49%
COK 2.09 0.6145 0.5028 124.57%
SIDM 2.18 0.6455 0.5387 131.24%
OIDM 1.67 0.6911 0.5907 96.72%
GIDM 1.02 0.8144 0.7058 66.18%

Huaxian

IDW 9.85 0.7066 0.6024 94.27%
COK 8.28 0.7422 0.6340 80.36%
SIDM 8.33 0.7801 0.6705 83.27%
OIDM 6.92 0.8288 0.7106 55.25%
GIDM 5.46 0.8677 0.7601 33.42%

The average

IDW 11.93 0.7196 0.6178 92.94%
COK 10.16 0.7708 0.6630 75.25%
SIDM 10.01 0.7959 0.6882 77.45%
OIDM 8.90 0.8295 0.7224 61.52%
GIDM 6.63 0.8719 0.7669 40.56%

Table 9: The RMSE, 𝑅, 𝐸, and MAPE of five different models in Liulong site (where boldface font indicates the best performance).

Site Model RMSE 𝑅 𝐸 MAPE

Liulong

IDW 9.48 0.8440 0.7310 54.38%
COK 8.86 0.8781 0.7640 46.67%
SIDM 6.74 0.8804 0.7608 46.15%
OIDM 5.61 0.9014 0.8011 35.45%
GIDM 4.55 0.9352 0.8204 27.54%

5. Discussion and Conclusions

5.1. Discussion. Although Prediction in Ungauged Basins
(PUB) in recent years has attracted more and more attention
of research scientists and they made a lot of research, how-
ever, due to the problem complexity andmethods limitations,
the researches in this area still have much room to be

improved. For example, Srinivasan et al. [44] propose a
framework for developing Soil and Water Assessment Tool
(SWAT) input data, including hydrography, terrain, land use,
soil, tile, weather, and management practices, for the Upper
Mississippi River basin (UMRB). The uncalibrated SWAT
model ably predicts annual streamflow at 11 USGS gauges and
crop yield at a four-digit hydrologic unit code (HUC) scale.
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But there is an obvious error between their simulated results
and the observed results. Recently, regionalization has widely
used in the PUB (Jin et al., 2008); [45–47]. Regionalization
is typically used to estimate parameter values of hydrological
predictive tools for catchments without observed streamflow.
But the prediction results are still not satisfactory and should
be improved. For example, Jin et al. (2008) carried out
regionalization study of a conceptual hydrological model in
Dongjiang basin, south China. The hypothetical ungauged
catchments produced acceptable results with an average
coefficient of efficiency (ME) value equals to 0.72. Li et al.
[47] propose a new regionalization method, called the index
model, and predict flow duration curve in ungauged basins.
The average coefficient of efficiency of their model is 0.722.

Comparing with the previous model, the advantages of
our model are as follows:

(1) The GIDM model is a nonlinear information diffu-
sion model, which is in line with the changes in the
hydrological runoff.

(2) The demand of the training sites number is not high,
such as the experiment 4. For a few training sam-
ple, the spatial structure simulation of hydrological
variables is good and the interpolation results are
accurate.

(3) The interpolation process of many geostatistical
methods needs to add water balance constraints,
which controls the export flows of each subbasin.
Before the runoff calculation, the runoff data in the
study should be normalized [22]. In their interpo-
lation process, in order to measure the correlation
between the basins, the distance between the sub-
basins of the interpolation algorithm should needs to
be redefined [23].The calculation of the entire process
is complex and the conversion is troublesome. But the
calculation process of our GIDMmodel is simple and
convenient to operate.

(4) The test shows that the interpolation results of
our model for the watershed intensely influenced
by human activities (such as the Lijin sites in
experiments 1 and 2) are also very good.

5.2. Conclusions. Our paper proposes a new method for
reconstructing the river runoff based on incomplete data.
The paper provides a new method to solve the Prediction in
UngaugedBasins (PUB) problem.The algorithm can improve
the IDMs by unraveling more information. Conventional
IDMs, IDW, and COK are used for the comparison. Seven
experiments based on GIDM for the runoff interpolation at
different stations on the Yellow River are carried out, com-
paredwith SIDM,OIDM, IDW, andCOK.These experiments
can divide into five groups.The advantages of ourmethod are
as follows:

(1) GIDM is a useful tool for the river runoff spatial
interpolation. The traditional method may get the
acceptable result based on much more data. Through
6 experiments of the three species, we can fully verify

that the interpolation results of theGIDMmethodnot
only are better than those of the traditional IDW and
COK methods, but also can improve the traditional
IDM interpolation by about 10−40%.

(2) In the middle and lower reaches of the Yellow
River intensely influenced by human activities, the
site observation data implies the impact of human
activities on the natural runoff. Under this situation,
the interpolation results of the GIDM method in
study area are still good, which can overcome the
traditional hydrological interpolation methods hav-
ing good interpolating results only in the natural
watershed.

(3) The previous six experiments proved that the inter-
polation results of the GIDM method on great rivers
are good. Through experiment 7, we can see for
nonclosure small watershed of no runoff information,
under the few training samples, that the interpolating
results of GIDM are still accurate, indicating that our
model has good general applicability and reliability.

(4) Through the four different types of experiments, we
can conclude that the number of modelling sites,
the differences of the underlying surface and river
hydrological processes among sites, and the difference
of data magnitudes among sites are three key factors
impacting the interpolation results of our GIDM
method. This is why the interpolation and prediction
results in experiments 6 are the worst among all the
experiments. Even so, the average MAPE of GIDM in
experiment 6 is under 45% and the average𝑅 is above
0.85, still in the acceptable range.

Although the new IDM is a useful tool for the river
runoff spatial interpolation, it still cannot be acceptable with
too small samples. So our future work will focus on these
items. For example, we can establish a more useful diffusion
function, or we can save computation time of the IDMs, and
so forth.

Appendix

Principles of Information Diffusion and
Simple Window Width

Let𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑛} be a given sample and let the universe
of discourse be𝑈. If and only if𝑋 is incomplete, theremust be
a reasonable information diffusion function 𝜇(𝑥𝑖, 𝑢), 𝑢 ∈ 𝑈,
which can accurately estimate the real relation R1. This is
called the principle of information diffusion [25]. Let 𝑥𝑖 (𝑖 =1, 2, . . . , 𝑛) be 𝑛 independent identically distributed observa-
tions drawn from a population with density 𝑝(𝑥), 𝑥 ∈ R1.
Suppose 𝜇(𝑥) is a Borel measurable function in (−∞, +∞).𝑓 (𝑥) = 1𝑛𝑑 𝑛∑

𝑖=1

𝜇 [𝑥 − 𝑥𝑖𝑑 ] . (A.1)
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The above equation is called an information diffusion estima-
tor of𝑝(𝑥) [25]. Huang [25] got the normal diffusion function
as 𝜇 (𝑥) = 1𝑑√2𝜋 exp[− 𝑥22𝑑2] (A.2)

and the Simple Window Width (SWW) 𝑑 as (𝑏 = max(𝑋),𝑎 = min(𝑋)).

𝑑 =
{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{{

0.8146 (𝑏 − 𝑎) , 𝑛 = 50.5690 (𝑏 − 𝑎) , 𝑛 = 60.4560 (𝑏 − 𝑎) , 𝑛 = 70.3860 (𝑏 − 𝑎) , 𝑛 = 80.3362 (𝑏 − 𝑎) , 𝑛 = 90.2986 (𝑏 − 𝑎) , 𝑛 = 102.6851 (𝑏 − 𝑎)(𝑛 − 1) , 𝑛 ≥ 11.
(A.3)

Conflicts of Interest

The authors declare that there are no conflicts of interest
regarding the publication of this article.

Acknowledgments

The authors are thankful to several research groups for provid-
ing the data used in this study. All annual runoff data at the
gauging stationsmentioned above are published by theYellow
River Conservancy Commission (YRCC) and in the Bulletins
of Chinese River Sediment complied by theMinistry ofWater
Resources (http://www.mwr.gov.cn/zwzc/hygb/zghlnsgb/).The
runoff data in Daying mine region in Guizhou Province was
obtained from bureau of hydrology and water resources of
Guizhou (http://www.gzswj.gov.cn/hydrology gz new/index
.phtml). This study is supported by the Chinese National
Natural Science Fund (nos. 41375002, 41075045, 41071018,
and 61304169), the Chinese National Natural Science Fund
(BK20161464, BK20130857) of Jiangsu Province, the Program
for New Century Excellent Talents in University (NCET-
12-0262), the China Doctoral Program of Higher Education
(20120091110026), the Qing Lan Project, the Skeleton Young
Teachers Program and the Excellent Disciplines Leaders in
Midlife-Youth Program of Nanjing University, the Natural
Science Foundation of the Higher Education Institutions of
Jiangsu Province of China under Grant 13KJB110022, and the
Scientific Research Foundation ofNanjingUniversity of Posts
and Telecommunications under Grant NY213052.

References

[1] M. Sivapalan, K. Takeuchi, S. W. Franks et al., “IAHS Decade
on Predictions in Ungauged Basins (PUB), 2003-2012: shaping
an exciting future for the hydrological sciences,” Hydrological
Sciences Journal, vol. 48, no. 6, pp. 857–880, 2003.
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