E proceedings

Proceedings

A Machine Learning Model Relating Xrain and Rain-gauge

Miao Zhang '*, Gomez Christopher 2, Balazs Bradak !, Hotta Norifumi? and Shinohara Yoshinori *

Citation: Zhang, M.; Christopher, G.;
Bradak, B.; Norifumi, H.; Yoshinori,
S. A Machine Learning Model Relat-
ing Xrain and Rain-gauge. 2022, 69,
x. https://doi.org/10.3390/xxxxx

Academic Editor(s):

Received: date
Accepted: date
Published: date

Publisher’s Note: MDPI stays neu-
tral with regard to jurisdictional
claims in published maps and institu-

tional affiliations.

Copyright: © 2022 by the authors.
Submitted for possible open access
publication under the terms and con-
ditions of the Creative Commons At-
tribution (CC BY) license (https://cre-

ativecommons.org/licenses/by/4.0/).

1 Graduate School of Oceanology, Sediment Hazards and Disaster Risk Laboratory/ Kobe University, Kobe,
Japan

2 Faculty of Geography, Universitas Gadjah mada, Yogyakarta, Indonesia.

3 Faculty of Agriculture, The University of Tokyo, Tokyo, Japan

4 Faculty of Agriculture, University of Miyazaki, Miyazaki, Japan

* Correspondence: zhangmiao32@outlook.com

Abstract: In the last decade, rainfall radar has been deployed at volcanoes like Mt. Merapi in Indo-
nesia, and can even cover a whole country like in Japan, where the X-Rain (eXtended Radar Infor-
mation network) product has been available for local research. However, the linkage between rain-
gage data and radar spatial data (over a 250 m x 250 m grid) still presents discrepancies, and these
challenges are particularly acute in regions of high local-topographic variations like at Mount Unzen
in Japan. As the volcano is located at the Shimabara peninsula, it is surrounded by the sea, with a
topography locally rising to 1,483 m. To improve the forecast and to better understand the triggering
mechanisms of lahars (volcanic debris-flows) at Mount Unzen, quantifying the spatial distribution
of rainfalls is essential, and first it is important understand how data taken locally by rain-gages
relate to radar data spatially. Because empirical models have not been able to show any clear corre-
lation, the present contribution has been developing a neural-network with two hidden layers that
takes into account the rainfall per hour, the temperature and the wind speed and direction. The
model takes a logistic activation function and the loss function is optimized using the Mean Squared
Errors and the Mean Absolute Error. The choice of the activation function and the optimizer is the
result of running several combinations of optimization functions with different activation functions.
Once the best fit was chosen, the sigmoid with a SGD (Stochastic Gradient Descent) optimizer was
chosen, and when training the model for 120 cycles, Shimabara station and the XRain data shows
an error < 4 mm rainfall, while at the Unzen summit, even after 300 cycles, the validation error
remained at 8 mm while the training loss was < 4mm. This shows that location specific functions
might be necessary for each location, not only taking into account the weather data, but also the
local topographic variability and the topographic position on slopes.
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1. Introduction

Stratovolcanoes’ eruptions create pyroclasts of sizes varying from ash to several me-
ters clasts with events ranging from valley-size pyroclastic density currents and surges
[1-4] to large explosions that can even trigger tsunamis (e.g., the prehistoric eruptions in
Alaska [5]). These deposits are then remobilized over time—or instantly —by rainfalls
and transported further downstream forming lahars [6,7], where mixtures of blocks and
sediment and water flow in a “fluid manner” in and from valleys on volcanoes [8,9]. La-
hars can be triggered by a variety of processes, but it is dominated by rainfall-triggered
lahars, which have been well-studied in South America at Colima Volcano [10] at Popo-
catepetl [11], or at Cotopaxi Volcano [12] for instance. In East Asia, Indonesia, the Philip-
pines and Japan have provided numerous case studies as well: at Merapi Volcano in In-
donesia [6,7,13], at Semeru Volcano in Indonesia [14,15], etc.
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One of the research gap that remains, despite of this large breadth of research is the
establishment of a predictive-level of relations between rainfalls and lahars. This is essen-
tial for scientific and applied hazards and disaster risk purposes as well. Unfortunately,
the rain-gauges are never in the exact location of where the rainfall is occurring and the
several centimeter square of the raingage is not representative of rainfalls that present
high-spatial variability. To fill this gap, rainfall radar has been developed, notably by Ja-
pan, and applied to volcanoes such as Merapi Voclano [16], however the significance of
the radar data in comparison with raingage data has not been assessed systematically as
yet, and the radar data has just been used to find thresholds of lahars [17] and only cali-
brated using mathematical models. Unfortunately, these relations are not addressing the
problems of each site-location variability due to topographic and meso-scale level atmos-
pheric conditions that are site-specific as well.

Consequently, the present contribution therefore aims to simulate the relation be-
tween rain-gauge data and Xrain radar data, so that periods when no radar data existed

could be simulated back and then used to improve the simulation of rainfall-lahars’ trig-
gering processes.

2. Research Location, Data and Methods

2.1 Research Location

The present research occurred at Shimabara peninsula in South Japan (Figure 1).
Shimabara peninsula is dominated by Unzen Volcano, which last erupted in 1991-1995
following a long slumber. This eruption occurred at the Fugen-Dake, and a hundred years

ago a major flank collapse at Mt. Mayuyama (Figure 1) had then triggered a tsunami that
took the lives of 15,000.
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Figure 1. The location of the study area and the location of the 3 rain gauges: (a) Unzen, (b) Ku-
chinozu and (c) Shimabara..
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2.2 Data and Method

To reach this goal, a neural network model was programmed in Python program-
ming environment, starting from a set of data collected at Unzen Volcano, starting from
rain-gauge and rainfall radar data (Figure 1). ANN (Artificial Neural Network) is a pop-
ular method to predict rainfalls from rain-gauges [18]. Therefore, a similar type of model
was chosen to link the spatial distribution of a representation of the rainfall (Xrain radar
data) to the rain-gauge data.

Collecting data
Cleaning data
Make training data
Build model

Evaluate

Adjust the
parameters

If the resultis
good enough

Figure 2. Neural-network model training process.

Moreover, because the local terrain and other geographic factors influence the rain-
fall beyond what rain gauge data can record, we posited that a BPNN (Backward Propa-
gation Neural Nework) model is appropriate to integrate these different factors.

The model uses meteorological data from the Japan Meteorological Agency and rain-
fall data from the xrain radar from 2018 to 2021. Build the model using the keras library
in python, tuning the parameters until the result is good enough.

2.1. Data Preparation

The meteorological data have been downloaded from the Japan Meteorological
Agency website, and they include hourly rainfall, wind speed, direction and temperature
from 2018 to 2021 at three observation stations named Unzen, Kuchimozu, Shimabara,
around the target site. The Xrain data (the Japanese rainfall radar) were obtained from the
Ministry of Land Infrastructure Transport and Tourism of Japan. The data was integrated
over a regular time-step in two time-series over time, and the missing values and data
without rainfall were separated. The wind direction was divided into 16 different direc-
tions, and all the data was integrated into a table-matrix of data, which was then separated
between a training dataset (80%) and a validation dataset (20%). The sampling was ran-
domized and the test run several times.

2.2.Model Building

BPNN is a concept proposed by scientists led by Rumelhart and McClelland in 1986.
It is a multi-layer feedforward neural network trained according to the error back propa-
gation algorithm, and it is one of the most widely used neural network models. The BPNN
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algorithm is based on a gradient descent method, using gradient search technology, in
order to minimize the deviation of the mean square error between the actual and the ex-
pected output value of the BPNN. The algorithm works as a two-step system, with the
signal forward propagation and the error back propagation. That is, the error output is
calculated in the direction from input to output, while the weight and threshold are ad-
justed in the direction from output to input.

In forward propagation, the characteristics of the sample are data from the input
layer, and the signal is processed at each hidden layer; and finally the calculation is trans-
mitted to the output layer. For the error between the actual output and the expected out-
put of the network, the error signal is transmitted back from the last layer layer by layer,
so as to obtain the error learning signal of each layer, and then the weight of neurons in
each layer is corrected according to the error learning signal. The process of weight ad-
justment is the process of network learning and training. This process is performed until
the network output error decreases below a set-threshold or if it exceeds the preset maxi-
mum training times.

The model structure is made of two sub-routine, with (1) building the relation be-
tween Xrain and the raingage, and (2) using Xrain data from 3 locations, attempt to infer
the rainfall data. For this process, the model structure has one input layer and two or three
hidden layers and one output layer (Figure 2). This model accepts traditional ANN inputs:
N : learning rate; A : regularization L : the number of layers of the neural network; j : the
number of neurons in each hidden layer; Echo: Number of rounds learned; batch: the size
of the mini-batch data; How output neurons are encoded; Loss function; Weights initiali-
zation; Types of neuron activation functions; The scale of the data to participate in the
training model. Then, the optimizer is used to guide the parameters of the loss function to
update the appropriate size in the correct direction, so that the updated parameters keep
the loss function value approaching the global minimum.The following optimizers are
tried in this study:SGD, AdaGrad, RMSProp and Adam.

Input layer Hidden layer x n Output layer

Figure 3. Conceptual diagram of BP neural network structure with the input layer, the hidden layer
and the single output.

For the present research, the model parameters have been set differently, from trial
and error depending on the location as follows (Table 1):



Proceedings 2022, 69, x FOR PEER REVIEW 5 o0f 8

Table 1. The adjusted parameters of the ANN model.

M 0.0005
A Z-Score
L Input+Hiddenx2+Output
j 32,32,32
batch 32
ECHO(, K, S)! 300,120,130
Loss MSE
optimizer SGD
activation sigmoid

1 U:Unzen, K:Kuchinozu, S:Shimabara.

3. Results and discussion

Once the model was trained and the results optimized using the SGD optimizer (table
1), the results demonstrate that prediction of raingage data from the XRain data is a good
model fit, although it shows discrepancies depending on the station (Figures 3, 4 and 5).
At Unzen rain-gauge, the model predicts high-peak of hourly rainfall > 10 mm success-
fully, but for smaller peaks, it tends to under-estimate the peaks between 5 mm and 10
mm hourly rainfalls (Figure 3).
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Figure 4. Predicted and modeled (test) results at Unzen Station.

At Kuchinozu station, the predictions and the test are of lower quality, nor the peaks
nor the background rainfalls are well predicted, and this is certainly to be attributed to the
limited variability in the dataset, generating combinations that are two similar to one an-
other, if one wants to predict the changes (Figure 4).
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Figure 5. Predicted and modeled (test) results at Kuchinozu station.
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Figure 6. Predicted and modeled (test) results at Shimabara station.

Finally, at Shimabara stations, peaks superior to 10 mm/h are well predicted, alt-
hough the value is slightly underestimated. Peak rainfalls of 10 to 15 mm/h also show two
occasions when the peak rainfalls was slightly overestimated (between the samples 200
and 250). The model also finds peak rainfalls between 5 and 10 mm/hour, but they are
underestimated.

To understand the importance of these errors, the error of the values of the rainfall
against the test events show that hourly rainfall of 15 mm/h and higher are systematically
underestimated, the worst estimate being for Mt. Unzen station when 35 mm/h was un-
derestimated by 10 mm/h (Figure 7). Errors for the two other stations near sea-level show
lower error with error values less than 4 mm for most values: only 2 values exceed this
error at Kuchinozu and a dozen at Shimabara station (Figures 8 and 9). This issue empha-
sizes the necessity to separate the data at different seasons and from different wind direc-
tions in order to work on the topographic effects, which may affect the correspondence
between the values of the XRAIN dataset and the raingage station.
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Figure 7. Errors at Unzen station.
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Figure 9. Errors at Shimabara station.

4. Conclusions

According to the results of model calculation and error analysis, BP neural network
can describe the relationship between rain gauge and spatial rainfall radar data to a certain
extent. And, the error of the model can be followed regularly. If the research continues in
this direction, it is believed that it is possible to calculate more accurate spatial rainfall
through rain gauges and other meteorological data.
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