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Abstract

Rainfall stations in small and medium-sized river basins in China are sparsely distributed
and unevenly spaced, resulting in insufficient spatial representativeness of precipitation
data and posing challenges to the accuracy of flood forecasting. Spatial interpolation
methods for rainfall data are a key tool for bridging the gap between discrete rainfall
station data and continuous surface rainfall data; however, their applicability in flood
forecasting for small and medium-sized river basins with sparse rainfall stations requires
further investigation. Taking the Hezikou basin as the study area and focusing on the
Liuxihe model, this study analyzes the distribution characteristics of the seven rainfall
stations in the basin and the interpolation effectiveness of the original Thiessen Polygon
Interpolation (THI) method in the model. It compares and discusses the applicability of the
THI, the Inverse Distance Weighting (IDW) method, and the Trend Surface Interpolation
(TSI) method in flood forecasting for this basin. Different rainfall station distribution
scenarios (full coverage, upstream only, downstream only, single rainfall station) were set
up to study the performance differences in each method under extremely sparse conditions.
The results indicate that, under the sparse condition of only 0.0068 rainfall stations per
square kilometer in the Hezikou basin, IDW interpolation yields the best flood forecasting
results, with model Nash–Sutcliffe Efficiency (NSE) values all above 0.85, Kling–Gupta
Efficiency (KGE) values exceeded 0.78, and the Peak Relative Error (PRE) was controlled
within 0.09, significantly outperforming THI and TSI. Additionally, as rainfall station
sparsity increased, IDW exhibited the smallest decline in performance, showing a weak
negative correlation (p ≤ 0.05) between prediction performance and rainfall station sparsity,
demonstrating stronger adaptability to sparse scenarios. When station information is
extremely limited, IDW performs more stably than THI and TSI in terms of certainty
coefficients (NSE, KGE) and flood peak error control. The Inverse Distance Weighting
method (IDW) can provide reliable rainfall spatial interpolation results for flood forecasting
in small and medium-sized basins with sparse rainfall stations.

Keywords: Liuxihe model; rainfall spatial interpolation; inverse distance weighting
method; flood forecasting; Hezikou River Basin
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1. Introduction
Against the backdrop of global climate warming, extreme rainfall events have become

increasingly frequent, and both the frequency and intensity of floods have shown an
upward trend. These phenomena pose a severe threat to people’s lives and property safety
as well as the stable development of social economy. Accurate flood forecasting is a key link
in flood control and disaster mitigation [1,2]. Distributed hydrological models, by virtue
of their detailed characterization of the spatial heterogeneity of river basins, have become
an important tool for improving the accuracy of flood forecasting [3–7]. Among them,
the Liuxihe Model, as a typical physically based distributed model, is widely used in the
flood forecasting of small and medium-sized river basins, though its simulation accuracy
is subject to certain limitations [8–12]. With the development of computer technology
and geographic information science, a physically based distributed hydrological model
(PBDHM) has emerged [13], such as the System Hydrologue Européen model [14], the
WetSpa model [15], and the Liuxihe Model [16]. Based on data such as the Geographic
Information System (GIS) and the Digital Elevation Model (DEM), PBDHMs divide the
river basin into multiple units, fully consider the spatial variability of the underlying
surface conditions of the river basin, describe the hydrological processes within the river
basin in more detail, and greatly improve the accuracy of flood forecasting. As a result,
they have been widely applied in many river basins [17–20].

In the flood forecasting process of distributed hydrological models, rainfall serves as
the key input driving hydrological processes, and its spatial distribution directly determines
the simulation accuracy. However, small and medium-sized river basins generally face the
problem of sparse and unevenly distributed rainfall stations, which poses great challenges
to the acquisition of continuous spatial rainfall data. In such cases, the selection of rainfall
spatial interpolation methods is particularly critical [21–25]. Existing studies have shown
that, when the number of rainfall stations is extremely small, some interpolation methods
have obvious limitations. For example, the Kriging interpolation method [26] relies on
the spatial correlation of samples and is prone to distorted variance estimation in sparse
scenarios. Although the tessellation of THI (Thiessen Polygon Interpolation) method has
become the default interpolation method for the Liuxihe Model due to its simple principle
and convenient operation, which can stably output results in any rainfall station distribution
scenario, its discrete polygon division method based on “neighborhood assignment” makes
it difficult to reflect the spatial distribution characteristics of rainfall when rainfall stations
are sparse. This easily leads to distortion of model input data and a significant reduction in
flood forecasting accuracy [27,28].

In current studies [29–32], there remain shortcomings in the optimization of interpola-
tion methods for river basins with sparse rainfall stations. On the one hand, most studies
do not focus on the inherent limitations of THI in specific models (e.g., the Liuxihe Model)
and lack a systematic analysis of its accuracy defects in sparse scenarios. On the other
hand, there is insufficient research on alternative interpolation methods to THI that can
stably output reasonable results under sparse rainfall station conditions, as well as their
adaptability to distributed hydrological models. Interpolation methods like IDW lever-
age a distance-weighting mechanism to integrate rainfall information from surrounding
stations, generating continuous and smooth spatial rainfall gradients—this enables it to
maintain stable performance even under sparse or uneven station layouts, with simple
calculation logic that facilitates practical application in hydrological modeling. Therefore,
this study takes the Liuxihe Model as the research carrier, focuses on the flood forecasting
needs of river basins with sparse rainfall stations, systematically analyzes the interpolation
limitations of THI in sparse scenarios, and introduces the IDW method and TSI method
for comparative research. By verifying the interpolation stability of IDW under sparse
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rainfall station conditions and its effect on improving model forecasting accuracy, this study
aims to clarify its applicability as an alternative to THI, thereby providing a better rainfall
interpolation scheme for the Liuxihe Model in the flood forecasting of basins with sparse
rainfall stations.

2. Materials and Methods
2.1. Technical Framework

Based on the Liuxihe Model, this study systematically evaluates the flood forecasting
performance of three interpolation methods in the Hezikou Watershed. Specifically tar-
geting the key constraint of sparse rainfall stations, it analyzes the limitations of the THI
and the improvement effects of the introduced IDW method and TSI method. It further
discusses the responses of different interpolation methods to extreme rainfall station dis-
tribution scenarios, providing a scientific basis for the selection of interpolation methods
in similar basins. The methodological workflow of the study is shown in Figure 1: First,
collect DEM, land use, soil type, and rainfall-flood data of the Hezikou Watershed; after
preprocessing, set four rainfall station distribution scenarios (full coverage, upstream-only,
downstream-only, single station). Second, perform rainfall spatial interpolation using THI,
IDW, and TSI, input the results into the Liuxihe Model, and optimize parameters using
the Particle Swarm Optimization (PSO) algorithm. Finally, evaluate model performance
using indicators including KGE, NSE, PRE, and Absolute Peak Time Error (APTE), with a
focus on comparing and analyzing the impact of different interpolation methods on model
simulation results. The objective of this study is to reveal the universal applicability defects
of THI in small and medium-sized basins with sparse rainfall stations worldwide, and to
provide an optimized interpolation scheme for the Liuxihe Model and similar distributed
hydrological models in the flood forecasting of such basins.

 

Figure 1. Technical flowchart.
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2.2. Study Area

The study watershed is the control area of the Hezikou Hydrological Station in the
Wuhua River Watershed, hereinafter referred to as the Hezikou Watershed. It is a medium-
sized watershed with an area of approximately 1033 km2, located in eastern Guangdong
Province, between 114.99◦ E–115.94◦ E and 23.65◦ N–24.67◦ N. The terrain is dominated
by mountains and hills, generally featuring higher elevation in the southwest and lower
in the northeast, with an altitude range of 126–1284 m (Figure 2). The watershed has a
subtropical monsoon climate in the mid-low latitudes, characterized by high temperatures
and abundant rainfall in summer and autumn. The average annual rainfall ranges from
1400 to 1600 mm; May to August is the period of concentrated rainfall, as well as the period
with the most severe and frequent rainstorms and floods.

Figure 2. Digital elevation map of the Hezikou Watershed and geographic distribution of rainfall
stations and channel nodes. The illustration on the left shows the geographical location of the
watershed in China and Guangdong Province.

There are seven rainfall stations in the Hezikou Watershed. Within the study area, the
spatial average density of rainfall observation stations is approximately one station per
150 square kilometers (i.e., one station per 150 km2). Although the distribution of rainfall
stations is relatively sparse, it generally achieves full-coverage monitoring of the watershed.
The main land use types in the watershed are forests and shrub-grasslands, with a small
amount of farmland; therefore, human activities have a relatively small impact on the
rainfall-runoff process of the watershed.

2.3. Data

The required data include DEM data, land use type data, soil type data, and rainfall-
flood process data. This study collected rainstorm and flood data of the Hezikou Watershed
from 2005 to 2019, and finally identified data of five typical flood events. The flood event
on 10 June 2005 was used for parameter optimization, as it is a single-peak flood with a
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relatively smooth hydrograph and low noise, making it more suitable for model parameter
optimization than other flood events.

Modeling with the Liuxihe Model requires three types of basic watershed geographic
feature data: DEM data, land use type data, and soil type data. The DEM data used in
this study is Aster GDEM data, based on which model parameters such as slope and
aspect can be calculated, and the watershed boundary can be extracted. The land use
type data is derived from the China Land Use Data released by the Joint Research Centre
of the European Commission. The soil type data is obtained from the SOTER (Soil and
Terrain) China Soil Database; based on this, soil-related parameters in the Liuxihe Model
(e.g., soil thickness, saturated soil water content, field capacity) can be calculated using
the soil water characteristic calculator proposed by Arya et al. [33]. All three types of
data can be downloaded for free from the Internet: DEM data can be downloaded from
https://www.gscloud.cn/home (accessed on 6 August 2025). The DEM and hierarchical
structure of the watershed rivers are shown in Figure 2.

Land use data can be downloaded from https://forobs.jrc.ec.europa.eu/glc2000 (ac-
cessed on 6 August 2025) and soil type data can be downloaded from https://www.fao.org/
soils-portal/soil-survey/soil-classification/geology-unified-soil-classification/zh/ (ac-
cessed on 6 August 2025) (Figure 3).

Figure 3. Land use data (left) and soil type data (right).

Based on previous research results on the impact of the watershed area on the per-
formance of distributed hydrological models, the spatial resolution of the model was set
to 90 m; considering the requirements of regional flood control forecasting, the temporal
resolution of the model was set to 1 h. In ArcMAP 10.7, the original data was resampled
to 90 m, and then the temporal resolution of flood, rainfall, and other data, as well as the
model calculation time step, were set to 1 h. Rainfall-flood data are shown in Table 1.

https://www.gscloud.cn/home
https://forobs.jrc.ec.europa.eu/glc2000
https://www.fao.org/soils-portal/soil-survey/soil-classification/geology-unified-soil-classification/zh/
https://www.fao.org/soils-portal/soil-survey/soil-classification/geology-unified-soil-classification/zh/
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Table 1. Flood events overview.

Event Identifier Begin Time Duration (h) Peak (m3/s)

10 June 2005 08:00:00 91 471
28 July 2008 08:00:00 95 463

4 October 2008 10:00:00 93 496
10 August 2016 08:00:00 92 817

9 June 2019 06:00:00 75 1140

2.4. Overview of the Liuxihe Model

The Liuxihe Model is a physically based distributed hydrological model initially
developed for flood forecasting in the Liuxihe Reservoir Watershed [16]. The integrated
software system based on the Liuxihe Model (CYB.LMS) has obtained the registration of
National Computer Software Copyright of China; on this basis, the Liuxihe Model Flood
Forecasting System (CYB.LMS-R) was established for watershed flood forecasting. To date,
the Liuxihe Model has been successfully applied in fields such as large-watershed flood
forecasting [34], real-time inflow flood forecasting for reservoirs [35], urban waterlogging
and flood forecasting [36], and small and medium-sized watershed flood forecasting [37].

As a physically based distributed hydrological model, the Liuxihe Model is structured
by dividing the DEM into multiple grid units based on DEM data. Each grid unit has its
own attributes, and model parameters represented by each unit can be derived through
calculations. These units are classified into three types: reservoir units, slope units, and
river channel units. The Liuxihe Model further divides the watershed vertically into canopy,
soil layer, and groundwater layer; based on the three unit types (reservoir, slope, and river
channel), it calculates evapotranspiration, runoff generation, and confluence to describe the
response of flood processes to rainfall. Slope units and river channel units are divided by
combining the Strahler method (for river classification) and the D8 flow direction method
(for cumulative flow). The river channels in the Hezikou Watershed can be classified into
three levels, as shown in Figure 2.

For distributed hydrological models, parameter optimization is required during model-
ing to improve simulation and forecasting accuracy [38]. Therefore, selecting an appropriate
optimization method is also crucial for model establishment. The Liuxihe Model adopts the
PSO algorithm [39] for parameter optimization. Since the parameters of the Liuxihe Model
are derived from remote sensing data, which inevitably contain errors and uncertainties,
the model sets parameters to vary within the range of 0.5–1.5 times their initial values to
account for these deviations [34]. Each particle in the PSO algorithm represents a varia-
tion coefficient for each model parameter, which moves and changes continuously as the
algorithm runs to achieve the optimal solution. Optimized parameters are obtained by mul-
tiplying the initial parameters by the scaling coefficient represented by the particles. The
model uses Kling–Gupta Efficiency (KGE) [40], Nash–Sutcliffe Efficiency (NSE) [41], Peak
Relative Error (PRE), and Absolute Peak Time Error (APTE) to evaluate model performance.

2.5. Rainfall Spatial Interpolation Methods

In the study of flood forecasting using distributed hydrological models, accurately
obtaining the spatial distribution of rainfall is crucial, as rainfall is the key piece of in-
put data driving hydrological processes. However, due to the discrete distribution and
limited number of rainfall stations in the watershed, spatial interpolation methods are
required to convert discrete rainfall station data into continuous areal rainfall data. In
this study, the time resolution of rainfall and flood process data is 1 h, which requires
interpolation methods to not only process high-frequency data quickly but also reflect the
spatial distribution of rainfall relatively accurately within a limited time. Considering the
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complexity of method principles and applicability in different scenarios, this study selects
three methods for rainfall spatial interpolation: THI, IDW, and TSI. Their principles are
briefly introduced below.

The Thiessen Polygon Method [42] has a relatively simple principle. Based on the
proximity principle, its core idea is to divide the entire study area into multiple polygons,
each containing one rainfall station; the rainfall at any point within a polygon is represented
by the measured value of the rainfall station in that polygon. For each rainfall station in the
study area, its influence range is determined by constructing perpendicular bisectors; these
perpendicular bisectors connect to form polygons, i.e., Thiessen polygons.

On the IDW method [43], the nearest several sampling points to the point to be
interpolated contribute the most to it, and the contribution is inversely proportional to the
distance. This relationship is described by weights in the method. Its formula is as follows:

Z =
∑n

i=1 ZiD−P
i

∑n
i=1 D−P

i
(1)

In the formula, Z is the interpolation result, Zi is the measured value of the i-th
rainfall station, D is the distance, and P is the distance power, which significantly affects
the interpolation result. The selection criterion for P is the minimum mean absolute error.
Here, P is set to 2, i.e., the inverse distance squared weighting method.

The TSI method adopts a global polynomial regression approach. It can be used to
describe long-distance gradual features: by fitting a smooth surface defined by a mathemat-
ical function to the output sampling points, a smooth surface reflecting the gradual trend
of the study area’s surface is obtained. The more complex the polynomial used, the more
complex the physical meaning it endows [44]. Its formula is as follows:

Y = F(θ1φ) + e (2)

In the formula, Y is the measured rainfall value, F(θ1φ) is the interpolation result, θ is
the longitude, φ is the latitude, and F is the trend value affected by macro factors (longitude
and latitude); e is the difference between the measured value and the trend value, which
can reflect the influence of local terrain and random errors. When ignoring the influence of
small local terrain variations, the formula for the quadratic trend surface is as follows:

F(λ1φ) = b0 + b1θ+ b2φ+ b3θ2 + b4θφ+ b5φ2 (3)

In the formula, b0–b5 are undetermined coefficients.
To explore the response of simulation results to rainfall spatial distribution under

different rainfall spatial interpolation methods, this study sets the seven uniformly dis-
tributed rainfall stations in the watershed into four scenarios based on their distribution:
full coverage (All), upstream-only (Up), downstream-only (Down), and single station (One).
These four scenarios represent, respectively, the normal scenario of full coverage of rainfall
stations in a region, and scenarios of no rainfall station coverage in the downstream, no
coverage in the upstream, and only one rainfall station coverage—all caused by complex
natural conditions in the watershed.

In ArcMap 10.7, the watershed terrain, river system, and remote sensing images are
overlaid to determine the specific locations of rainfall stations, thereby defining the division
of upstream and downstream rainfall stations. This study classifies stations based on terrain
and flow direction characteristics: stations located in high-elevation areas (e.g., mountains
and hills, with high elevation in DEM images) and in the initial segment along the flow
direction are classified as upstream rainfall stations; the opposite are downstream rainfall
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stations. For the single-station scenario, considering representativeness and applicability,
the rainfall station with the highest correlation with the measured data of the other six
stations is selected to describe the watershed’s rainfall characteristics. The correlation is
quantified using the Pearson correlation coefficient [45]:

r =
∑n

i=1(xi − x)(yi − y)√
∑n

i=1(xi − x)2 ∑n
i=1(yi − y)2

(4)

In the formula, r ≥ 0.8 indicates high correlation; 0.5 ≤ r ≤ 0.8 indicates moderate cor-
relation; 0.3 ≤ r ≤ 0.5 indicates low correlation; and r < 0.3 indicates negligible correlation.

The final correlation coefficient calculations are shown in Table 2. As indicated in the
table, the mean correlation coefficients between Xinqiao and other rainfall stations are the
highest. Therefore, Xinqiao is selected as the representative site for describing the surface
rainfall across the entire watershed.

Table 2. Average correlation coefficients for rainfall stations.

Flood
Identifier Jionglong Longmu Guqian Huangwuping Heshi Wuhua Xinqiao

10 June 2005 0.441 0.484 0.617 0.373 0.590 0.622 0.771
28 July 2008 0.472 0.459 0.523 0.373 0.489 0.507 0.779

4 October 2008 0.824 0.780 0.795 0.671 0.651 0.861 0.868
10 August 2016 0.411 0.642 0.690 0.448 0.648 0.664 0.733

9 June 2019 0.546 0.549 0.662 0.551 0.688 0.630 0.818

3. Results
3.1. Simulation Results Based on Thiessen Polygon Interpolation

The PSO algorithm was used to optimize the initial model parameters, with the flood
event on 10 June 2005 selected as the training sample. First, a model was constructed based
on the existing rainfall station distribution scenario in the Hezikou Watershed using the
Thiessen Polygon Interpolation method, and parameters were optimized. The optimization
results are shown in Figure 4. Figure 4a compares results before and after parameter
optimization for the 10 June 2005 flood event. Figure 4b illustrates the parameter opti-
mization process, depicted by changes in the objective function value. After 50 iterations,
convergence was achieved around the 20th iteration. Post-optimization improvements
include reduced peak discharge error and peak occurrence time, with NSE reaching 0.91
and with peak discharge error reduced to within 20%. This demonstrates the effectiveness
of parameter optimization, indicating that the optimized parameters can be used for further
model predictions. Subsequently, the optimized parameters were applied to simulate other
flood events for validation, yielding the results in Figure 5. Notably, the 4 October 2008
flood event exhibited near-zero flow for the first 20 h due to prolonged drought preceding
the flood onset. Table 3 presents the calculated metrics for evaluating model performance.
The data indicate that both the NSE and KGE for the model results fluctuate between 0.8
and 0.9, with peak flow errors consistently around 10%.
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Figure 4. Results of model parameter optimization based on THI. (a) Comparison of results before
and after parameter optimization; (b) evolution of the parameter optimization objective function.

Figure 5. Results of the other four flood simulations (THI method).

Table 3. Statistical indicators of simulation results based on THI.

Flood Identifier NSE KGE R PRE APTE (h)

10 June 2005 0.91 0.848 0.989 0.115 0
28 July 2008 0.842 0.832 0.982 0.09 1

4 October 2008 0.87 0.833 0.983 0.13 1
10 August 2016 0.89 0.805 0.981 0.102 0

9 June 2019 0.841 0.819 0.977 0.103 1

3.2. Impact of Interpolation Methods on Simulation Results

The IDW and TSI methods were introduced, with the 10 June 2005 flood event selected
as training data to optimize model parameters in the existing rainfall station distribu-
tion scenario in the Hezikou River Basin. The optimization results are shown in Figure 6.
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Figure 6a–c depict the measured versus predicted flood process curves for the Thiessen poly-
gon method, Inverse Distance Weighting method, and trend surface method, respectively.
Figure 6d illustrates the parameter optimization iteration process of the PSO algorithm
in the three scenarios, characterized by changes in the objective function value during
50 iterations. THI and IDW converged after approximately 20 iterations, while TSI con-
verged after 40 iterations. Both methods showed improvements in peak flow error and peak
occurrence time after optimization. Consequently, the prediction results were enhanced
through parameter optimization, with peak flow errors consistently reduced to within 20%.

 

Figure 6. The curves of flow prediction results and the variation processes of the objective function
for three rainfall interpolation methods (10 June 2005 event). (a) THI result curve; (b) IDW result
curve; (c) TSI result curve; (d) objective function variation curves for each method.

Figure 6 demonstrates that IDW yields significantly superior simulation results com-
pared to the THI method both before and after parameter optimization. The optimized
parameters were then applied to other flood events for validation. Figure 7 presents flood
simulation curves for four test events using the three interpolation methods. The figures
reveal that all three interpolation methods demonstrate certain forecasting capabilities.
However, the THI method yields poorer prediction results compared to IDW and TSI, with
overall peak discharge errors higher than the other two methods. IDW demonstrated the
best overall performance. Table 4 presents the calculated metrics for model performance
evaluation. The data indicates that IDW achieved an average NSE of 0.9304, representing
a 6.9% improvement over THI’s 0.8706. The average KGE was 0.8846, a 7.3% increase
compared to THI’s 0.8274. The average relative peak flow error was 5.28%, lower than the
10.8% for THI and 7.06% for TSI. Regarding peak occurrence timing, IDW showed a 1 h
error in only one event, while the peak timing errors for the other events were all 0 h.
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Figure 7. Curves of flow prediction results for each method in the other four flood events.

Table 4. Statistical table of evaluation indicators for model prediction results.

Interpolation
Method Flood Identifier NSE KGE R PRE APTE (h)

THI

10 June 2005 0.91 0.848 0.989 0.115 0
28 July 2008 0.842 0.832 0.982 0.09 1

4 October 2008 0.87 0.833 0.983 0.13 1
10 August 2016 0.89 0.805 0.981 0.102 0

9 June 2019 0.841 0.819 0.977 0.103 1

IDW

10 June 2005 0.955 0.897 0.988 0.035 0
28 July 2008 0.931 0.903 0.987 0.051 0

4 October 2008 0.92 0.908 0.96 0.054 0
10 August 2016 0.936 0.864 0.982 0.074 0

9 June 2019 0.91 0.851 0.977 0.05 1

TSI

10 June 2005 0.92 0.888 0.991 0.053 0
28 July 2008 0.91 0.863 0.975 0.071 1

4 October 2008 0.902 0.886 0.981 0.081 1
10 August 2016 0.9 0.814 0.987 0.143 0

9 June 2019 0.876 0.81 0.954 0.067 1

3.3. Model Performance in Extremely Sparse Rainfall Station Distribution Scenarios

The rainfall stations within the watershed were configured into four scenarios: full
coverage (All), upstream only (Up), downstream only (Down), and single rainfall station
(One). Simulations were also conducted in the other three scenarios, and the results of the
model performance evaluation metrics were calculated (Figure 8). This analysis examined
how the simulation results of each interpolation method responded to changes in the spatial
distribution of rainfall in scenarios with extremely sparse rainfall stations.
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Figure 8. Statistical graph of model prediction evaluation indicators in different rain gauge distribu-
tion scenarios. (a) THI result; (b) IDW result; (c) TSI result.

Figure 8 depicts the statistical distributions of the four evaluation metrics NSE, KGE,
PRE, and APTE across four scenario simulations. Figure 8a–c represent the results of the
THI, IDW, and TSI methods, respectively. The four scenarios—All, Up, Down, and One—
are color-coded as red, blue, green, and purple, respectively. In the radar chart, axes 1, 2, 3,
4, and 5 correspond to the five flood events on 10 June 2005, 28 July 2008, 4 October 2008, 10
August 2016, and 9 June 2019, respectively. The number axes represent the metric values.

Figure 8 reveals that the THI method yields acceptable results for all evaluation indi-
cators when rainfall stations are fully distributed. However, as station density decreases,
NSE and KGE significantly contract while PRE and APTE expand. In single-station sce-
narios, indicators “collapse,” demonstrating extremely poor adaptability to sparse station
distributions. The IDW method exhibits stable radar chart patterns across all scenarios.
With full rain gauge coverage, its indicators outperform both the THI and TSI methods. In
sparse scenarios, NSE and KGE show minimal contraction, while PRE and APTE remain
controllable. Leveraging distance weighting, it better accommodates sparse rain gauge
distributions, supporting stable model simulations. The TSI method performs similarly to
IDW when stations are fully distributed. However, in sparse scenarios (especially single-
station scenarios), its metrics rapidly deteriorate. Due to its reliance on fitting global trends,
uneven distribution often leads to misjudged trends, reducing model performance.

In summary, THI exhibits poor adaptability to sparse rainfall station distributions,
while TSI proves more effective only when stations are uniformly distributed. IDW delivers



Water 2025, 17, 3237 13 of 19

the most stable and optimal overall performance across all scenarios. This further validates
the applicability of the IDW convective stream model for flood forecasting in the Hezikou
River Basin.

4. Discussion
4.1. Differences in Spatial Characteristics of Interpolation Results

Figure 9 shows the interpolation results of the three methods in various scenarios
(taking the 45th-hour rainfall process of the 10 June 2005 flood event as an example). From
Figure 9, the differences in spatial characteristics of the three methods are as follows:

1. THI method: The interpolation results show a discrete polygon block distribution.
In sparse rainfall station scenarios, the area of polygons expands, and the bound-
aries between high-value and low-value areas change abruptly, completely losing the
gradual spatial characteristics of rainfall. For example, in the One scenario, the entire
watershed is covered by a single rainfall value, which fails to reflect the redistribu-
tion effect of mountain and hill terrain on rainfall, leading to significant changes in
prediction results.

2. IDW method: The interpolation results show a continuous and smooth spatial gradi-
ent. Through the distance-weighting mechanism, even in the One scenario, rainfall
information can be reasonably diffused outward from the single rainfall station, re-
sulting in a natural rainfall transition within the watershed. This is more consistent
with the spatial distribution pattern of rainfall caused by the Hezikou Watershed’s
terrain (higher in the southwest and lower in the northeast), ensuring the stability
and prediction accuracy of the Liuxihe Model in this watershed.

3. TSI method: The interpolation results rely on global trend fitting. In the All scenario,
the trend surface can well fit multi-station data; however, in the Up or Down scenarios,
the trend surface is overly biased toward the area with concentrated stations. For
example, in the Up scenario, rainfall in the upstream is overestimated and that which
is in the downstream is underestimated, forming a “false gradient” unrelated to the
actual terrain. This leads to deviations in the calculation of the model’s confluence
process and significant changes in prediction results.

 

Figure 9. Interpolation result of three methods. (a) THI result; (b) IDW result; (c) TSI result.
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4.2. Response Law of Model Performance

Figure 10 (boxplots) quantifies the performance differences in the three interpolation
methods in different scenarios. From Figure 10, the response laws of the three methods are
as follows:

1. THI method: As the number of rainfall stations decreases, the NSE and KGE boxes
shift downward rapidly (the median NSE drops below 0.75 in the One scenario),
and the PRE box shifts upward (the median > 0.15), with a significant increase in
dispersion. Due to the loss of spatial heterogeneity of rainfall input caused by block
interpolation, the model cannot distinguish the runoff generation capacity of different
regions, and the flood peak simulation error increases significantly as the number of
rainfall stations decreases.

2. IDW method: The NSE and KGE boxes are concentrated and stable in all scenarios
(the median NSE remains > 0.85 in the One scenario), and the PRE box is always at a
low level (the median < 0.08). The distance-weighting mechanism effectively balances
local and global rainfall information; in the single-station scenario, a certain spatial
gradient is retained through the distance decay law, making the simulation of the
model’s runoff generation and confluence processes more stable and controlling the
flood peak error within an acceptable range.

3. TSI method: Its performance is close to that of IDW in the All scenario; however, the
boxes change drastically in sparse scenarios (the median KGE drops below 0.7 in the
Up scenario). Especially in the One scenario, the extreme value of PRE exceeds 0.3.
Single-station data cannot support global trend fitting, leading to significant deviations
between the spatial distribution of rainfall and reality, and “trend misjudgment” in
the model’s response to flood processes.

Figure 10. Boxplots of model evaluation indicators for three interpolation methods. (a) THI Result;
(b) IDW Result; (c) TSI Result.
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In conclusion, in extremely sparse rainfall station network scenarios, the IDW method
still shows significant advantages in the Hezikou Watershed—especially in areas with
gentle local terrain changes—effectively avoiding the “hole effect.” This further indicates
that IDW can be used as the preferred interpolation method for flood simulation and
forecasting with the Liuxihe Model in this watershed.

In addition, combining other data sources (e.g., satellite-based rainfall measurement
data or meteorological radar data [46,47]) can improve the accuracy of rainfall interpolation
in areas with sparse rainfall station networks, thereby enhancing the accuracy of flood
forecasting. Finally, climate change may alter rainfall patterns; therefore, further research
on the combined impact of interpolation methods and rainfall station networks on flood
forecasting in climate change scenarios is also of great importance [48–50].

To further validate the reliability of our findings, we contextualize them with existing
research on rainfall interpolation methods. Zimmerman et al. [32] conducted a comparative
experiment on Kriging and IDW and found that IDW exhibits more stable performance in
sparse data scenarios due to its independence from spatial correlation assumptions—this
aligns with our conclusion that IDW outperforms THI and TSI under extremely sparse
station conditions (e.g., single-station scenario, NSE > 0.85). Gilewski [29] emphasized that
the adaptability of interpolation methods is closely tied to station distribution uniformity,
and our study supplements this insight by quantifying performance differences across four
typical scenarios (full coverage, upstream-only, downstream-only, single-station): we found
that IDW’s performance decline (NSE reduction of only 3%) is far smaller than THI (18%)
and TSI (12%), which further confirms IDW’s robustness in unevenly distributed stations.
Additionally, Helmi et al. [22] noted that IDW’s distance-weighting mechanism can generate
continuous rainfall gradients consistent with terrain, and our results specifically verify this
in the Hezikou Watershed—IDW’s interpolation results match the basin’s “southwest high–
northeast low” terrain-driven rainfall pattern, while THI’s discrete polygons and TSI’s false
gradients fail to do so. These consistencies with prior studies confirm the generalizability of
our findings, while our scenario-based analysis enriches the understanding of interpolation
methods in small and medium-sized sparsely gauged basins.

While our results provide valuable insights for flood forecasting, this study also has
several limitations that should be acknowledged to guide future research. First, the IDW
method’s performance in this study depends on the distance power parameter P (set to 2
based on minimum mean absolute error), but different P values may affect interpolation
accuracy in basins with more complex terrain (e.g., high-altitude mountainous basins
with dramatic elevation changes)—this parameter sensitivity requires further exploration.
Second, TSI’s poor performance in sparse scenarios could potentially be improved by
integrating terrain factors (e.g., elevation, slope) into the global trend fitting (rather than
only using longitude and latitude), which was not tested in our current design. Third, our
study focuses on the humid/semi-humid Hezikou Watershed, and the applicability of IDW
in arid/semi-arid regions—where rainfall is more spatially variable and extreme—remains
unvalidated. Addressing these limitations will help expand the practical value of the
proposed interpolation scheme.

5. Conclusions
Taking the Hezikou Watershed as the study area, this study focuses on the applica-

bility of rainfall interpolation methods for the Liuxihe Model in flood forecasting of this
watershed. It introduces the Inverse Distance Weighting (IDW) method and Trend Surface
Interpolation (TSI) method, and conducts flood forecasting research using the Liuxihe
Model in combination with the model’s original Thiessen Polygon Method (THI). It further
analyzes the response of simulation results of different interpolation methods to changes
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in rainfall spatial distribution in extremely sparse rainfall station scenarios. The main
conclusions are as follows:

1. The original Thiessen Polygon Method (THI) of the Liuxihe Model has limitations
in watersheds with sparse rainfall stations. Based on the proximity principle, THI
divides the watershed into discrete polygons. In the Hezikou Watershed with sparse
rainfall stations (only seven stations, i.e., one station per 150 km2), the model pre-
diction results are poor. Moreover, as the number of rainfall stations decreases and
their distribution becomes uneven, the interpolation results lose a large amount of
spatial heterogeneity information about rainfall; the abrupt rainfall changes at poly-
gon boundaries are inconsistent with the actual gradual rainfall characteristics. In
the upstream-only, downstream-only, and especially single-station scenarios, model
performance deteriorates sharply: NSE and KGE values decrease significantly, while
PRE and APTE increase significantly, failing to meet the accuracy requirements for
flood forecasting.

2. Comparing the Inverse Distance Weighting (IDW) method and Trend Surface Inter-
polation (TSI) method, IDW shows the best adaptability and stability in the Hezikou
Watershed. Through the distance-weighting mechanism, IDW integrates the influ-
ence of surrounding rainfall stations, and its interpolation results show a continuous
and smooth spatial gradient—more consistent with the rainfall distribution pattern
caused by the watershed’s terrain. In different rainfall station distribution scenar-
ios, model performance remains stable; even in the single-station scenario, NSE can
still be maintained above 0.85, KGE around 0.78, and PRE only 0.09—reducing the
error by more than 50% compared with THI. This can effectively support the Liuxihe
Model in accurate flood forecasting, especially suitable for scenarios with sparse
rainfall stations.

In summary, in regions with humid to semi-humid climates and sparse rainfall sta-
tions, such as the Hezikou River basin, the Inverse Distance Weighting (IDW) method
demonstrates greater effectiveness than the Thiessen polygon (THI) and Trend Surface
Interpolation (TSI) methods in enhancing the flood forecasting accuracy of the Liu Xi River
model. This finding provides scientific reference for selecting flood forecasting interpolation
methods in similar basins.
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Abbreviations
The following abbreviations are used in this manuscript:

THI Thiessen Polygon Interpolation
TSI Trend Surface Interpolation
IDW Inverse Distance Weighting
NSE Nash–Sutcliffe Efficiency
KGE Kling–Gupta Efficiency
PRE Peak Relative Error
PBDHM Physically Based Distributed Hydrological Model
GIS Geographic Information System
DEM Digital Elevation Model
PSO Particle Swarm Optimization
APTE Absolute Peak Time Error
SOTER Soil and Terrain
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