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Floods in 2023

FIoods in Ind|a 2023

CALIFORNIA FLOODS,
GLOBAL IMPACT

FLOODS JOLTS
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NORTHINDLA S CALIFORNIA =
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What is Natural Flood Management?
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Drainage Basin

drainage basin - the total land surface drained by a system of
streams leading to the same outflow.

drainage system - the streams, tributaries, and other bodies of
water by which a region is drained.

drainage divide - the boundary between adjacent drainage basins.
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UTTARAKHAND FLOODS OF 2013
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h.mir floods --2014

Jammu and Kas
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‘Unprecedented Rains, Unplanned Urbanisation
Reasons Behind J&K floods'

* It is a combination of an intense and unprecedented rainfall event combined with
mismanagement (of drainage) and unplanned urbanisation and lack of preparedness

* In the last 100 years, more than 50 per cent of the lakes, ponds and wetlands of Srinagar
have been encroached upon for constructing buildings and roads.

* The banks of the Jhelum river have been taken over in a similar manner, vastly reducing the
river's drainage capacity. Naturally, these areas have suffered the most,”

* The Kashmir floods --are a grim reminder that climate change is now hitting India harder. In
the last 10 years, several extreme rainfall events have rocked the country and this is the
latest calamity in that series,” due to such extreme events which includes Mumbai floods of
2005, Leh cloudburst of 2010 and the Uttarakhand floods of 2013.

* In Jammu and Kashmir floods further highlighted that there has been "unseasonal and
extreme rainfall" and at many places as it rained more than 200-mm in 24 hours — 400 per
cent more than the monthly average.
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Flood Management
Structural Measures

— Reservoirs
— Embankments, flood walls

— Drainage improvement through Drainage
channels

— Diversion of floods




Flood Management
Non-structural Measures

— Early warning systems — flood forecasting

— Disaster Response Team

* Trained and well equipped

— Recent J&K flood is a case in point where our preparation is
inadequate

— Army deployed for rescue

— Vigilant administration

— Co-ordination amongst Central/ State
agencies



WHAT IS Al 7

» Artificial intelligence (Al) is a wide-ranging branch of
computer science concerned with building smart
machines capable of performing tasks that typically
require human intelligence.

« Artificial intelligence is widely used to provide
personalised recommendations to people, based for
example on their previous searches and purchases or
other online behaviour.

« Al is hugely important in commerce: optimising products,
planning inventory, logistics etc.
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__WHATISAI?
CONTD.

* The term is frequently applied to the project of
developing systems endowed with the intellectual
processes characteristic of humans, such as the
ability to reason, discover meaning, generalize, or
learn from past experience.

* Basic logic behind Al is the information processing
by a neural network which can adapt itself based on
responses, just like human brain.

* Al can also be used for solving water resource
related problems as water resource problems are
highly adaptive and changes with both time and
space.

* Some of the example application of Al is delineated
in this presentation
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. Detailed overview of Machine Learning models

Basic types of
Machine Learning

*Supervised learning

*Unsupervised learning
-Reinforcement learning
*Deep learning
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Different fields under Al to clear common misconceptions

Artificial Intelligence is the most trending field of computer science. However, with all

the new technology and research, it’s growing so fast that it can be confusing to
understand what is what. Furthermore, there are many different fields within Al, each

one having its specific algorithms. Therefore, it’s essential to know that Al is not a single /
field but a combination of various fields.

Artificial Intelligence (Al) is the general term for being able to make computers do things
that require intelligence if done by humans. Al can be broken down into two major fields,
Machine Learning (ML) and Neural Networks (NN). Both are subfields under Artificial
Intelligence, and each one has its methods and algorithms to help solve problems.
Machine learning

Machine Learning (ML) makes computers learn from data and experience to improve their performance 0N some tasks or
decision-making processes. ML uses statistics and probability theory for this purpose. Machine learning uses algorithms to
parse data, learn from it, and make determinations without explicit programming. Machine learning algorithms are often
categorized as supervised or unsupervised. Supervised algorithms can apply what has been learned in the past to new data sets;
unsupervised algorithms can draw inferences from datasets. Machine learning algorithms are designed to strive to establish linear
and non-linear relationships in a given set of data. This feat is achieved by statistical methods used to train the algorithm to
classify or predict from a dataset.

Deep learning

Deep learning is a subset of machine learning that uses multi-layered artificial neural networks to deliver state-of-the-art
accuracy in object detection, speech recognition and language translation. Deep learning is a crucial technology behind driverless
cars and enables the machine analysis of large amounts of complex data — for example, recognizing the faces of people who
appear in an image or video. IITROORKEE EE N

Artificial Intelligence

Machine Learning

Deep Learning




Applications of Machine Learning in Water Resources

Water demand forecasting: Machine learning algorithms can be used to analyse historical water usage patterns
and make predictions about future demand, allowing for more efficient water distribution and reducing the
likelihood of water shortages.

Drought prediction: Machine learning algorithms can be used to predict droughts by analysing various factors
such as precipitation, temperature, and soil moisture levels, and providing early warnings for water management
and conservation efforts.

Flood prediction: Machine learning algorithms can be used to predict floods by analysing various factors such as
precipitation, runoff, and water level data, and providing early warnings to mitigate the impact of floods.

Water_quality monitoring: Machine learning algorithms can be used to analyse water quality data, identify
patterns and anomalies, and provide early warnings of potential issues, allowing for quick action to be taken to
maintain water quality.

Irrigation systems: Machine learning algorithms can be used to optimize irrigation in agriculture, by predicting
soil moisture levels, predicting weather patterns, and making decisions about water usage based on real-time
data.

Predictive maintenance: Machine learning algorithms can be used to predict the likelihood of a failure in water
infrastructure, allowing for preventative maintenance to be carried out before the failure occurs.
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Various sectors of Machine Learning models

* Surface water resources Groundwater resources Wastewater resources
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Detailed application of Machine learning in Water resources
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Irrigation Systems Optimization
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Step-by-step process to develop a predictive machine
learning model:

Defining the problem statement

Collection and preparation of I
Prep Collecting gas samples an oput dag,

\ | Y GHG
model data == from Statlc chamber Growing seasons Air_T?, I I emissions
-~ Air
- .- ‘ Soil_T%
Selection of the best prediction l foperature 2012 2013 2014 2015 ‘:V‘VC

or classification models according <O \ @
/,’;

to the result needed.

Deep learning
Shallow learning
Classical regression

Training the models on the set of

Input parameters

Evaluation of the models (V1)
Predicted
GHG emissions

Fine tuning of the models Iv)

Deploying the model result to

CO, and N,O fluxes

the various stakeholders

Time
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Machine learning plays a significant role in the
development of smart water systems.

Predictive  maintenance: Machine
learning algorithms can be used to
predict the likelihood of a failure In
water distribution systems.

Water demand forecasting: Machine
learning algorithms can be used to
analyze historical water usage patterns
and make predictions about future
demand.

Water quality monitoring: Machine
learning algorithms can be used to
identify patterns in water quality data,
detect anomalies, and provide early
warnings.

Leak detection: Machine learning
algorithms can be used to detect leaks
in water distribution networks, by
analyzing pressure and flow data.

Smart Water Management System

® |[mprove revenue water ratio
® Sustainable water supply
® Reduce operating cost

® Secure water resources
® Safe water supply
® Resilient water supply

Water Treatment Plant = Water Supply Network

Data collection, information processing,
analysis, and presentation

Water Quality Advanced Water Quality (" Pressure | AMS
& Quantity Asset Risk 1| wate | & Quantity Contiols (Advanced
Monitoring Management Management § | Treatment & Monitoring | Leakage Metering &
(Water Source) . Automation / (Supply System) Detection e
- v Y { System)
e é é L3 s

H

Water Treatment Plant :

Reservoir : \;Pumps&Valves
@ = “, N

y Consumer
I .g. e
& 4+ \
’ g * '.
Water Source N > . '.
:.. Y 9 > ® Sensors
23 5
Pipeline
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Application of Machine learning in environment and water
guality
* \Water resource management: Machine earning can be used to optimize water resource management oy

predicting water demand, improving the efficiency of water distribution systems, and reducing water
loss due to leaks and theft.

« Machine learning models can be used to monitor environmental conditions such as air quality, land use,
and land cover changes. This information can be used to inform environmental policy and management

decisions.
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Plants carried to
inspection unit
)| through robotics
(Gl viz. conveyor belt
i

Machine Learning in plant science

The various application consists of: gLy —— e senution

visual, thermal, fluorescence imaging

Data analysis
and interpretation

Data collection through static or
movable sensors located on

Plant classification and identification, Crop yield prediction,
crop Disease diagnosis, Climate change impact analysis and O et
Precision agriculture

Genomics data from Linking genotypic data with phenotypic data
sequencing, expression “Closing the gap between genotype and phenotpye”

profiling,
metabolomics etc.
A typical ML framework
m ’sln‘ 2 ’ [0& \ l Input image
m = mﬂ >> e >E > Bifecence > I I(sa 7 GA?M“"TMGB

Qutput layer (nodes correspond to
the number of classes)

Output layer
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¢ Image annotations / | * Aasnotations / \ J \ J \ /
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Input image Feature maps
{64 x 64) 3 channal RGB

B

Feature maps

Fully connected

JP=-  _»

Regression Network

Prediction: 3 certaln disease

E A typical DL framework [convolutional neural networks {CNN) shown here]
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Soil moisture prediction using ML

| SRR I e m R ST T T Sep (1): Calibration and verification of | * Remotely sensed soil moisture satellite data provide
MODIS NDVI and /et downscaling algorithm an unprecedented information about the soil
| LST (1-km) moisture across spatial and temporal scales, which is

USCRN and SCAN in-situ soil logistically unachievable from in situ observation

Random Forest ;
— moisture networks

Precipitation %‘: G — networ kS

L (km) i _ g

P ' > e . . . . .

;ro;(aogkrap;hv -] SMAP (Soil Moisture Active Passive) is one of those
1-km - = c

P : | 8 - . :

| smAPsoll SSEESSEL < soil layer using brightness temperature on the

moisture (36-km) * -7~/ /, ! E

36-km grid cell.

o N e N N I N N I R R I R I R N R N R I I I I I I N I N N I I R I I I I N I N N I I N I Y -

« SMAP soil moisture observation has a decent spatial

satellites that provides soil moisture data at top 5 cm

L

I

N——— S resolution for global and continental scale
i LT applications, it cannot be used directly for regional
, % Resampledfoldm . - e or local studies, such as agriculture and drought
1 Step (2): Downscaling using calibrated model in step (1) (1-km)

flood forecasting, crop production and water
| resources management.

Two densely instrumented = "»=~ =
watersheds across CONUS

| Step (3): Validation of downscaled SMAP soilmoisture ______________________ Lo
* Hence, the downscaled soil moisture product must

be validated against in situ soil moisture sensors

evenly distributed over any region.
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Groundwater Potential by ML techniques

PRI R T Data collection: Collect data on geological, hydrological,
' and other relevant factors that impact groundwater

l Gronndwater;nventorymnp J pOten tlal
[ RandomPartition | Data pre-processing: This will involve removing outliers,

L]

filling in missing values, and normalizing the data.
Feature selection: ldentify the most important features
| vadsion | (j e, variables) that impact groundwater potential. This can
Z involve statistical analysis and feature importance
| J measures.
‘ Model selection: Choose an appropriate machine learning
model for groundwater potential delineation. This could be
roxanams |3 Simple decision tree model, a more complex artificial
neural network, or a random forest.
Model training: Train the selected machine learning
model using the pre-processed data and identified features.
Model evaluation: Evaluate the trained model by
comparing its predictions with actual groundwater data.
« \Validation _and refinement: Validate the generated

[ Te;th:g data ]

groundwater potential map by comparing it with actual

groundwater data and make any necessary modifications.
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Reservoir Data Pre-processing

o - /// ML in Suspended sediments calc.

T g Y 1. Estimation of time series data consisting of Annual

Input Annual Water Inflow =

T 'l" rainfall, Water inflow, level and Reservoir capacity.

Re;:;:;’" Tarbela (1985-2012) - - . . T

e 2. Omission of the outliers in the collected data by various
statistical methods.

3. Selection of Machine learning models such as ANN or
any regression models.

4. Training the datasets on the set of input parameters.

5. Simulation of the model and performance check of the
ML models based on validation statistics.

sametme 6, Plotting the models result for observing the suspended

ANN Model Regression Model

Building and Trai
ANN Model

________________ ;

P
! , 'J u@a Ev“:@ﬂwi
Sy

—_——— e g

|

Give Data to Trained ANN |
Model |

|

|

|

Val dation
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=
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&
g
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an =
ig
=
5
F.

: Ml sediments in the reservoir upstream.
nﬂ ‘ | AT IR RSN _ Validation and
....‘ . .'“..-' . .‘.‘:‘ ". . Prediction
11 T

Ry A InputParameters
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Precipitation cal. By ML

(a) Two-stage Deep Learning System For TRMM PR Rainfall Estimation (b) Model Optimization _ _
Block 3: MLP-2Modelto 1" =553 e Raiafa ] cross Veriaion « This system develops a deep learning
ain ara wi roun 1 = 1 - - . . -
Radar Rainfall Estimates '\E Emmmﬁfm;nTRMM ER | 1““ mechanism to link between point-wise rain
N [ Trained MLP-2 Model | § |Staniare TAMM Caleaation gauge measurements, ground-based, and
, TRMM PRyg ' MLP Model - spaceborne radar reflectivity observations.
i % PR Resolution g E E 'E
: ' E E MLP-1 based Rainfall !| Independent Gauge | E.f .
i Rcs:ifllunﬂi; TTLE iy, E ! Estimates from Ground Radar E Data for Validation @@ = e Two neural network models are de3|gned to
[Tk T B | [, H construct a hybrid rainfall system, where the
: T b Resoution § Torect Rain Gaume [> ground radar is used to bridge the scale gaps
e s ama s ssa Gt | | Measurement || = between rain gauge and satellite.
iData Alignment 1} iBlock I: MLP-1 Model to Train Ground Radar with Rain Gauge Data ;
(c) Details of the MLP-1 Model (d) Details of the MLP-2 Model « The first model is trained for ground radar
!ﬂgaﬂ;r" TR PR, using rain gauge data as target labels,
"= Estimates -~ i et whereas the second model is for spaceborne
New ; New _~Ground ; ; : feod
N < TR _E!E‘m Tropical ~ Rainfall Measuring  Mission
_ > smates (TRMM) Precipitation Radar (PR) using

i MLP-1 Model Multi-hidden
E Input Layer X Layers ¥,

Profile : 1

Lo Ml o
i Input Layer X Layers ¥

e

o Radar Kefccdviy ground radar estimates as training labels

HRadar Reflectivity

H=d.i
{| Ground He3.0
i| Radar Data

Processing H=2.0

Output

el i Layer X

az 1
1 = :
Aligned i H=3.0
TEMM FR '
i i| Measurements i BeLy
is !

« Validation using independent data against
the standard precipitation  products,
demonstrates the promising performance

1
I
i
i
o

s L S, and generality of this innovative rainfall
- paltall 5! algorithm.
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Integrated Watershed management using ML

Integrated watershed management is a holistic approach
to managing a watershed, which is an area of land that
drains the water, sediment, and dissolved materials to a
common outlet such as a river, lake, or sea.

The approach integrates various aspects of water
management, including hydrology, geology, biology, and
socio-economic factors, to sustainably manage the
watershed’'s resources and mitigate water-related
challenges such as flooding, soil erosion, and water
scarcity.

The goal of integrated watershed management is to
balance human needs with the needs of the ecosystem to
ensure the long-term health and productivity of the
watershed.

Geospatial artificial intelligence (geoAl) is an emerging
scientific discipline that combines innovations in spatial
science, artificial intelligence methods in machine learning \
(e.g., deep learning), data mining, and high-performance =
computing to extract knowledge from spatial big data. ' =

. Stakeholder engagement

1 Data collection, storage
g = & assembling
\\,a(\“ggustment

e“"&“a at /r[\ j\\

(&8 API 1
S

£
_E] LIDAR

Web-based geovisualization,

GeoAl analytic

2 & real-time
|

modelling

& early warning

GeoAl scenarios simulation,
3 multi-objective optimization &
® smart decision support

’
Hydrologic
processes

Prédi;tion




Al ON WATER QUALITY

» Artificial intelligence is recently used to enhance remote
monitoring of water bodies by University of Stirling :—

» Anew algorithm was developed

» Known as the 'meta-learning’ method was developed to
analyse the data directly from satellite sensors thus
making it easier for coastal zone, environmental and
industry managers to monitor issues such as harmful
algal blooms (HABs) and possible toxicity in shellfish and
finfish.

Source : University of Stirling. "Artificial intelligence to monitor water quality more
effectively.” ScienceDaily. www.sciencedaily.com/releases/2021/05/210504112514.htm
(accessed May 8, 2021).
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* Flood susceptibility maps are crucial steps

FLOOD .
or decision-makers to prevent and
SUSCEPTIBILITY /et

* Plenty of studies have used machine

learning models to produce reliable
susceptibility maps.

* A novel method was developed to use the
deep learning technique of LSTM to
predict flood susceptibility

» Appropriate feature engineering method
with LSTM was integrated to predict flood
susceptibility.

* As a result not only temporal but also
spatial accuracy of prediction get

. _ improved.
Source : Fang, Zhice, Yi Wang, Ling Peng, and Haoyuan

Hong. "Predicting flood susceptibility using LSTM neural

HA"\AIAMIIF n lf\l ll‘n"\l f\‘ Ll\ll'lﬂf\lf\ﬂ\l COA anq1\' 4°C7DA
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 LSTM (Long Short-Term Memory) is a recurrent neural network (RNN) architecture
widely used in D

« LSTM is well-suited for sequence prediction tasks and excels in capturing long-
term dependencies.

* Its applications extend to tasks involving time series and sequences.

« LSTM'’s strength lies in its ability to grasp the order dependence crucial for solving
Intricate problems, such as machine translation and speech recognition.
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Five Al solutions to reduce flood risk

* In recent decades, floods have caused extensive loss of life and property. In addition, the relentless
rains in Bengaluru have worsened the already terrible traffic conditions in the city.

 The most frequent and expensive natural hazards worldwide are floods. Resulting disasters
resulted in 21,700 losses between 1980 and 2014, with a total loss of US$ 4,200 billion, 40%
attributable to overflow, and approximately 226,200 fatalities (excluding famine). The proportion of
foods and mass movements rose to 50%, 47%, and 45% in 2016, 2017, and 2018, respectively.
Food-related losses of life and property are enormous in developing nations. The most vulnerable
areas are when monitoring floods so that the authorities can create appropriate solutions. The best
course of action is to warn people as soon as possible before the damage takes place, giving them
enough time to evacuate both themselves and their property.

 Many researchers worldwide have developed Al solutions for flood prevention and management.
Moreover, many people are working hard to achieve it. Here are five Al solutions from researchers
worldwide for preventing and dealing with floods.
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https://www.preventionweb.net/files/44281_19802014paketweltusdd4zu3.pdf
https://www.iii.org/graph-archive/218069
https://indiaai.gov.in/search?queryData=%7B%22searchText%22%3A%22AI%20solutions%22,%22tagName%22%3A%22%22,%22nextIndex%22%3A%22%22,%22collectionTypes%22%3A%5B%5D,%22is_brand%22%3Afalse,%22read_time%22%3A%22%22,%22author_name%22%3A%5B%5D,%22published_date%22%3A%22%22,%22sort_by%22%3A%22%22%7D

Five Al solutions to reduce flood risk..............

» Likewise researchers from England described a sensor network with Gumstix sensor nodes for flood
prediction in 2006. 13 nodes made up the tested system, which ran along a river for one kilometre. The
emphasis was on the flood event of a river, and the sensor network solution included two communication
levels, four node types, and a variety of sensor types. This approach was similar to MIT researchers in 2008,
who presented an architecture for predictive environmental sensor networks over large geographic areas. In
addition, they discussed a flood prediction algorithm that had been functionally tested experimentally with
radio antenna towers.

« Later in 2018, Chinese researchers used smart cities with a lot of data to predict flood disasters in cities
accurately. Using historical hydrological data, they made a new flood protection system called NFDDSS to
help people make decisions. The focus was on how the water level prediction model based on a classification
and regression tree worked with time and space. The authors say that it is possible to predict water levels in
1-6 h accurately. However, because this method relies heavily on having large amounts of historical data
available in smart cities, it is most accurate after flooding has already happened. So, this method might not
accurately predict flood disasters in new areas.

« Furthermore in 2019, a group of researchers from Australia, South Korea, and France reviewed the research
on how we can use loT-based sensors and computer vision to monitor and map floods. They showed how
computer vision techniques and lIoT sensor approaches are in the literature for real-time flood monitoring,
flood modelling, mapping, and early warning systems, such as estimating the water level. In particular, they

suggested ways computer vision and Internet of Things (loT) sensor technologies manage coastal lagoons.
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https://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.329.7059&rep=rep1&type=pdf
https://dl.acm.org/doi/10.1145/1460412.1460442
https://www.inderscienceonline.com/doi/abs/10.1504/IJSN.2018.095150
https://www.mdpi.com/1424-8220/19/22/5012

Five Al solutions to reduce flood risk..............

 The researchers from Spain showed an early sound-based system for detecting water leaks. The
system comes with a software program that lets you measure water levels, fluid types, sensor
batteries, and general network information from a distance. The structure is a control centre for
coordinating and processing data in the wireless (IEEE 802.15.4 technology) network and five flood
sensors with built-in radio modules that can communicate over the Internet or 2G/3G/4G through
the control centre and are therefore accessible through an external network.

« Similarly, Malaysian researchers investigated the effectiveness of the Internet of Things (IoT) in
disaster management applications. The authors propose an 10T technology that collects water level
and flows data using wireless sensor networks (WSNs), cameras, mobile phones, and weather
stations as crucial components. The weather station records temperature, wind speed, and
direction—Cameras record images of environmental data. Wifi and Zigbee transmit collected data
to the middleware layer for processing and analysis in the network layer. The middleware then
performs data management functions, such as processing the collected data and presenting
essential information in the form of a flood map, such as flood extent, time, and location. Users can
access information from their smartphones and receive push notifications when an emergency
occurs.
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https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6263806/
https://www.semanticscholar.org/paper/Development-of-Internet-of-Thing-(IoT)-technology-Maspo-Harun/7e6f9f0aa63351265a2047149c81f38b988ecc78

EAl Endorsed Transactions on Internet of Things Flood Monitoring and
Early Warning Systems -An loT Based Perspective

* One of the most frequently occurring calamities around the world is a flood. For flood prone areas or countries, an essential
part of their governance is flood management.

« The necessity to continuously review and analyze the adverse or ambient environmental conditions in real-time demands
developing a monitoring system so that floods could be detected beforehand.

» This paper discusses different Internet of Things (IoT) based techniques and applications implemented for efficient
flood monitoring and an early warning system and it is observed that in the future, the combination of IoT and
synthetic aperture radar (SAR) data may be helpful to develop robust and secure flood monitoring and early
warning system that provides effective and efficient mapping during natural disasters.

« The emerging technology in the discipline of computing is 0T, an embedded system that enables devices to gather real-time
data to further store it in computational devices using wireless sensor networks (WSN) for further processing.

« The loT-based projects that can help collect data from sensors are an added advantage for researchers to explore in
providing better services to people.

 These systems can be integrated with cloud computing and analyzing platforms. Researchers recently have focussed on
mathematical modelling-based flood prediction schemes rather than physical parametric-based flood prediction. The new
methodologies explore the algorithmic approaches. There have been many systems proposed based on analog technology
to web-based and now using mobile applications. Further, alert systems have been designed using web-based applications
that gather processed data by Arduino Uno Microcontroller which is received from ultrasonic and rain sensors.

- Additionally, the machine learning (ML) based embedded systems can measure different atmospheric conditions such
as temperature, moisture, and rains to forecast floods by analyzing varying trends in climatic changes.
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SNOW DEPTH

* Purpose : "Accurate high spatial resolution snow depth mapping in arid and
semi-arid regions is of great importance for snow disaster assessment and
hydrological modelling. “. But due to the complex topography and low
spatial-resolution microwave remote-sensing data, the existing snow depth

atasets have large errors and uncertainty, and actual spatiotemporal
heterogeneity of snow depth cannot be effectively detected.

* Inputs : The (Fengalun% Microwave Radiation Imager) FY-3 MWRI data were
downscaled to 500 m resolution to match Moderate-resolution Imaging
Spectroradiometer (MODIS) snow cover, meteorological and geographic data.

» Qutput : Downscaled snow depth data
* Model Used : Deep Learning

+ Conclusion : "“Downscaled snow depth could provide more detailed
information in spatial distribution, which has been used to analyze the
decrease of retrieval accuracy by various topography factors.... Zhu
et.al.(2021).

* Source : Zhu, Linglong, Yonghong Zhang, Jiangeng Wang, Wei Tian, Qi Liu,
Guangyi Ma, Xi Kan, and Ya Chu. "Downscaling Snow Depth Mappin[g by
Fusion of Microwave and Optical Remote-Sensing Data Based on Deep
Learning." Remote Sensing 13, no. 4 (2021): 584.
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CONCLUSION

Six tenable examples of the application of Artificial Intelligence on
water resource problems were discussed.

In all the studies, the most common observation was the
noticeable improvement of the accuracy in the estimations from
the deep learning model compared to the conventional numerical
frameworks.

The capacity to adapt from the input data is the main advantage
of using Al

But data requirement is also high.
Model developed with fewer data is as accurate as linear models

If very few data or examples are provided to the model for
learning the inherent relationships that exist in between the input
and output variables of the model Al based models will fail
miserably.

In case of water resource problems data availability is the main
constraint.

So intelligent application of Al based models hybridizing with
another model may solve the problems, but it may also
compromise the adaptable capacity of Al models.
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To summarize:

« Al provides tools and techniques to solve the water crisis.

 We deploy low-cost Al-powered sensors everywhere to monitor and manage
water.

 People are fighting for basic necessity.

 We should start building these Al-based intelligent machines to solve global
ISsues.

« Al has all the answers, we just need to use it in the right way to solve this
water scarcity problem.

 Researchers are working towards a reliable, sustainable, and resilient water
Infrastructure with the assistance of artificial intelligence.
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* Water Management.............. Needs

* Identify the hydrological boundary of the study area

* Assessment of Water Resources in the Area
 Demand/Supply/Gap

* |If possible Try to make an assessment of Climate Change-Impact

* lIdentify the present Demand-Supply Gap and the Future of Sustainability
* Try to identify all possible sources.......

 Demand Management Options...its Viability/Affordability

* Try to identify leakages/losses............... Try to reduce them

* Rainwater Harvesting: Implementation

* Water Conservation

* Local Water Bodies: Identification and their revival

* Land-use change Study its impact: Try to increase the green zones
* Efforts should be made to work for sustainable solutions

* Plan judicious use of any water management model for sustainable development
e Use various Al models to train models with conventional models
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