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A study on establishment of real-time water level
recognition model with artificial intelligence technology
for decision support of disaster prevention and protection
In Taichung city during typhoon and torrential rain period
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Center element of the kernel is placed over the (4 x 0)
source pixel. The source pixel is then replaced (o x Q)
with a weighted sum of itself and nearby pixels. (g x 0)

Source pixel

(emboss)

New pixel value (destination pixel)

1}
|
Convolution kernel ‘I
1]
E
|
]
'

Bl 5 kiR :ecivp Apple Inc.djir= 2
(https://developer.apple.com/library/content/documentation/Performance/Conceptual/vimage/ConvolutionOperations
/ConvolutionOperations.html)
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Blue Channel Previous Patch (3x3) (Obtained after
Matrix Current Patch (3x3)  sliding from

/ previous position
by 1 unit, i.e. o
Stride = 1 unit) Activation
Map

-9 -1 0

3 8 -6

5 2 o

o
yd T \
Green Channel Matrix : Kernel (or Filter) Matrix (Sum of
Red Channel Matrix values = 2)

F# k& : Convolutional Neural Networks (CNNs): An Illustrated Explanation > 2016 - Abhineet Saxena °
(http://xrds.acm.org/blog/2016/06/convolutional-neural-networks-cnns-illustrated- explanation/)
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