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1-1. Background

Groundwater is an
"Invisible" water resource

- We've been researching Otomeyama park, Shinjuku City for 13 years

- We have strongly felt the need to preserve the water environment around us
(In Tokyo, 68 springs have disappeared in the past 10 years)

- Fluctuations in groundwater levels cause spring depletion, well depletion,
land subsidence, and landslides

- We want to "visualize" groundwater and conserve it



1-1. Background

Groundwater level prediction makes
future groundwater "visible™

Tank Model EE}

Low versatility across regions I" = a5 Tank2
Need more than 10 data

Need one observation well per 2square kilometers ‘ |- Tank 3

Place a heavy burden On |Oca| gOvernmentS In-line 3-stagetank model Method

(Japan Meteorological Agency)




1-2. Approach

Use only meteorological data and
groundwater level data

Make the model applicable to
different regions

Making Groundwater Level Prediction Easier




2-1. Model

Transformer

A high-performance machine learning
model for time series data

Proposed to use in
machine translation
or natural language processing

QK™
Vdy

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N.
Gomez, Lukasz Kaiser, lllia Polosukhin

“Attention is All You Need” 2017
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2-2. Architecture

The model consists of three modules

Input Data
(Meteorological data & Water level data)

Inception Module

2. TranSformer MOdUIe Transformer Module

3. Linear Module Linear Module

Input Data
prediction of water level)




2-2. Architecture
Prediction Method

Passing the previous segment’s output

to the next segment’s input

This model can predict
without the

latest ground water level data
by predicting recurrently
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2-3. Implementation

This model was implemented
with Python, a programming language.

EXPLORER

WATERLEVEL [SSH: S... [

> B9 __pycache__

) .vscode

B models

transformers.py

!.'L'Lﬂ.m'L'L'L'L'L'L

> @ Otomeyama
>l

> I Toyama
.gitignore

+ -python-version

OPEN EDITORS
(4
L
X e

BEO & ¢

softmax.bmm(value)

s AttentionHead(torch.nn.Module):
init__(self, dim_in: int, dim_k: int, dim_v: int)
super().__init__()
self.q = torch.nn.Linear(dim_in, dim_k)
self.k = torch.nn.Linear(dim_in, dim_k)
self.v = torch.nn.Linear(dim_in, dim_v)

f forward(self, query: Tensor, key: Tensor, value: Tensor) —-> Tensor:
turn scaled_dot_product_attention(self.q(query), self.k(key), self.v(value))

s ‘MultiHeadAttention(torch.nn.Module):
init__(self, num_heads: int, dim_in: int, dim_k: int, dim_v: int)
super().__init__()
self.heads = torch.nn.ModulelList(
AttentionHead(dim_in, dim_k, dim_v) range (num_heads)
)
self.linear torch.nn.Linear(num_heads * dim_v, dim_in)

forward(self, query: Tensor, key: Tensor, value: Tensor) -> Tensor:
irn-self.linear(torch.cat([h(query, key, value) for h in self.heads], dim=-1))

f position_encoding(seq_len: int, dim_model: int, device: torch.device torch.device("cuda"
-> Tensor:

pos torch.arange(seq_len, dtype=torch.float, device=device).reshape(1, -1, 1

dim torch.arange(dim_model, dtype=torch.float, device=device).reshape(1, 1, -1)

phase pos le4 % (dim dim_model)

torch.where(dim.long @ 0, torch.sin(phase), torch.cos(phase))

f feed_forward(dim_input: int = 512, dim_feedforward: int 2048) -> torch.nn.Module:
return torch.nn.Sequential(

torch.nn.Linear(dim_input, dim_feedforward),

torch.nn.RelLU(),

torch.nn.Linear(dim_feedforward, dim_input
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3-1. Data Used
Tank Model This Research

- Groundwater level data Provided directly by the local

- Coefficient of transmissibility

- Coefficient of storage g overnm ent

- Amount of rainfall

-  Amount of evapotranspiration
- Groundwater increment

- Penetration rate

» Industrial water

. Agricultural water Using open data from the
' Waterfor dally use Japan Meteorological Agency

- Water for snow melt
- Water for fighting fires
- Water for environment

- Land use data




3-2. Dataset Tedorigawa Alluvial Fan Area

Training data
1974/04/01~2015/03/31(about 40 years)

Validation data H UK Un mu )
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3-2. Dataset Himi city and Takaoka city

Training data
2007/04/01~2018/03/31(about 10 years)

Validation data
2018/04/01~2020/03/31
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3-2. Dataset owari Area, Aichi Prefecture

Training data
1974/04/01~2015/03/31(about 40 years)

Validation data
2015/04/01~2017/03/31
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4-1. Results 1 Tedorigawa Alluvial Fan Area

Kitaichi,2"d aquifer
et Model Yasukichi Kitaichi
Chono et al.(2017) 0.0063 0.0032

This research - -

MSE score for each location

n
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Yasukichi,2"d aquifer

y: measured values,y: output values N:the number of data

The lower the MSE score, the higher the
g accuracy
e e = This model showed a high accuracy



4-1. Results 1 Toyama and Aichi prefecture

Predict to a certain extent of accuracy

Himi city = Takaoka city Owari Area
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4-1. Results 1
Types of versatility

- Between Wells

- Between Aquifers

- Between Regions

$

High versatility was confirmed
by using the same model



4-2. Results 2 Periods of unusual variation
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4-2. Results 2 Periods of unusual variation

Taiheiji,3™ aquifer

Water Level [m]

Water Level [m)

Snow Removal Equipment Using Groundwater

65
6.0 :““"“““““‘:
1
1
50 - ' !
1
45 1 !
 Snow removal;
40 - | . 1
1
sz requipment |
1
_________________ ]
30
2.5 4 — Predicted Values
— temrtte Half the accuracy of normal
")\@.\“\ ‘)\6\\6\ ‘)‘»Q\Q\ b\QX\Q‘\ 6\@‘\6\ 6\6\\Q\ %\\Q\Q\ ’\\QX\Q‘\ '\\Q"\Q\v
‘9\ ,p'\ ,P\- ,.P\ ‘9\ ,,P\ ’9\' 2 ,9\
Date [day]
. . d H
Akai(deep),3" aquifer Hukumasu,3"™ aquifer
40
o w 35 4
30 -
35 3
T 25
2
3.0 4 g 201
-
15 -
25 1
10
—— Predicted Values —— Predicted Values
20 4 —— Measured Values 054 —— Measured Values
O © SENPUSIRCC O S
o <'>\6\\Q & & & & b\@$ N '\\&@ o \f:\& & & \5\6\ R\
S S NS NS NS S AR AN ¢ » » » » » ® ) ® ®
Date [day] Date [day]

(Hukui Shinbun Online)



4-2. Results 2 Tedorigawa Alluvial Fan Area

Periods of unusual variation

- Lowering of the groundwater level due to landslides

Lowering of groundwater level due to
operation of snow removal equipment

$

Some prediction is possible



5. Conclusion

uOnIy used meteorological data and groundwater level data
vShowed a high accuracy
aVersatility across wells, aquifers and regions

2+ X Making Groundwater Level Prediction Easier

It will lead to the protection of the water

environment around all people



6. Prospect

Use of groundwater data ledgers

 Over 60,000 boring data available

- Model with a larger number of points

9,
©
O‘. .
9 (o) 90 » E 7

Prediction will be possible even at : o
points where there are B
no ObservatiOn We”S Points with drilling data (Toyama Prefecture)
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