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Abstract

This study aims to explore rapid modeling methods for drainage water level image rec
ognition using artificial intelligence (Al) technology. Typically, training Al models requ
ires extensive historical data, especially water level records for specific locations. This

study evaluates the feasibility of using existing CCTV equipment for water level recog
nition in the absence of past water level image records. The study employs artificially
generated images of various water levels using low water level images (dry season or

no water level) for Al model training. After training, real high water level images are
used for model validation. Based on the validation results, a standard operating proce
dure was established. By converting existing CCTV equipment into intelligent water ga
uges, the overall cost of deploying water gauges in catchment or irrigation areas can

be reduced. Additionally, this approach can provide more comprehensive runoff inform

ation during disaster mitigation phases and better monitor disaster situations within the
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jurisdiction during disaster response phases. When applied to irrigation areas, it can be
used to verify control point discharge and audit actual flow rates in different irrigatio
n areas. The rapid modeling method demonstrates the potential for quickly deploying

and applying Al technology for water level recognition in resource-limited situations.

Keywords: Artificial Intelligence, Intelligent Water Level Meter, Image Recognition, Im

age Generation
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Center element of the kernel is placed over the (4 x o)
source pixel. The source pixel is then replaced (0x0)
with a weighted sum of itself and nearby pixels. (0x0)
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Blue Channel Previous Patch (3x3) (Obtained after
Matrix Current Patch (3x3)  sliding from
- previous position

4 by 1 unit, i.e. o
B Stride = 1 unit) Activation
T Map
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I ~
. Kernel (or Filter) Matrix (Sum of
Red Channel Matrix values = 2)

F 4L %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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fully connected layer
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Single depth slice
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