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The damage information by sediment-related disaster included reservoir disaster is impor-

tant to implement reconstruction assistance early. However, organizing various disaster

information takes a long time and needs special knowledge. In this study, the scale of

sediment-related disaster included reservoir disaster is estimated objectively based on deep

learning. As a result, the deep learning model using aerial photographs after a heavy rain

disaster was able to objectively estimate the damage situation by detecting each judgment

area.
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Convolution

Batch Normalization

Rectified Linear Unit

Max Pooling

Middle layer

BottleNeckA
{
BottleNeckB -
(Abbreviation)
B->A->B->B
- B>A->B->B->8B
- B->B->A->B->8B

3 layers x|16 = 48 layers

Average Pooling

Reshape

Linear Function

Softmax Cross Entropy

Figl Overall flow chart of convolution neural network

The red letters are

the design value

Data Filter Bias Convolution data

Equivalent to filter : 64

J

(32, 3, 224, 224) (64,3,7,7) (64) (32,64,112,112)

Scale: (224 +2*3-7)/2 +1 =112

Zero padding 7/2 = 3(Decimal truncation)
Filter size: 7, Stride: 2

Channel: 64

Size of division: 32

Scale: 224x224 Filter size: 7x7
Channel(RGB): 3 Channel: 3
Number: 32 Filter: 64 (2n)

Fig2 Convolution: Filters the RGB image of the original
data and adds a bias to reduce the capacity of the original

data.
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Batch Normalization

A method of forcibly optimizing the output of a layer so that
the distribution of parameters in the middle layer is appropriate.

Convolution data Distributed Average  Normalized data

-

(32, 64,112, 112) (64) (64)  (32,64,112,112)

Fig3 Batch normalization: Reduce data bias by averaging

and distributing numbers without resizing convolution data.
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Rectified Linear Unit

Set negative values to zero (prevent negative values from backpropagation)
f(x) = max(0,x)
(+)

Normalized data RelLU data

(32, 64,112, 112) © 0 (32, 64,112, 112)
\ t

Figd ReLU function: An activation function that converts

a negative value of normalized data to zero.

Max Pooling

Select the largest for a small area (data compression)

RelLU data Max Pooling data

= L]

112/2 = 56 [px]

(32,64,112,112) (32, 64, 56, 56)

Figh Max pooling: Extraction of maximum value.
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(32, 64, 56, 56)

Convolution

(64, 64,1,1)

Batch Normalization

Rectified Linear Unit

Convolution (256, 64,1, 1) Convolution (64, 64, 3, 3)

Batch Normalization Batch Normalization

Rectified Linear Unit

(32, 256, 56, 56) (256, 64, 1, 1)

Convolution

Batch Normalization

+

(32, 256, 56, 56)
Rectified Linear Unit

(32, 256, 56, 56)
BottleNeck A

Fig6 Bottleneck A: Intermediate layer processing by type
A flowchart.

(32, 256, 56, 56)

Convolution

(64, 256, 1, 1)

Batch Normalization

Rectified Linear Unit

(64, 64, 3, 3)

Convolution

Batch Normalization

Rectified Linear Unit

Convolution

(256, 64, 1, 1)

Batch Normalization

e

s " . (32, 256, 56, 56)
Rectified Linear Unit

(32, 256, 56, 56)
1 BottleNeck B

(Abbreviation)
B-A-B~>B->B>A>B>B->B>B->B~>A->B->B
(32,2048,7,7)

Fig7 Bottleneck B: Intermediate layer processing by type

B flowchart.

Fig.6 O flic T Convolution 3 & ¢F Batch Normalization %,
Z 72, AMIZT, Convolution ¥ Batch Normalization DI
ReLU DML Z#DRT. Fig. 6 1IR3 LS IcHhEE» S A>T
= 7-H0%] (32, 64, 56, 56) &, 1 X 1 ¥ 3 X 3 ® Convolution
JEickoT—H, Xxk/hE< L, %D Convolution (256, 64,
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HMAEDLETE2E 70 —B XU Fig. 7 D TET/R L 724 E DAL
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Average Pooling

Select the average value for a small area (data compression)

Data from the middle layer

| =

(32,2048,7,7) (32,2048,1,1)

Average pooling data

Fig8 Average pooling: The process of converting a two-

dimensional array into a one-dimensional array.

Reshape

Turn a two-dimensional array into a one-dimensional array

Average pooling data

] g

(32,2048, 1, 1)

Reshape data

(32,2048)

Fig9 Reshape: The process of converting a two-

dimensional array to a one-dimensional array.

Linear Function ‘

Calculate the sum of weight (score x) by forward propagation

Reshape data  Weight Bias Score x

* + =

(32,2048) (10,2048) (10) (32, 10)

Figl0 Linear function: Calculates the sum of weights.
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%f75. ZL7T, Fig. 10 IZ’RY Linear Function 1%, Reshape
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‘ Softmax Cross Entropy

ex

y=zex

Normalize score x
(Output probability distribution y)

Softmax

Cross Entmpy L= —Z tlogy Outputloss L from label t

score x L?ggl)t
\. Cross
Softmax ———— — (Loss)
Probability y ey
(32, 10) (32) (1)

Figll Soft cross entropy: Outputs the loss rate due to cross

entropy.
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Figl2 Class Activation Mapping: A method of highlighting
input areas that have contributed to a particular class in an

image recognition model.
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Figl3 Learning curve showing the correct answer rate

8.0
7.0
6.0
5.0
4.0
3.0

2.0
1.0 ﬁLml: 7
0.0 ]

0 20 40 60

—e—Training —=—Validation

Figld Learning curve showing the loss rate
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Figlhs Distribution of the number of disaster detected in

the training data
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Figl6 Detection of sediment-related disaster included

reservoir disaster by aerial photography
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Figl7 Disaster detection in areas with both turbid and

non-turbid areas
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Figl8 Confusion matrix to understand the detection accu-

racy of the training model
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Figl19 Disaster detection showing the maximum number of

disaster judgments
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