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Hello everyone, welcome to lecture 24 of this course of Machine Learning for Earth System
Science, we are still in module 3, where we are like exploring different applications of machine
learning to answer various questions in and discover various insights in earth like various aspects
of earth system sciences. So, today’s lecture is going to be on Nowcasting of Extreme Weather

Events.

So, like earlier, we had like discussed what are extreme events we had seen like how to discover
such extreme events, like say tropical cyclones etcetera; where today’s task is nowcasting of such
events. Now, what is nowcasting? Nowcasting is the task of forecasting at short duration or like
at short notice like of course, what is meant by not by short notice depends on the scale of the

process.
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CONCEPTS COVERED

» |dentifying “precursor” weather patterns before extreme events
» Spatio-temporal patterns as inputs, outputs to ML models

» ML model used to “emulate” process models
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So, like if the extreme event. So, in particular today we will consider two kinds of extreme

events, one are heat waves or cold waves and the other is lightning.

Now, heat waves and cold waves these are basically things that last for several days. So, a
nowcasting of them should be done a few days in advance. On the other hand lightning is a
momentary phenomena and; so, forecast nowcasting of lightning should be something which is

to be done like maybe a couple of hours ahead of time and so on.

Now the concepts which we are going to cover today, are identifying precursor weather patterns
before extreme events; that is, suppose an extreme event is going to happen, does the like are
there some weather patterns which like which indicate that such a thing is going to happen, can

we mine or discover such weather patterns.

Secondly the spatio-temporal patterns can be used as inputs and outputs to machine learning
models. So, like the kind of predictors which we will be considering in this case, are mostly
going to be a spatial maps, rather than observations at a particular location or at a particular time
point. So, like we will need like most of the models which we our machine learning models that
we are familiar with like they take like maybe a vector as input and so on, but in this case, the

input is a map.

So, like in our when we are discussing various machine learning models, we had considered
things like convolutional networks for spatial input and so on. So, somehow we have to utilize
those properties. And thirdly, the third concept we will see is how machine learning models can

be used to emulate various process models.

So, process models we have seen earlier also, we are like just in the previous lecture we were
talking about the CMAQ model, earlier also we have talked about other process models. So, the
like today we will briefly talk about, if machine learning can somehow be used as a surrogate for

them; so, like of course, this concept will come back in greater details in the 5th module.
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Extreme Hot and Cold Events

» Heat wave: a prolonged stretch of high temperature anomaly at a location
» Eg. Above 99" percentile and higher than 3K for 5 consecutive days
» Anomaly/percentile specific to location and day of year

» Cold wave defined analogously

» Target variable: air temperature 2m above surface

» Predictor: Geopotential height at 500 HPA (about 5.5 KM altitude)

But now in today in this lecture, first of all let us start off by defining what are extreme hot and
cold events; so, what is the heat wave? Heat wave we have all heard of heat waves, a heat wave
is the prolonged stretch of high temporal and temperature anomaly at a location, that is, whatever
is the expected temperature based on climatology at any given location, if the temperature

remains significantly above that for a significantly long duration, then we say that is a heat wave.

So obviously, some concept of threshold is involved here; so, how long and how much above
climate threshold etcetera. So, like for like was various standard definitions are used in different

parts of the world, which may be like higher than 3 kelvin above the climatology or above the

th : . . . . .
99 percentile for like again; for how many days this also can vary may be in some countries
they may use 3 consecutive days some other countries they may go for 5 consecutive days and so

on.

And whenever we are talking about these anomaly or the percentile and so on; I mean the

. . h . . .
amount of anomaly of this of 3 kelvin or the 99" percentile, these are specific to location and the

day of the year.

Say for example, like if the temperature is say 31 degree Celsius for 5 consecutive days in May

that is probably not a heat wave; because it is actually expected that the temperature will be 31 or



higher than that in that period, but if the temperature is 31 degree Celsius or more for 5
consecutive days in December, then that is a like a big thing, because in December, it the
temperature is expected to be lower. So, these things are like these are usually not absolute, but

they are specific to location and also the time of the year.

So, like what is a like what is the heat wave in Rajasthan may not be sorry what is the heat wave

in Ladakh may not be a heat wave in Rajasthan. Similarly, we can define cold wave also

analogously by like by consider instead of 99" percentile if we consider the 1 percentile or

instead of higher than 3 kelvin, if we consider lower than 3 kelvin and so on.

So, the target variable in this case, is the air temperature 2 meter above the surface. This is what
the variable which we are focusing, which we will be focusing on to understand whether heat
wave cold wave etcetera is happening or not. And the predictor is like the in the of course, there
can be many variables which can be predictors, but in the paper that we are going to study, they

have considered only one predictor, that is geopotential height at 500 HPA.

So, like that is basically it is like we know that, the pressure varies with altitude. So, a particular
pressure say 500 hectopascal at what altitude will that be attained. This is the variable. So, it is
like on an average this is 5.5 kilometers altitude, but it varies, from location to location and also
from time to time. So, that is called the geopotential height. It can fall to maybe 5 kilometers or

rise to 6 kilometers and so on.
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Abstract Numerical weather prediction models require ever-growing computing time and resources
but, still, have sometimes difficulties with predicting weather extremes. We introduce a data-driven
framework that is based on analog forecasting (prediction using past similar patterns) and employs a novel
deep learning pattern-recognition technique (capsule neural networks, CapsNets) and an impact-based
autolabeling strategy. Using data from a large-ensemble fully coupled Earth system model, CapsNets are
trained on midtropospheric large-scale circulation patterns (2500) labeled 0-4 depending on the existence
and geographical region of surface temperature extremes over North America several days ahead. The
trained networks predict the occurrence/region of cold or heat waves, only using Z500, with accuracies
(recalls) of 69-45% (77-48%) or 62-41% (73-47%) 1-5 days ahead. Using both surface temperature and
2500, accuracies (recalls) with CapsNets increase to ~80% (88%). In both cases, CapsNets outperform
simpler techniques such as convolutional neural networks and logistic regression, and their accuracy is
least affected as the size of the training set is reduced. The results show the promises of multivariate
data-driven frameworks for accurate and fast extreme weather predictions, which can Ily augment
numerical weather prediction efforts in providing early wamings.

So, the this is the paper where the analog forecasting of extreme causing weather patterns using

deep learning.

So, note the choice of words in the heading, extreme causing weather patterns. So, extreme
causing so, they are assuming that there are certain weather patterns, which cause extremes. So,
and those weather patterns are mostly related to this geopotential height as they have considered
in this paper. Numerical weather prediction models require ever growing computing times and

resources, but still, sometimes have difficulties with predicting extreme weathers.

We introduce a data driven framework, that is based on analog forecasting or predicting using
similar past similar patterns and employs a novel deep learning, pattern recognition technique,

called capsule neural networks and an impact based auto labeling strategy.

Using data from a large ensemble, fully coupled earth system model, CapsNets are trained on
mid tropospheric large scale circulation patterns of Z500, Z500 basically talks means the
geopotential height of at hectopascals labeled 0 to 4, depending on the existence and
geographical region of surfaced temperature extremes over North America, several days ahead

like we will explain this in the coming slides.



The trained network, predict the occurrence or regions of cold or heat waves using only Z500
with accuracies of like these numbers, which are reasonably high 1 to 5 days ahead using both
surface temperature and Z500 accuracy increased to 80 percent in both cases CapsNets,
outperform simpler techniques like convolutional neural networks and logistic regression and

their accuracy is least affected as the size of training set is reduced.

The results show the promises of multivariate data driven frameworks for accurate and fast
extreme weather predictions, which can potentially augment numerical weather prediction efforts

in providing early warnings.
(Refer Slide Time: 09:29)

Predicting Extreme Hot and Cold Events

» Some large-scale weather patterns (spatial maps) may be visible before an event
» Approach: Use clustering (eg. k-means) to identify similar spatial patterns

» Some patterns may be associated with heat/cold waves in particular regions
» Operation: each day's spatial map of 500 input to ML model
» Model trained to predict type of extreme event after 3 days

» Spatial input: Capsule Neural Network!

So, the basic approach of this paper is as follows there so, the idea is that there are some large
scale weather patterns, that is the special maps of variables, which may be visible before an

event. Before an event means like in this case, 3 to 5 days before the event.

The approach here first of all use clustering or k means, to identify similar spatial patterns. So,
this is actually used this clustering is not part of their of the prediction algorithm, but this is used
for labeling purposes. So, like there is a huge amount of data, which they have to label that is

they have obtained the data set basically from some kind of model simulations.



So, that is a huge volume of data and if, but for training any prediction algorithm, you need
labeled data. So, like since we cannot expect a human being to sit and label. So, many like so
many pieces of data. So, what they have done is they have used auto labeling strategy, which
means they first do the clustering of the data the clustering is so, I will show you like the

clusters.
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Figure 1. Cluster centers of T2m anomalies at the onsets and Z500 patterns of 3 days earlier. The top (bottom) two rows correspond to summers (winers). SO
(W0) shows the average of T2m and Z300 patterns from days with no heat wave (cold spell). $1-54 and W1-Wd are obtained from K-means clustering the
‘anomalous T2m patterns at onsets into four classes, which roughly separates the extreme events into four geographical regions: Northern Canada (S1), Westem
United States-Canada (S2), Souther United States (3), and Eastern United States-Canada (S4) in summers and Northwest United States-Canada (W1), Alaska
(W2), Northeast United States-Canada (W3), and Northern Canada (W4) in winters. Rows 1 and 3 show the cluster centers, while rows 2 and 4 show the
average of Z500 patterns 3 days before the onsets for each cluster.
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So, these are the examples of the clusters. So, you can see like it is a the clustering is done of
both the air temperature as well as the geopotential heights. So, this is what the like if you do the
clustering this is what; so, this is actually the temperature not the temperature itself, but the
temperature anomaly. So, here you can see that each cluster is basically some kind of a spatial

distribution of the temperature anomaly.

So, here you can see, like there is a positive strong positive temperature anomaly, in this region.
In the like in the you can say the what is known as the Midwest region, while in the this regions
there is a there seems to be a like a cold wave kind of thing. In this the this is the second cluster,
where we see the strong positive anomaly in this region. In S3, there are we see the weak

anomalies mostly, while in S4 we see a strong and positive anomaly along the eastern coast.

While in there is one more pattern, which does not show any significant anomaly in any place.



And similarly, if we do the clustering of the geopotential heights, there also we see like of
course, these all these patterns are roughly the similar unlike in this case, but there are subtle
differences also; that is as you can like if you look at the maps, you can understand the
differences of these contours. And so, this kind of clustering is actually used; so, like this is in
summer and this is in winter. So, these clusterings are used for prediction of heat waves and

these ones for the prediction of cold waves.

So, these clusters are created for the purpose of labeling that is a like every spatial map is to be
labeled as like this is going to be like this is a like this is a heat wave in this part of the country
this is a heat wave in that part of the country or this is not a heat wave at all and so on. So, one
now some of the like some of these patterns are we which we obtain by this kind of claim is
clustering, are associated with heat or cold waves in particular regions; as we just saw in the

examples.

Now the operation of the prediction algorithm is as follows. So, every day’s spatial map of Z500
is presented as an input to the machine learning model. In some cases along with Z500 the that

days air temperature also may be presented as an input.

And the what the model is going to predict is, whether there will be an extreme event after 3 days
and if so, in which region. I mean not point wise, I mean not at exactly in this city there is going
to be a heat wave some not something like that, but in general, if is it the northeastern region or

is it the south central region or which region the broad region, that they can predict.

And the spatial input is presented through the machine learning model. So, the machine learning
model should be such a model, which is capable of taking in the spatial input. So, like we had
discussed about convolutional neural networks for spatial models earlier. So, in this case they use

a more sophisticated version of that the Capsule Neural Network.
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So, like just to illustrate this. So, this is the training purpose, here they have shown the labeling,
where like basically they have the all the maps the other of the I mean the spatial maps of the
different variables obtained from either the observations or simulations. So, for labeling

purposes, they have utilized this clustering technique which we mentioned.

So, that way they get this kind of the label data, that is every map is accompanied by a label,
which means like whether it is followed by a heat wave or not and if a heat wave then a heat
wave in which region. Now, this kind of labeled data is presented as a CapsNet, which is used to
present the CapsNet. So, the input is the spatial map of a like of the geo potential height and the

prediction is going to be like any of these 5 classes right.

So, like this is the test input the geopotential height map and the what you like the question that
is being asked is can will there be a hot spell or cold spell in 3 days. And if so, in which region
and this is what the output is going to be like that the it seems that this pattern is a precursor to a

W3 kind of event; W3 basically means a cold wave in the northeastern part of the country.
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So, now what is this Capsule Neural Network? So, the capsule neural network is a like a special
kind of convolutional neural network, which has all the components of the convolution such as
the convolutional layer, the pooling layer etcetera; however, like all these convolutional input

units, these are basically these are used to develop what are known as the capsules.

And these capsules are then like there is a hierarchy of capsules like that and all those capsules
are arranged in a particular way and based on the arrangement of those capsules finally, the class

is the class prediction is made.
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Figure 3. Performance of CapsNets n predicting heat waves and cold spells using 2500 patierns at various lead times. (a and b) The symbols show the aceuracy
at different lead times for each cluster: star (0), triangle (1), square (2), diamond (3), and circle (4). The solid (dashed) lines show the total accuracy (recall).

(e and d) Total accuracy at prediction lead times 1, 3, and 5 days versus the size of the training set (N = 750; fractions are rounded to the nearest integer if
needed). Resulis in (4) and (b) are obtained with the largest raining set. The symbols show the accuracy averaged over three randomly drawn pairs of
training/testing sets. The lines and their shading depict the mean and £1SD of accuracy or recall computed for the three pairs:; the shadings are narrow,
demonstrating the small D and robustness of the results.

The reason why people use capsule neural networks is especially to preserve the spatial
alignment, which unfortunately convolutional neural networks are not always used to like are not
able to identify. Like in case, like suppose there is an input is presented in front of a
convolutional neural network, which has all the features, but not in a specific spatial local layout.
Say like for example, like when we consider a humans face, it is expected that the like the eyes

will be on here then followed by the nose, followed by the mouth and so on.

But if there is a like if an image of a human face with the eye a one eye here, one eye here the
nose on top etcetera I mean basically all the features are present all the, but they are misaligned
the convolutional neural network will still think that it is a human face; which of course, it is not.
So, this kind of a problem; however, can be can be avoided with a capsule neural network, which
actually defines some kind of a spatial ordering of the different features that are being that are

being represented by the different layers of the neural network.

So, like this is the these are the results which the prediction results which they get the accuracy

as well as the recall and they show the accuracy at like different days ahead of time.

So, like; obviously, we can say that one day before the heat wave or cold wave, we can expect

higher accuracy then after 2 days ahead we can expect slightly lower accuracy and so on. So, this



is the that is the effect we see here, but we show that like in the case like when there is capsule
neural networks are used, then the like in all days or at all lead values, we find that the accuracy
is highest, compared to other approaches like say convolutional neural network or linear

regression. Not sorry logistic regression.
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Figure 5. Same as Figure 3 but for the performance of ConvNets and logistic regression in d cold spells using 2500 pattems at various

lead times. In (a) and (b), the symbols and black lines correspond to ConyNets, while the orange lines correspond to logistic regression. In (c) and (d), the solid
(dashed) lines correspond to ConvNets (logistic regression).

So, since this is a classification problem, we can also use non deep methods such as logistic
regression, but we find that its prediction is not so great; and the reason for that; obviously, is
that the this neural this convolutional or capsule neural network they are able to take the spatial
map as input and it is actually able to represent the spatial relations, which something like

logistic regression, which considers the whole thing as just as a long vector is unable to do that.

Not only that, it is found that the capsule neural network also does the best with least amount of
training. So, like training examples; even if you use the only 25 percent of the training samples,

then also its performance is better than the others.
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Lightning Prediction

» Can we predict when lightning will take place, a few hours ahead?

» Usual approach: run process-based simulation (WRF) with current weather as
initial condition

» Time and resource consuming!
» Can ML models identify spatial maps of variables as precursors?

» Inputs from WRF: simulated microphysical parameters, radar
reflectivity, maximum vertical velocity (spatio-temporal map)
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So, that is, so this is one of the papers we are discussing, the second one is related to as I said
earlier, lightning prediction. So, the question here is can we predict when lightning is going to
take place a few hours ahead of time. And the usual approach to do that the way meteorologists
have been dealing is run process based simulation. So, there is a WRF model, it is a numerical

weather prediction model, which is also known as NWT.

Like there is a set of neural like numerical equations, which it has to solve at various grid scales
to do the simulation. So, it takes like at any given point, the current weather is pro including all
the different variables is provided as the initial condition and it is allowed to run for a specific
duration of time, and then it produces the like the outputs. Now the problem is that this is time
and resource consuming, but can the machine learning models identify the spatial maps of

variables as precursors. So, just like in the previous case.

So, like in this case, we will need inputs from the WRF itself, as well as will you will need some
observational inputs. So, like and all these inputs are going to be in the form of spatio temporal

map not just spatial maps, but also spatio temporal maps.
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In the previous case, we have we just had one single map, but in this case we will need a series
of or a sequence of such maps. So, lightning is a natural phenomena, poses serious threats to
human life aviation and electrical infrastructure. Lightning prediction plays a vital role in
lightning disaster reduction. Existing prediction methods usually based on numerical weather

models rely on lightning parameterization schemes for forecasting.

So, it is the lightning is not directly forecasted by the models like WREF, but certain enabling
conditions are known due to like I mean some other variables are known, which are considered
to be the immediate triggers to lightning. So, when we are running the NWP, we keep track of
certain variables and whenever those variables like they reach some specific values, like for the
and they are combined using some kind of a parameterized relation. Then we understand that a

lightning is likely to be triggered.

So, these methods; however, have 2 drawbacks. Firstly, simulations of the numerical weather
models usually have deviations in space and time domains which introduces irreparable biases to
subsequent parameterization processes. Secondly, the lightning parameterization schemes are
designed manually by experts, in meteorology, which means these schemes hardly benefit from
abundant historical data. In this work, we propose a data driven model, based on neural networks

referred to as LightNet for lightning prediction.



Unlike the conventional prediction methods, which are fully based on numerical weather model,
LightNet introduces recent lightning observations, in an attempt to calibrate the simulations and
assist the predictions. LightNet first extracts spatiotemporal features of the simulations and

observations via dual encoders.

These features are then combined by a fusion module. Finally, the fused features are fed in by
into a spatiotemporal decoder to make forecasts. We conduct experimental evaluations on a real
world, North China lightning dataset, which shows that LightNet achieves a threefold
improvement in equitable threat score for 6 hour prediction, compared to 3 established forecast

methods.
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Figure 2: Framework of conventional lightning prediction
methods (inside the dotted box). Unlike conventional pre-
diction, our LightNet model introduces recent lightning ob-
servation data to assist prediction besides simulation data.

So, like when we are doing conventional lightning prediction, this is the way it happens. So, first
of all like there is the database of historical weather collections, based on that numerical weather
prediction is initialized and it like it is used to run the simulation for the future say in the next 6

hours or something like that.

Now, as I said, when that as the simulation runs, certain variables, which are known to be

triggers of lightning and known I mean known to experts, those variables are tracked and like



based on them there is some kind of lightning parameterization, which on the basis of those

variables like or keeps calculating the probability of lightning at any given location and time.

Now, the way this paper, hopes to improve is by bringing in recent lightning observations along
with the similar simulations of these various geophysical variables and developing this kind of a
LightNet model, which like which in a sense is able to bypass the simulation I mean the
simulation cannot be completely done away with, but like the this LightNet model, it will in a
sense it will keep receiving the inputs from the simulations and as well as the past lightning data

and 1t will be making the predictions.

So, the need of this parameterization is largely done away with. Now, now as I said earlier, in
just like the previous paper, in this case also the inputs are going to be spatial maps of the
different variables, which are obtained from the simulations as well as the historical distributions

of the lightning.
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» Convolutional LSTM: used for sequences of
spatial maps

» Input, output at each point are
" matrices/tensors, treated as spatial map
- » Convolution operation used instead of
matrix multiplication as in LSTM
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So, the these; so, once again we have the spatial maps as input. So, we will need some kind of
convolution at the input. And the outputs are also going to be like this spatial maps, because
unlike in the previous paper, where the predictions were like just a few discrete values like in

fact, only 5 discrete values.



In this case, we actually the out want that output as a spatial map, where we want to provide at
every location at every point, I want to give a predict probability of that a lightning may take
place there ok. So, like both at both the input and the output, we need convolution and besides
the at the input, we have a sequence of spatial maps coming in I mean as the simulation is
running, in the WRF those spatial maps of the different variables those are also coming in at

every point of time.

So, we have a sequence of spatial maps as input, unlike the previous case where we had only a
single like spatial map as input we have a sequence of spatial maps as input. So, we need
something like a ConvLSTM, LSTM for the temporal part and a convolution for the spatial part.
So, ConvLSTM is like it is a method that was developed in 2015.

So, the idea is that it is such an LSTM where the inputs are not usual vectors as in a normal
LSTM, but they are matrices or tensors and the like whenever in a normal LSTM, whenever

there is the usual matrix or vector multiplication; that is, replaced by these convolution operation.
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Figure 3: The diagram of LightNet. LightNet consists of four parts: WRF encoder, observation (Obs.) encoder, fusion module
and prediction (Pred ) decoder. The WRF encoder and the observation encoder are mponublt l’orencodmg the spnlmnmpord
features of WRF simulation (P = [P]%.,) and recent lightning observations (L = [L.];._), respectively. Then the fusi d

combines the WRF feature ({C*'/ 1’/ ) and observation feature ({C°%*, H°}*}) so as to improve short-term prediction and
calibrate long-term simulation. Finally, the prediction decoder receives the fused feature prediction and recursively makes
forecasts (L = ‘L,],':n).

So, this is the scheme of the whole thing. So, there is a WRF encoder, which encodes the, which
receives in the spatial maps from the WRF simulation and there is an observation encoder, which

receives the like the lightning distribution as I mean the spatial map of lightning as the inputs.



So, the these two things are separately encoded by two separate networks, and then the encoded

versions are somehow fused using a fusion module.

So, this is like basically some kind of a concatenation operation followed by convolutions. Now,
so, finally, what we get at the is an encoded form of the past lightning as well as the simulations

of the different weather variables; and these are then finally, used for the decoding purposes.
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So, like at both the encoder at the fusion layer as well as the decoder, the convolution is used

quite heavily as you can see. So, like, so, these St, It, Gt, Rt, Vt. So, these are basically the

inputs which we get from the WRF at any given time. So, they like they are stacked together to

form Pt like combined form and then this like they are passed through convolution of a

convolution layer and then followed by a ConvLSTM.

So, we have a sequence of these things. So, they like they are present into the LSTM and; so the

output of the LSTM is the C ¥ and . So, it is like in a sense it is like the encoded hidden
state of the sequence of maps that we receive from the WRF. Similar steps are done in the

observation encoder also. So, from there also we get the these C and H maps. So, C and H for our



LSTM of course, refers to the cell state, I mean the long term and the short term memory as we

have discussed in the lecture on LSTM or the sequential models.

And then, there is a fusion layer in which all these the these things are fused they are stacked
together, concatenated together followed by convolution; and then the this thing is used as input

to the decoder, which once again utilizes convolution to produce the output.
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POD: Probability of Detection
FAR: False Alarm Rate
ETS: Equitable Threat Score (skill relative to chance)
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So, like these are the results which of this so, like when we are forecast making point wise
forecast of something like lightning, it the fore or rather nowcast, it is usually evaluated using a

certain metrics like POD the probability of detection that is suppose lightning actually happens.

What is the probability that I will be able to for nowecast it that is POD. Next is false alarm rate,
which is of course, self explanatory; and there is then there is ETS or equitable threat score. So,
like when I am successful in making a prediction it might have happened by chance also. So, can

I somehow estimate how much better I am doing rather than just random predictions.
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Six-hour predictions over a spatial field
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Figure 4: Visualization of six representative cases for six-hour prediction. In each example, the left part is observations for ‘a,
recent three hours, and the right partis predictions for future six hours, where the predictions from top to battom are made i 7”‘
>

by StepDeep, LightNet-0 and LightNet, The observation, prediction and hit are marked by blue (v), dark green (+) and red (v),
respectively. Best viewed on a color screen.
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And so, like this is what the predictions may look like. So, like we can say that 3 hours ahead of
time, these are some of the like the recent observations, of the lightning. So, these blue point
these are like the distribution of lightning events at different locations and then based on that, in

the coming hours, we make a map.

So, at every location, we actually plot the probabilities of the lightning happening or not and; so,
like the what these different colors indicate is the observation prediction and the hits though the
blue means like lightning is observed, green means it is predicted and red means hit means both

observed as well as predicted.

So, as you can see that at least for the first 2-3 hours, there is a significant number of hits over

the spatial field.



(Refer Slide Time: 31:17)

» Chattopadhyay A, Nabizadeh E, H deh P. Analog f g
deep learning. Journal of Advances in Modeling Earth Systems. 2020 Feb;12(2):e2019MS001958,
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of ext ausing weather patterns using

» Shi X, Chen Z, Wang H, Yeung DY, Wong WK, Woo WC. Convolutional LSTM network: A machine learning

pp for precif Ad in neural i ion p ing systems. 2015;28.

» Geng YA, LiQ, Lin T, Jiang L, Xu L, Zheng D, Yao W, Lyu W, Zhang Y. Lightnet: A dual spatiotemporal encoder
network model for lightning prediction. InProceedings of the 26th ACM SIGKDD international conference on
knowledge discovery & data mining 2019 Jul 25 (pp. 2439-2447).

So, these are the different papers which we discussed today, this is the first paper and about the
heat wave prediction and this is the second one about the LightNet and for ConvLSTM which

this is here is the paper.
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» Spatial/temporal maps of variables may be precursors to extreme events
» ML models can predict such events by identifying “signature patterns”
» Conv-LSTMs, Capsule Neural Networks suitable to identify spatial pattern

¥ Itis necessary to work alongside process models for such tasks

» ML can be used to emulate such process models



So, the key points from this lecture are first of all the spatial and temporal maps of variables,
may be precursors to extreme events. Secondly, the machine learning models can predict such
events by identifying certain signature patterns and Conv-LSTMs or Capsule Neural Networks,
these are suitable for to identify like the spatial patterns so, of course, because the inputs are

spatial maps.

So, we need convolution, but in both cases we are going beyond convolution, in one case we are
going capsule neural network, which like consider the spatial ordering and then there is
convolution LSTM where we have which are for receiving a sequence of spatial maps. And it is
important to work alongside the process models such as the WRF in such cases and like the
machine learning can also be used to emulate this kind of process models, this is again a point

which we will see in greater detail, in the coming slides.

So, that brings us to the end of this lecture, we are nearing the end of the current module, which

and in the coming lecture will be the last of this module 3. So, till then bye.



