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Abstract

Using hydrodynamic models to carry out early warning and forecasting of flash floods is
an essential non-engineering measure to reduce the loss. However, most current hydrodynamic
models have insufficient forecasting timeliness. To address this issue, a method based on the
hydrodynamic model and the K nearest neighbours (KNN) algorithm is proposed to realize a
rapid forecast for the process of flash floods. With the rainfall sequence as the input data and
the simulation results of the hydrodynamic model as the target data, the rapid forecast of water
depth, water velocity and discharge are achieved. Taking the Baogai Temple Basin as the study
area, the rapid forecast model (RFM) is established, and its reliability and timeliness are verified.
The results suggest that the established model has high accuracy, with 99% of the test data able
to control the error of accumulated inundation extent within 20% and the NSE value of the

cross-sectional discharge reaching 0.98. For 75% of rainfall scenarios, the maximum average
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water depth and velocity error of the cross-sections can control within 7.5% and 10%,
respectively. It also has dramatically improved calculation time, and can complete the
prediction of the flooding process for the next 10 hours within 25s. It can gain valuable lead
time for emergency decision-making and has broad application prospects in dealing with flash
floods.
Keywords
Rapid forecast, flash flood, KNN algorithm, hydrodynamic model
1 Introduction

Flash flood is one of the most destructive natural disasters, with the characteristics of rapid
water flow, strong scouring force, and incredible destructive power (Ji et al. 2018). Meanwhile,
flash floods are highly catastrophic, and there is no effective engineering measure to intercept
flash floods currently. It is prone to pose a severe threat to transportation, agriculture and
downstream residents. According to the statistics of the Ministry of Water Resources of China,
the number of deaths and disappearances caused by flash floods in China accounts for
approximately 68.5% of those deaths and disappearances caused by flood disasters (He et al.
2016). Therefore, how to cope with flash floods and reduce losses has become the focus and
difficulty of natural disaster prevention research.

Establishing the flash flood forecasting system is an essential non-engineering measure to
deal with flash floods (Montanari et al. 2013). The two-dimensional hydrodynamic model has
a clear physical meaning. Based on high-precision remote sensing information, it can simulate

the entire process of flood evolution and has been widely used in flood simulation (Berardi et
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al. 2013; Zhang et al., 2018). However, the hydrodynamic model requires high hardware
equipment and computing capabilities, and the simulation process is time-consuming. How
realize the real-time simulation and forecast of the flash flood process is still a challenging
problem.

Many scholars have conducted extensive research on the accelerated computation of
hydrodynamic models. For example, Hou et al. (2021), based on the idea of a non-uniform grid,
use fine grids to represent areas of high relief and coarse grids to represent areas of low relief
to improve the calculation rate of the model by reducing the number of grids. Hu et al. (2019)
took the conservation characteristics of the algorithm as the starting point, used the concept of
the local time step, and gave different time steps to the local grid under the premise of ensuring
the stability of the calculation process, thus significantly reducing the overall calculation time.
Xu (2016) and Hou et al. (2020) used the Graphic Processing Unit (GPU) acceleration to reduce
computation time through multi-threaded computation by shifting the running computational
process from the central processing unit (CPU) to the GPU. Kao et al. (2018) proposed multiple
graphics cards parallel computing, which allocates computational work to each graphics card
and invokes multiple cards simultaneously for accelerated computation to improve the overall
computational performance of the model. These studies have achieved specific results, but due
to the complexity of the hydrodynamic model solving process, there is still a large gap in
achieving real-time simulation of the flooding process.

Al (artificial intelligence) technology has continuously developed for nearly two decades.

Machine learning, a core component of Al technology, has also made significant progress,
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showing the advantages of being extraordinarily applicable and efficient. By directly
establishing the relationship between the input data and the target outcomes, rapid and efficient
prediction of the target results can be achieved at a low computational cost (Mekanik et al.
2013). It has been widely used in image recognition, unmanned driving and medical health
fields, showing outstanding advantages of high efficiency and reliability (Shin et al. 2016; Li
et al. 2021; Briguglio et al. 2021).

KNN algorithm is a machine learning algorithm developed on the basis of a vector space
model, which has the advantages of mature theory, stable calculation and good robustness. It
has been widely used in image classification, medicine, and unmanned vehicles.(MA et al. 2010;
Uddin et al. 2022; FOUAD et al. 2022) Meanwhile, it gained some application in flood
forecasting in recent years, showing accurate and efficient characteristics, and has achieved a
series of results. For example, Han et al. (2015) used the KNN algorithm to correct the real-
time flood forecast in mountain areas. Their research showed that the KNN algorithm
performed well and could effectively reduce the flood peak prediction error. Liu et al. (2017)
applied KNN and Kalman filtering to flood forecasting in the Huaihe river basin. Their results
showed that the KNN algorithm could predict the flood situation effectively in the next 8 hours.
Naghibi et al. (2020) applied the KNN and RF algorithms to the rationality analysis of flood
control engineering construction. Using topographic, hydrogeological, hydrological and
stratigraphic lithological parameters as input conditions, they could quickly judge whether the
area was suitable for flood control engineering construction. Their research showed that the

areas under the ROC curves of the RF and KNN models are 97.1% and 94.6%, respectively,
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indicating that RF and KNN can be effectively applied in flood control projects. Shahabi et al.
(2020) combined the KNN algorithm with cosine, cubic, and weighted to forecast flooding in
northern Iran spatially and showed that their model enhanced the predictive accuracy of the
Cubic-KNN model (AUC=0.660), which they recommended for broader application to the
sustainable management of flood-prone areas. Hou et al. (2021) applied the KNN algorithm to
the rapid prediction of urban inundation. The model can complete the prediction of urban
inundation in the 20s, which can gain a lot of lead time for dealing with short-duration heavy
rainfall scenarios. Khatri et al. (2022), combining the KNN algorithm, random forests, and GIS
tools, constructed a model to forecast flood locations in Mumbai in August 2020, and the results
showed that their model was able to identify some of the flood locations correctly and could be
used to predict locations with a high probability of flooding.

These studies show that the KNN algorithm provides the possibility for real-time flash
flood forecasting and has broad application prospects in flood forecasting. The application of
machine learning algorithms requires sufficient training samples, and the current rapid flood
forecasting process is usually based on several years of historical data from hydrological
stations. However, extreme flood events are limited and difficult to measure effectively, so
machine learning algorithms still have limitations in practical applications.

This study aims to combine the hydrodynamic model and KNN algorithm to propose an
RFM that is less dependent on historical measured data and has a broader range of applications.
Based on the digital elevation data, the hydrodynamic model is used to simulate the flood

routing process under various rainfall scenarios, providing sufficient training data. Directly
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establishes the correspondence between the rainfall scenarios and the flooded results through
the KNN algorithm and realizes the real-time forecast of the process of the flood. This study
took the Baogai Temple Basin in Hunan Province, China, as an example to construct a forecast
model and took the inundation extent, water depth, velocity and discharge as evaluation indexes
to verify the reliability of the established rapid prediction model.

The main composition of this paper is as follows. After a brief introduction, the framework
for constructing the RFM, the KNN algorithm, and the hydrodynamic model are presented.
Next, the RFM for flash floods is constructed using the Baogai temple basin as the study area.

The model's reliability is analyzed in Section 4, and the conclusions are summarized in Section

2 Methodology

This section mainly introduces the overall structural framework of the realization of flash
flood forecasting and the hydrodynamic model and KNN algorithm used in the realization
process.
2.1 Framework of the RFM

The framework of the RFM is shown in Figure 1.

Step 1: generate sufficient rainfall data to cover rainfall under different conditions;

Step 2: use the hydrodynamic model to simulate the rainstorm-induced flash flood
information corresponding to all grids in the area with various rainfall conditions based on
DEM (Digital Elevation Matrix) and the infiltration capacity of the underlying surface in the

study area;



128 Step 3: Divide the obtained rainstorm data into a training set and test set;

129 Step 4: Use rainfall data as the input parameters of the RFM and the results of the
130  hydrodynamic model as the corresponding output data, and use the training set data for model
131  training and use the test set to debug, optimize and improve the forecast model until the forecast
132 performance of the model meets the requirements;

133 Step 5: Verify the forecasting ability of the rapid forecasting model by driving it with the

134  verified rainfall data.

r—-—=—ir——=—/ 1r——=—/19r—— 71
| DEM I | Land used I | Infiltration [ Manning I
e e e e e — e — - — — — — r—-————1, — - - =
Geographic information data * | Rainfall | | Discharge
Measured data
Hydrodynamic model
[—— ——1 r————1 I Rainfallscenariosl
Water Depth | Velocity I |
|_ _ |_ _ Synthetic data
Simulated results
| Training data I I Test data I
Dala_pre_—prgces_sing_ _____
P ) [ Paameter 7 T Model ~
L 1 | optimizaion | | validation _| |«
Model training
|
v
—_———— ————
Rapid forecasting model > | Water Depth | | Velodity
135 Forecasted results
136 Figure 1.Framework of the RFM
137 2.2 Hydrodynamic model
138 The hydrodynamic-based urban flood model takes the 2D SWE (two-dimensional shallow

139  water equation) coupled with hydrological processes, ignoring kinematic viscosity terms,
140  Coriolis force, wind stress and turbulence viscosity terms. Its conservation scheme can be

141  expressed in vector form as Eqs (1-3):
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where ¢ represents the time; x and y are the Cartesian coordinates; ¢ denotes the vector of
conserved flow variables consisting of 4 and ¢y and ¢,, which are the water depth and unit-
width discharges in the x and y directions; g« = uh and g, = vh, where u and v are depth-averaged
velocities in the x and y directions, respectively; f and G are the flux vectors in the x and y
directions, respectively; g is gravity; S represents the source vector that may be further
subdivided into net rain source terms i, slope source terms S, and friction source terms Sy, Zp
represents the bed elevation; Crdepends on the Manning coefficient and can be expressed as Cr
= gn*/h"?, where n is the Manning coefficient.

The model adopts the dynamic wave method, which considers that physical problems are
the most comprehensive to simulate the flood routing process, and uses Godunov’s finite
volume method to discretely solve the 2D SWE. Through the explicit second-order Runge-
Kutta (Hubbard 1999) method, we constructed a MUSCL (Monotonic Upwind Scheme for
Conservation Laws) with second-order space-time accuracy to ensure the conservation of
matter and effectively solve the discontinuity problem (Hou et al. 2015). To solve complex
problems such as abrupt flow and discontinuity, the model uses the HLLC (Haren-Lax-van Leer
contact) approximate Riemann solver to solve the mass and momentum flux on the unit

interface. The static water reconstruction method (Sivakumar et al. 2009) is used to address the
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problem of negative water depth at the boundary between wet and dry grids, and the flow rate
is used to replace the single width flow rate as the calculation variable to effectively convert the
second-order formula prone to instability into a stable first-order formula when the water depth
is lower than a certain value, or the flow rate is higher than a certain value. On the premise of
ensuring the calculation accuracy, the slope surface source term in the calculation cell is
converted to the flux on the boundary of the cell to ensure it also meets the full stability
condition in complex terrain calculations. The friction source term uses the implicit splitting
point method optimized by Liang and Marche to maintain the stability of the calculation results
(Hou et al. 2013), and GPU parallel technology is used to ensure the model's computational
efficiency.
2.3 KNN algorithm

KNN algorithm was proposed by Cover and Hart based on the vector space model (Keller
et al. 1985). After continuous improvement, it has become a primary classification and
regression algorithm in machine learning. The KNN algorithm's input is the instance's feature
vector, which corresponds to the point in the vector space, and the output is the category or
regression value of the instance (Vialetto & Noro 2019; Liu et al. 2016). The KNN algorithm
assumes that given an instance category or real-valued training dataset when performing
regression or classification calculations, the KNN algorithm will continuously divide the
feature vector space. For a new instance, the distance between it and each existing instance in
the training dataset will be calculated using the distance formula, from which the nearest K

instances will be selected and the new instance predicted by majority voting and averaging. The
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choice of K value, distance measurement and decision rules are the three essential elements of
the KNN algorithm.
When the input sample and the K value are determined, the KNN algorithm will return the

K samples closest to the input sample, as shown in Egs (4-5):
VB eNN,(K), Vy<TD-NN, (K) “4)
d(a» B)<d(a.y) )
Where the f represents the K closest samples to input sample a, y are the other samples
that besides the K closest samples to the sample a, ~n, (k) is sample set comprised of the K

closest samples to the input sample a, TD represents the all sample dataset, d(«, ) as the

distance between the sample o and 5, and @ («,y) as the distance between the sample « and .

Assuming that the sample is represented by an N-dimensional space vector, that o can be

represented by x = (x, ...x,,), and B can be represented by X, :(xﬁ],xﬁz,xm,...,xﬁn) ,

1> X2 X35

the distance between the sample o and f can be represented by Eq (6).

d(a ﬂ):[i(xm._xm)f’j; 6)

i=l1

Where d(a, p) is the Euclidean distance between sample a and f, x,, and «, are the i

eigenvalue of sample a and f respectively; p is a constant greater than or equal to 1, where ,

d(a, p) 1s the Manhattan distance when p = 1, the Euclidean distance when p = 2, and the

maximum of the coordinates of each distance when p = co. In two-dimensional space, with

different values of p, the graphs formed by the points at a distance of 1 from the origin d(a, 2)

are shown in Figure 2.
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Figure 2. Schematic diagram of distance in two-dimensional space

When dealing with classification problems, the information provided by the KNN is often
combined by voting, meaning that the outcome with the highest frequency of occurrence will
be used as the predicted classification outcome. In regression problems, the mean value is often
used for determination. That is, the mean of the target values of the KNN will be used as the
target outcome for the new sample. Additionally, the model can also assign different weights to
the nearest neighbours according to the proximity between the input samples and the nearest
neighbours and determine the target outcome of the new samples by means of inverse distance
weights. In this study, the inverse distance weights were used to determine the final forecast
results so as to take into account the similarity of the rainfall scenarios.

2.4 Model performance Indicators

In order to comprehensively verify the performance of the RFM, the Inundation extent,
water depth and velocity were selected as the verification data, and various model evaluation
indexes were used for analysis, including R? (R-square), RMSE (Root mean square error), NSE

(Nash-Sutcliffe coefficient) and RME (relative average error).
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R? is defined as Eq (7), and the range of R2 is 0-1, the closer R? value is to 1, the better
fitting effect is.
Ri_j_= (7)

i=l1

RMSE is shown as Eq (8), and the closer RMSE value is to 0, the better fitting effect is.
®)

The Nash-Sutcliffe coefficient was proposed by Nash and Sutcliffe in 1970, as shown in
Eq (9). The value of NSE is negative infinity to 1, and NSE is close to 1, indicating that the
model is of good quality and the model has high reliability; NSE is close to 0, indicating that
the simulation result is close to the average level of the observations, that is, the overall result
is credible, but the process simulation error is large; NSE is far less than 0, the model is not

credible.

Ns o1 20 ©)

RME defined as Eq (10), and the closer the RME is to 0, the better fitting effect is.

RME=1 - |yi -

ni; Vi

(10)

where y, is the measured data, j, means the simulated data, 3 is the mean value of the
measured data, n is the amount of data.
3 Applications

This part takes the Baogai Temple Basin as an example to introduce the basic data required

to establish the RFM and the process of building the model.
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3.1 Study area

Baogai Temple Basin, located in Hunan Province, China, belongs to a humid subtropical
climate zone with hot and humid summer but cold and dry winter and an average annual rainfall
of about 1569mm. The total area of the basin is about 22.1km? (Liu et al. 2019), with a complex
topography and steep river banks, making it prone to flash floods and geological hazards. There
are several branches in the basin, and the main river is Baogai River, with a total length of about
9.1km. A reservoir is in the downstream, and the prediction of the upstream flow is of great
significance for the reservoir operation.
3.2 Datasets for real-time forecasting
3.2.1 Underlying surface data

Terrain data is an important factor that affects the reliability of the model. If the accuracy
of terrain is too coarse, it will not accurately reflect the underlying surface information and
cause large errors in the simulation results. As the terrain accuracy increases, the simulation
effect will gradually improve, but the simulation calculation cost will also increase
exponentially. To accurately reflect the river information, DEM data with a resolution of 10m
(567,312 grids) was chosen for this study, and the DEM information of the study area is shown
in Figure 3.

DEM information can reflect the elevation information of the surface but cannot represent
the land use of the underlying surface. For this reason, combined with the DOM (Digital
Orthophoto Map) data of the study area, using the maximum likelihood classification method,

the study area is divided into two categories according to the land used (Figure 4), including
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sloping fields and rivers. Based on the research of Ma et al. (2015), the manning coefficient of
the river channel is set as 0.02, the infiltration capacity is set as 20mm/h, the manning

coefficient of the sloping field is set as 0.2, and the infiltration capacity is set as 6mm/h.
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Figure 3 The DEM of study area Figure 4 The Land used of study area
3.2.2 Rainfall data

The formation of a flash flood is usually caused by prolonged rainfall or locally short-
duration heavy rainfall, and the rapid forecast method of flash flood proposed by the author
mainly aims at the flash flood caused by the locally short-duration heavy rainfall. Since
insufficient measured extreme heavy rainfall events can’t meet the requirements of model
training, based on the short rainfall duration and heavy rainfall characteristics of the study area,
this study consulted the latest local hydrological manual and constructed 260 design rainfall
scenarios based on the study area’s rainstorm formula (Eq 11) and the designed rain pattern

(Shao 2014). For the accuracy of the short-term numerical forecast models can reach 1 h, and
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based on weather radar, can develop 0-6h high-precision nowcasting (Li et al. 2021; Liu et al.
2020), the RFM is constructed the rainfall data with a time resolution of 30min to reflect the
process of flood more accurately. The designed rainfall return period covers one-year to 500-
year scenarios, and the rainfall duration is mainly focused on 2h, 4h and 6h, which can cover

most of the short-duration floods in the study area (Table 1).

. 472.029+421.30561gT
L= 13699 (11)
(r+68.7627)

where i is the rainstorm intensity (mm/h); 7 is for the rainstorm recurrence period (a); and t is

the duration of rainfall (minutes).

Table 1 Parameters of design rainfall

Cases  The rain peak coefficient return period (a) duration of rainfall (minutes)

1 0.35 1 120
2 0.35 1 240
3 0.35 1 360
100 0.45 50 120
101 0.45 50 240
102 0.45 50 360
258 0.45 500 120
259 0.45 500 240
260 0.45 500 360

3.3.3 Generate training data of fast forecast model

Sufficient training data is the basis for the construction of rapid forecasting models. The
DEM information, land use and rainfall data are used as input conditions for the model to drive
the hydrodynamic model to simulate the process of storm-induced flooding. For the heavy rain
and humid air when flash floods form, the process of water vapour evaporation is not considered
in the simulation process. The downstream outlet is set to free flow out of the open boundary,
and the other positions are set as the closed boundary. That is, during the simulation process,

only the infiltration and the process of forming a confluence and flowing to the outlet of
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rainwater are considered. At the same time, the model calculation grid resolution is set to 10m.
To ensure the stability of the calculation, the Courant number is set to 0.5. The model outputs
the 10h process of rainfall-induced flooding with a time interval of 30min of each rainfall, and
each set of result files is composed of 567,312 grids of water depth and velocity data. After
simulations, 260 rainfall-induced flooding results were finally formed, and a total of 5,200 sets
of result files were obtained. Based on this, a machine learning sample information database
was established.

3.3 RFM construction

The RFM construction is mainly completed through python3.6, Scikit-learn, Numpy and
Pandas frameworks. The model takes the rainfall sequence as the input data and the
hydrodynamic model simulation result file as the target data for training.

The sample data obtained from the hydrodynamic model simulations were divided into a
training set and a test set according to 9:1, with 234 rainfall fields as the training set and 26
rainfall fields as the test set. The validation dataset was not distinguished because the K-fold
cross-validation algorithm was used in the model training process. The training set data is used
to train and construct the RFM, and the test set is used to test the forecast performance of the
model.

The framework of the proposed RFM showed in Figure 5. When training the model, the
input data is composed of a 234*12 matrix, where 234 represents 234 training rainfall data, and
12 is the number of input parameters taken for each rainfall. This research is mainly for short-

duration heavy rainfall scenarios, the rainfall duration is less than or equal to 6h, and its time
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resolution is 30min. Based on this, the RFM sets a total of 12 parameters for each rainfall. The
target data is composed of a multi-dimensional matrix of 234*20*3*567,312, where 234 is the
number of accumulated training rainfall sessions; 20 means 20 moments, this research simulates
the next 10h flooding process formed by short-duration heavy rain, and output result files at
30min intervals, so there are 20 moments of result files for each rainfall; 3 is the number of data
types that constitute the result file, including water depth and the velocity in x and y direction;

567312 is the number of grids that constitute the result file.
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Figure 5 The framework of the proposed RFM

Then, model training is performed according to the input parameters and target data, where
each row of input parameters corresponds to the output result one-to-one. In the process of
model training, considering the internal parameters of the algorithm, such as the number of
neighbours K in the KNN algorithm, the selection of the distance formula, and the way of
determining the prediction result will all have a greater impact on the accuracy parameters of

the model's prediction performance. Accordingly, in the process of model training, a grid search



315

316

317

318

319

320
321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

algorithm is used, which is an exhaustive algorithm. That is, the possible values of all
parameters of the model algorithm are assigned to the matrix, and it will automatically select
the parameters one by one, combine and perform simulation training, and select the best
parameter combination for the simulation of training data through the cross-validation method

to improve the reliability of the RFM. The main parameter selected for the KNN model is shown

in Table 2.
Table 2 Selection of main parameters of KNN algorithm
Parameters K value Distance measurement Decision rules Algorithm
Value 3 Manbhattan distance formula Uniform weights KD tree

Finally, 26 field test data were used as input data, and the corresponding forecast results
were obtained through the established RFM. The reliability of the prediction results was verified
by comparing them with the simulation results of the hydrodynamic model.

4 Results and discussion
4.1 Analysis of hydrodynamic model

Since insufficient historical extreme heavy rainfall events to meet the model training
requirements, this study constructs a hydrodynamic model to simulate the flood inundation data
under various extreme short-duration heavy rainfall scenarios. The RFM is constructed by using
the KNN algorithm to establish a direct link between the rainfall data and the hydrodynamic
model simulation results. The reliability of the hydrodynamic model will directly affect the
reliability of the constructed RFM. Therefore, the study firstly verifies the reliability of the
constructed hydrodynamic model.

Using the Baogai Temple basin as the study area, the hydrodynamic model was calibrated

using a heavy rainfall event on 9 May 2012, monitored by the Qing Shui hydrological station



336

337

338

339

340

341
342

343

344

345

346

347

348

349

350

351

352

in the basin. The rainfall lasted from 05:00 to 21:00, with a cumulative rainfall time of 16h and
a cumulative rainfall of 130mm, with a maximum single hourly rainfall of 47.5mm. The main
rainfall was concentrated between 07:00 and 13:00, during which the cumulative rainfall
exceeded 125mm, accounting for 96% of the total rainfall, and the specific rainfall process is

shown in Figure 6.

Time (h)
0 5 6 7 8 9 10 11 12 13 14 15 16

20

precipitation (mm/h)

40

I precipitation

50

Figure 6 Measured rainfall process on May 9,2012

The downstream boundary is set as the open boundary of the free flow, and the remaining
boundary is defined as the closed boundary. That is, the process of rainfall forming a flood in
the river basin and flowing towards the outlet of the river basin was simulated without
considering the inflow situation outside the river basin. The reliability of the model was verified
by comparing the measured water level and flow process in section 1 (Figure 3).

Due to the heavy rainfall, the rainwater quickly converges in the basin, forming a flash
flood and instantaneous flows in excess of 200 m?3/s. The comparison between the simulation
result and the measured discharge process in section 1 is shown in Figure 7. The figure shows
that the simulated discharge process is in good agreement with the measured data, the NSE is

0.70, and the measured peak flow approximately occurs at the 8th hour, with a peak flow of
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235m?/s. The peak flow obtained from the simulation of the hydrodynamic model based on
physical processes also occurs at the 8th hour, with a simulated peak flow of 226.9m?/s, which
is slightly less than the measured value, but the difference is less than 10m?/s, with a relative
error of less than 5%, indicating that the simulation results are accurate and effective, and the

simulation results of the built simulation in this basin have high accuracy.
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Figure 7 The comparison between the simulation result and measured discharge at section 1

However, despite using GPU acceleration in the model runs and calculations with a
GeForce RTX 2070 super graphics card, it still took 2760 seconds to simulate the 16-hour
flooding process. As a result, its timeliness is still difficult to guarantee in the face of short-term
storms.

4.2 Analysis of real-time forecasting model

The 10-hour flood evolution of 260 rainfall events was simulated by the hydrodynamic
model with a temporal resolution of 30 min. With 20 moments of data included in each rainfall
scenario, a total of 5200 result files were available. At a ratio of 9:1, 234 of the rainfall scenarios

were used as model training data, and 26 rainfall scenarios were used as test data. Inundation
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extent, water depth and flow velocity were used as the main analysis objects, and RMSE and
NSE were used as the main indicators to test the prediction performance of the RFM. Specific
analyses are presented below.
4.2.1 Analysis of the forecast results of whole basin

First of all, the inundation extent was analyzed by counting the water depth in each cell.
In order to make the inundation boundary more obvious and avoid over-estimation of the
inundation extent, the inundation area below with water depth below 0.3m was ignored in the
process of drawing the inundation map and data analysis. That is, the water depth of fewer than
0.3m was set to 0. Part of rainfall scenarios flood routing map as shown in Figure 8. The
inundation process obtained from the RFM varies smoothly without any abnormal water depth
that violates the overall trend, which is consistent with the objective rule. Meanwhile, the
prediction results are basically consistent with the overall situation of the hydrodynamic model

simulation results, indicating that the constructed RFM is generally stable and reliable.
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Figure 8 Comparison of inundation extent between hydrodynamic model and RFM

Analysis of the error of inundation extent at each moment showed in Figure 9. Of the
cumulative 26 rainfall scenarios, 520 moments of forecasts, 99% of the data forecast errors can
be controlled to within 20%. The results with larger forecast errors are mainly concentrated in
the 1-2h time period at the beginning of the rainfall, and the forecast effects tend to be stable
after 2h with smaller errors. This is mainly due to the fact that at the early stage of rainfall, the
factors affecting the inundation extent are mainly the 1-2h rainfall sequence. Considering the
usual temporal resolution of forecast rainfall, the time interval of rainfall sequence was set to
30min, resulting in fewer effective parameters and relatively larger flood forecast errors at the
early stage of rainfall. With the increase in the duration of rainfall, the effective forecast
parameters increase, the forecasting effect tends to be stable and accurate, and the inundation

extent error can be controlled within 10%.
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To further quantify the forecast performance of the model, this study used RMSE and NSE
as evaluation indicators to quantify the error at each moment. The average value of RMSE and
R2 of water depth is 0.990 and 0.044 (Table 3), which shows that the model forecast results are
accurate and reliable, and the forecasted process is stable. The maximum error of RMSE (0.131)

and the minimum value of R2 (0.948) both occurred at the 2nd hour, which still had high

accuracy.
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Figure 9 Error analysis of the inundation extent at each moment
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Table 3 Error analysis of the water depth and velocity at each moment

Times Water depth Water velocity

(h) R? RMSE R2 R2

0.5 1.000 0.004 0.892 0.006
1.0 0.968 0.029 0.832 0.049
1.5 0.984 0.037 0.794 0.112
2.0 0.948 0.131 0.816 0.105
2.5 0.985 0.092 0.856 0.088
3.0 0.989 0.054 0.831 0.066
3.5 0.992 0.047 0.773 0.048
4.0 0.993 0.045 0.787 0.036
4.5 0.993 0.043 0.787 0.029
5.0 0.994 0.040 0.808 0.016
5.5 0.994 0.038 0.812 0.014
6.0 0.994 0.037 0.844 0.012
6.5 0.995 0.036 0.855 0.011
7.0 0.995 0.036 0.853 0.010
7.5 0.995 0.035 0.837 0.009
8.0 0.995 0.035 0.877 0.008
8.5 0.995 0.034 0.866 0.008
9.0 0.995 0.034 0.844 0.007
9.5 0.995 0.034 0.843 0.007
10.0 0.995 0.034 0.816 0.006

In addition, the flash flood has the characteristics of high velocity, and high-speed water
may cause debris flow, landslides and other secondary disasters, so the model also predicts the
flow velocity. The prediction errors of the RFM for the flow velocity are shown in Table 3. By
comparing the R2 of water depth and flow velocity, it can be seen that the overall prediction
performance of the RFM for flow velocity is slightly worse. This may be due to the magnitude
and direction of water velocity being determined by the velocity components in the x and y
directions, so there may be some accumulation of error. Nevertheless, the R2 values for water
velocity are all greater than 0.77, and the RMSE values are close to 0, indicating a high degree
of agreement between the water velocity and the overall simulation results of the hydrodynamic
model. The RFM is able to accurately reflect the velocity distribution within the basin.

4.2.2 Analysis of the forecast results of local sections

As the study area is mountainous, the terrain is relatively undulating and the river channels
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are narrow and long. Rainwater from high lying areas will rapidly collect along the slope
towards the river channel, so that the water depth tends to be shallow in areas with high
topography. In addition, when analyzing the overall inundation, the threshold value for water
depth was set to 0.3 m in order to better distinguish the inundation extent, which may allow the
model to obtain near-perfect forecasts in in areas with high terrain, ultimately leading to an
overestimation of the model's forecast performance. On this basis, four river sections were
selected and the water depth, flow velocity and discharge in these sections were analyzed in
more detail, and the locations of the sections are shown in Figure 3.

The section discharge for different rainfall conditions at each time period is shown in
Figure 10. By comparing the simulation results of the hydrodynamic model and the RFM, it
was revealed that the RFM has good forecasting effectiveness on the trend of the discharge and
can reflect the time of peak flow occurrence at each section. Similar to the overall basin forecast
results, the large forecast errors appear within 1-2h at the beginning of each rainfall, and the
forecasting effect is to be stabilized after 2h. This may also be due to the small number of
effective control parameters at the onset of rainfall, and by improving the temporal resolution
of the forecast rainfall, the accuracy of the model in the pre-forecast can be further improved.
Nevertheless, the NSE values between the simulation results of the hydrodynamic model and
the RFM forecasts were calculated to be in excess of 0.98 for all sections, with a slightly smaller
NSE value of 0.982 for section 1 at the upstream location of the river and the best prediction of
0.99 for section 4 at the downstream location of the river. In addition, the average error of peak

flow for sections 1, 2, 3, and 4 were 7.16%, 7.87%, 6.17%, and 5.28%, respectively. The model's
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460 Figure 10 Error analysis of the discharge process of sections
461 The error analysis of the maximum average velocity of the four sections is shown in Figure

462  11. The RFM has the best forecasting effect on section 4 (NSE=0.989), and the forecasting
463  effect of section 2 is slightly worse (NSE=0.980), but the NSE values of the four sections all
464  reach 0.98, which is close to 1, indicating that the built rapid forecast results are highly
465  consistent with the hydrodynamic model simulation results. The average errors of sections 1, 2,
466 3, 4 were 4.96%, 1.38%, 4.28%, and 3.94%, respectively, and the maximum velocity error of

467  75% can be controlled within 10% (Figure 11 (a)), demonstrating that the RFM can accurately
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predict the maximum velocity of the section under most rainfall-induced flood conditions.
However, Figure 11

b) shows that the maximum mean velocity errors of the RFM are slightly larger in rainfall
scenarios 1, 7 and 19. The forecasting still needs to be improved. This may be mainly due to
the limited training data of the forecast model, which cannot fully cover enough types of rainfall

scenarios. In practical application, it is necessary to further increase the training dataset.
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Figure 11 Error analysis of maximum average velocity of sections

The error analysis of the RFM for the maximum average water depth of the section is
shown in Figure 12. Under 26 rainfall scenarios, the NSE values between the simulation results
of the average water depth of the four sections and the simulation results of the RFM were
0.992, 0.987, 0.992 and 0.983, respectively. As shown in Figure 12 (a), the average error of the
maximum average water depth of the sections for more than 75% of the rainfall scenarios can
be controlled within 7.5%, and the relative average errors of sections 1, 2, 3, and 4 are 4.34%,
4.49%, 3.42% and 2.96%, respectively, indicating that the RFM achieves forecast results similar
to those of the hydrodynamic model. Similar to the velocity forecast results, the RFM forecasts

for rainfall scenarios 1, 10 and 19 still need to be improved (Figure 12(b)).
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Figure 12 Error analysis of maximum average water depth of sections

4.3 Computational time

The hardware device of this study is based on NIVIDA Geforce GTX 2070 Super Graphics
Card, and the CPU is Intel Core 17-8700. By using GPU acceleration techniques, the
hydrodynamic model simulates a cumulative time of 40,092s for 26 rainfall scenarios and 1000-
1800s for a 10h flooding process for a single rainfall scenario, and the greater the rainfall
scenario, the longer the simulation time. The total time for the RFM to simulate 26 rainfall
processes is 532s, and the average time for predicting a single rainfall scenario is about 20s,
which can be shortened by 50-90 times compared with the hydrodynamic model. And the
forecast time will not increase significantly with the increase of rainfall amount and rainfall
duration, which is more advantageous in dealing with flash flood events caused by sudden
short-duration heavy rainfall.
5 Conclusion

Based on the numerical hydrodynamic model and the KNN algorithm, this research
proposes a method to realize the rapid prediction of the flash flood. As insufficient measured

data for extreme rainfall events were available, a hydrodynamic model was used to generate the
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training data covering flood processes under various types of return period synthetic short-
duration heavy rainfall scenarios. And the Baogai Temple Basin was used as the study area to
construct and test the reliability and timeliness of the RFM.

The results show that the built model realizes the rapid forecast of the process of flash
floods and has high reliability. 99% of the test data can control the accumulated inundation
extent error within 20%, and the NSE value of the cross-section discharge reached 0.98. For
75% of rainfall scenarios, the errors of maximum average water depth and velocity at the
sections can be controlled within 7.5% and 10%, respectively. Meanwhile, the model can
complete the prediction of the flood routing process in the next 10h within 25s. Compared with
the traditional hydrodynamic numerical model, the simulation time can be shortened by 50-90
times, and forecasting efficiency has been greatly improved.

In conclusion, the RFM established in this research has the advantages of high efficiency
and high precision, which can quickly respond to the flooding process caused by short-duration
heavy rainfall. It can gain valuable lead time for emergency decision-making when responding
to flash flood events caused by short-duration heavy rainfall and has broad application prospects

in the rapid forecast of the flash flood.
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