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Abstract

Due to global warming, we are living in an epoch where extreme events are becoming more and more
likely. Excessive rainfall can act as a trigger for water-related hazards, which is especially true in an
increasingly urbanized area with steep topography, such as the area of Trentino and Alto-Adige. When
vulnerable objects become exposed to such hazards, risk can manifest in terms of property damage
and loss of lives.

This work aims to nd the model to best estimate and predict the extreme rainfall precipitation
in the area of Trentino. This model is used to generate weather alerts related to a speci c area, in
such a way that precautions can be taken to avoid damages.

The key challenge in alerts generation is to create the right amount of alerts that are both going to
not underestimate an extreme event, and at the same time do not overwhelm receivers of the alerts.

The target of this project is going to be the Italian Civil Protection Department. The model is
going to support decision-making during severe weather, for example, to decide whether to interrupt
a train line exposed to debris ows, as well as in the context of regulation of sewage systems during
storm events. Future developments of the project are going to open these types of alerts to a broader
user base for tourism and agriculture.

In this project, both mathematical methods and machine learning models were used to generate
precipitation predictions. Two state-of-the-art machine learning models were trained on the same
dataset, and the outcome is compared.

Results of this work comparing the Trajectory GRU machine learning model, and the traditional
mathematical method S-PROG, show the mathematical method being outperformed by the machine
learning model in almost all the cases considered. Moreover, a comparison between Trajectory GRU
and the novel IDA-LSTM shows the former outperforming the new deep learning model.

In chapter 1 the concepts of forecasting, nowcasting, and methods used to gather meteorological
data are presented. Following, a section about forecasting introduces the two main prediction methods
used in this work.

In chapter 2 the dataset used for the comparison of the model is presented, underlining storage
of the les, input and output of the model, split of the train and test sets, structure and scale of
representation, and pre-processing methods with thresholding applied to the images. A section is
going to present visually the dataset to understand the motivations behind the performances of the
models.

In chapter 3 methods are discussed. First prediction models are presented in detail, following
model evaluation techniques used for evaluating the output of the model are shown, then the toolkit
for the implementation is explained.

In chapter 4 the results of the models are shown and compared. Results are shown for each model,
followed by model comparison. This chapter further compares our dataset, using the best model found
in the previous results, with another dataset and underlines the di erences.

In chapter 5 the prediction of the models and the motivation behind the performances are discussed.
The second part of the chapter discusses the possible motivations of the di erent performances of
the model on the compared datasets. Future developments are then presented, with the possible
implementation of another forecasting model and the motivation behind it.
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1 Introduction

In this section general notions of meteorological forecasting are introduced. The chapter contains an
introduction to nowcasting and signal re ection meaning, along with forecasting methods.

1.1 Forecasting

Forecasting refers to the practice of predicting events that will happen in the future considering past
and present events. In this work, the subject of meteorological forecasting is considered, which is the
subject that studies the condition of the atmosphere to predict its evolution in the future.

The time frame considered in the prediction can have great di erences when it comes to forecasting.
For this reason, the term Nowcasting for short-term prediction was created. This term changes the
time frame depending on the subject.

1.1.1 Meteorological Nowcasting
Meteorological Nowcasting refers to the prediction of the precipitation within a period of up to 2 hours
[22].

A really short period of time was chosen to address the speci ¢ problem of detecting and localizing
extreme events. This is di erent from traditional forecasting because we try to address the specic
problem of localizing extreme precipitation and due to the inherent behavior of precipitation evolution
we cannot have an accurate prediction of heavy precipitation with high accuracy over a long period.

1.1.2 Precipitation

Precipitation in meteorology is any product of the condensation of water vapor in the atmosphere,
that under gravitational pull from the cloud falls on the earth. Precipitation occurs when a portion
of the atmosphere has a concentration of water vapor, such that water condensates and precipitates.

The e ects that water vapor visibly has can di erentiate, for instance, fog and mist do not condense
su ciently enough to precipitate. These types of water vapor condensation are called colloids.

(a) Long-range radar used to track (b) Medium-range radar used to track
space objects aircrafts

Figure 1.1: Radar used to detect objects in the long distance [6]



1.1.3 Precipitation detection

There are multiple methods to detect the precipitation, divided into two categories, one is local sensing,
SO0 measuring the precipitation at a single point in space, and the other is remote sensing.

In this work, data coming from a Radar system is used. Radar stands for Radio Detection And
Ranging system, a detection system that uses radio waves to determine the distance, angle, and
velocity of objects.

Multiple types of radar are able to detect di erent objects depending on the electromagnetic
waves produced. For instance, long-range radars are used to track space objects 1.1 (a) and others
specializing in detecting aircrafts 1.1 (b).

The type of radar used in this work is a Weather Radar, as shown in picture 1.2 (b) a type of
radar that emits a short pulse of energy, and if the pulse strikes an object the wave is scattered in all
the directions, including the one of the radar. The amount of energy that the radar receives back is
analyzed to understand if it came from an object, for instance, birds and bugs, or if it was coming
from droplets' re ection.

The analysis of the radar is done using the Doppler e ect to estimate not only the intensity but
also the direction of the objects it detects, looking at the frequency of the wave it produced compared
to the source wave sent.

When operating Weather Radars, the most interesting feature is the intensity of the precipitation,
which is usually represented as a map where the value of each pixel corresponds to the intensity of the
precipitation. Picture 1.2 (a) shows an example of the re ectivity map generated by a weather radar
system, underlapped with the territorial image.

(a) Weather radar generated image (b) Mt. Macaion weather radar

Figure 1.2: Weather Radar and generated re ectivity map [7]

1.1.4 Territory

The maps generated by radar systems may not re ect the real precipitation sensed on the ground.
Images generated are 2D pictures containing in each pixel the precipitation value, for instance, a pixel
can have a spatial resolution of 1km, so covering an area of km?, and this may not re ect the reality

due to territorial variation. As shown in picture 1.3 the grid spacing, when projected on steep terrain
can have a huge di erence in the area covered, covering a wider area of land depending on the slope
of the orography.

These surface features can have an impact on the prediction when considering large territorial areas.
Land features can change a lot over short distances, and given the size of the territory analyzed, the
spatial resolution of the grid needs to be chosen according to the characteristics of the territory. The
use of high-resolution grids helps to reduce orthographic projection problems and allows to represent of
smaller-scale weather events, but on the other hand, high-resolution maps may be too computationally
heavy to work with when making weather predictions.
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Figure 1.3: Projection of a regular grid on a complex orography [8]

1.1.5 Radar obstruction

Mountainous areas can also lead to the obstruction of radar sensing capabilities. If the beam is totally
or partially blocked by a mountain, the precipitation sensed in the area behind the obstacle may
represent a fraction or none of the real precipitation. The areas not sensed by the radar due to beam
blockage are called shadow zones, and when a radar operates in mountainous regions it's common to
encounter this situation.

Figure 1.4: Radar obstruction [23]

This problem can be partially obviated by positioning the radar in the highest place possible,
but due to environmental and accessibility constraints, this is not always feasible and these types of
obstructions need to be considered when making forecasts.

1.2 Methods

In this section, precipitation forecasting methods are presented. The rst type described is numerical,
a mathematical method rst introduced in 1980, the other is more recent, using machine learning to
understand the evolution of precipitation.

1.2.1 Numerical Weather Prediction
The Numerical Weather Prediction (NWP) methods are mathematical systems that were rst in-
troduced by L.E. Richardson Et al. in 1920 but did not take hold until the 1950s when computer
simulations allowed weather estimation in a feasible amount of time. These methods are based on
the consideration of precipitation as uids and using the equations of hydrodynamics by numerical
methods to approximate the evolution of the precipitation.

The NWP models are used in the eld of forecasting thanks to their ability to understand the
physical evolution of the structures. The main di erence from simple extrapolation methods is the
ability to predict weather forecasts in a longer period of time, going from 4h up to several days.
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1.2.2 Extrapolation approach

Nowcasting algorithms are based on the extrapolation of observed data, without considering the
physics of the system. There are two main types of approaches, the rst is the Eulerian approach,
and the second is the Lagrangian approach.

In order to understand the latter approach, the concepts of motion eld and optical ow are
introduced.

In the eld of image processing, the motion eld is the change in position of an object given a
starting point. It can be described as given a starting point and a velocity vector, corresponding to
the change of position of the object. In image 1.5 (a) in image 1 we have the starting point of the
object, in image 2 the end position of the object, and in the last image the motion eld that is created
by the change of that object, with each arrow being the velocity vector.

On the other hand, the concept of optical ow is the detection of the apparent motion of brightness
patterns in the image. This concept generally corresponds to the motion eld, but not always.

In the image 1.5 (b) it's possible to see an example of a motion eld compared to optical ow.
Imagining the barber's pole, a sign rotating clockwise in the z-axis, the motion eld is moving in the
horizontal direction, given by the rotation of the pole, while the optical ow is moving in the vertical
one, given by the stripes moving up.

(a) Motion eld example (b) Barber's pole motion eld and optical
ow

Figure 1.5: Motion and optical eld example images [3]

The motion eld explained above can be described as the image intensity, a function of space
X;y, and time t. We can describe the starting imagel (x;y;t) and the evolution with the following
formula, whereu = dx=dt and v = dy=dt, are the vectors that describe where to move in the generated
eld.

@Iu+ @IV+ @I:O

@x @y @t

1.2.3 Machine learning

Machine learning is used in the eld of forecasting to predict precipitation evolution. It uses Neural
Networks to learn the parameters that characterize the evolution of the atmosphere.

The analysis used for the image is done by a Convolutional neural network (CNN), a type of
feed-forward neural network that uses fully connected layers that learn the parameters of a kernel to
extract the most useful information to reduce the number of features of the image.

The types of neural networks used are called Recurrent neural networks (RNN). They allow us to
exhibit temporal dynamic behavior using an internal state (memory) to t variable-length sequences
of input. In the picture 1.6 we can see the general structure of an RNN. The main di erence with a
simple neural network is the ability to use the information of previous states, taking in input not only
the data it has to analyze but also the temporal structure from the previous layer.

Theoretically, these types of networks should be able to learn well long-term dependencies, but
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Figure 1.6: RNN unrolled to show input of each layer [18]

practically these networks struggle with this type of evolution. For this reason, Long Short Term
Memory (LSTM) networks were created, allowing better learn long-term dependencies. These net-
works implement not only an input gate and an output gate, but also a forget gate. This gate is used
to discover what details that need to be discarded from the block, e ectively removing information
that is not useful for long-term prediction.

2 Dataset

An important part of the project was understanding the data that needed to be fed to the model.
The dataset used was TAASRAD19 by Franch Et Al. [11]. The dataset is a collection of data from
the radar operated by Meteotrentino located on Monte Macaion, which generates a product every 5
minutes in the form of a radar precipitation map. This map is represented as an image with 480x480
pixels in size, where each pixel has a spatial resolution of 500 meters for a total of 240 km in diameter.
This means that when the radar is fully operational, 288 images are generated every day.

The dataset used includes all images recorded from June 1, 2010, to December 31, 2019, for a total
of 362,233 images.

2.1 Storage

The dataset is made out of 1,731 les in format HDF5, this format allows to manage, process, and
store heterogeneous data and was built for fast I/O processing and storage.

Each le contains a contiguous block of 24 hours images, where each frame is taken every 5
minutes, each block contains 288 frames if the collection of the data was not interrupted. In the case
the collection of data was not complete due to radar failure of maintenance, the number of frames
per block is lower. An important thing to notice is that if the failure is contained in the middle of a
24-hours block, 2 or more independent blocks are created to avoid inconsistent groups of contiguous
frames.

2.2 Split

For the machine learning task considered in this work, the dataset has been split into train and test
sets. This division was made by taking into account the blocks from June 1, 2010, until the end of
2017 for the training, and from the beginning of 2018 until December 31, 2019, for the test.

These 2 sets split data into 193,611 frames for training and 168,622 frames for testing.

To benchmark the di erent nowcasting techniques, we use sequences of 25 frames split into 5
frames (25 minutes) given as input to the model and the following 20 (100 minutes) used to test the
prediction of the precipitation evolution in the following instants of time. After each iteration, the
window shifts by one frame, in such a way that each image is seen 5 times by the model, and used 20
times as a comparison.



Figure 2.1: Input and output frames

2.3 Structure

When preprocessing the data a metadata le was created with di erent information about each block

of images. This metadata is useful to apply Iters and to avoid loading the whole dataset in memory.
Each block has the following information:

~

ID : incremental identi cation number of the 24-hours block

Start datetime : date and time of the rst frame contained in the block
End datetime : date and time of the last frames of the block

Run length : number of contiguous frames in the block

Average re ectivity value . average precipitation value of each pixel for all the images of the
block

Tag : type of precipitation based on a table containing the precipitation for that specic re-
ectivity range based on the average re ectivity value. There are 18 types of values and some
examples are rain, snow, storm, and hail storm.

2.4 Scale of representation

The type of data we are using is Radar echo maps, where radar echo is the signal re ected o the
precipitation by the radar. This type of data is collected using a radar, as explained in detail in section

1.1.3, that sends waves that when encountering precipitation droplets are bounced back, e ectively
creating a precipitation map.

What the radar is re ecting is known as Hydrometeor, any water or ice particles that have formed
in the atmosphere as a result of condensation or sublimation. Some examples are clouds, rain, and
snow.

The intensity of the precipitation is measured by the radar in the re ectivity factor Z, which is
dependent on the number and size of hydrometeors. In the case of meteorology, it represents the
size distribution of the hydrometeors in the unit volume considered. In our case, the re ectivity is
expressed in mmi per cube meter, equivalent to m3.

Since the re exivity factor, Z covers a wide range of values, from very weak like drizzle to very
strong signals like hail, it was more convenient to express it in decibel, using the logarithmic decibel
scale. It is calculated taking into consideration the re ectivity factor Z divided by the base valueZg
that in our case corresponds to a 1 mm drop in a volume of a meter cube.

VA
LZ = 10 Ioglo ?OdBZ

The scale allows us to divide and label the re ectivity value on a continuous scale as shown in
table 2.1.

The representation of this re ectivity value in decibel can be done using a continuous color palette.
The gure 2.2 represents the precipitation with a logarithmic scale with values ranging from 0 to 160
mm/h.



Lz (dBz) | R (mm/h) Intensity
5 0.07 Hardly noticeable
10 0.15 Light mist
15 0.3 Mist
20 0.6 Very light rain
25 13 Light rain
30 2.7 Light to moderate rain
40 11 Moderate rain
50 48 Heavy rain
60 205 Halil

Table 2.1: Re ectivity in dBZ and rain rate comparison [26]

Figure 2.2: Precipitation intensity scale (mm/h)

Given that the input of the models was normalized from 0 to 1 on a linear scale, all values were
divided by the all-time maximum re ectivity value recorded by the radar (in our case was 52.5 dBZ)
minus the minimum (for us 0 dBZ).

Lz
(max(Lz) min(Lz))

Lznorm =

2.5 Pre-preprocessing
Because of the computational cost that deep learning techniques require to work, the training and test
sets were reduced.

The region of Trentino, the area analyzed in this dataset, has an average precipitation of only 82
days per year on average per each possible location of the region [2]. For this reason, we had to discard
sunny days and the ones with light precipitation.

In the histogram 2.3 the X-axis represents the average re ectivity value in a block for each pixel
and in the Y-axis the number of times that block had a speci ¢ amount of rain. From this plot, we can
see how often we have days with little precipitation and how rare precipitation that lasts the whole
day is. Because of this, we decided to exclude blocks with an average re ectivity value per pixel less
than 1.5 dBZ, corresponding to short, isolated, and light precipitation in the region.

The ltered dataset used by the model consisted of 86,700 sequences for the training dataset and
96,494 for the test, which corresponds to around 50.5% of the original sequences.

2.6 Rain intensity and Thresholding

The goal of the project was to identify and predict extreme and localized harmful events. As pointed
out by Pan et al. [19] thresholding data can achieve an increase in performance due to the low
precipitation values not giving a considerable contribution to the forecast, and only raising complexity
when learning the precipitation structure. For this reason, a pre-processing procedure of the dataset
has been prepared, where the least intense rainfall is identi ed and removed, avoiding the model to
predict values of rain that would not be useful for our purpose.

The minimum rainfall threshold was applied to each frame, setting values below a certain threshold
to 0. An example is shown in the plot 2.3, where the left plot contains the full image with all the
values and the image in the right the values below 0.3 mm/h, corresponding to 15 dBZ, were cut. This
allowed the model to discard the area of precipitation not useful for the prediction, e ectively cutting
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Figure 2.3: Histogram with average re ectivity value per block

o the lowest radar rainfall values, focusing the model loss on the highest precipitation values.

Figure 2.4: Block thresholding of a frame cutting values below 0.3 dBZ

The choice of the thresholds was made considering a trade-o between the amount of information
that the model should not predict, for instance very low precipitation values like drizzle, and at the
same time not discarding information that could be useful to the model to detect and predict intense
precipitation.

We accordingly trained the model on the following thresholds of: 0.01 mm, 0.03 mm/h, 0.1 mm,
and 0.3 mm; corresponding to values that represent hardly noticeable mist to a light fog.

2.7 Visual inspection

The analysis of the images was useful to understand how the dataset is composed, by visualizing the
images using a color scale that re ects the intensity of the precipitation, it is easy to understand how
the precipitation evolves in space and time.

The gure 2.5 is an example of a sequence of frames of the dataset in temporal order (5 minutes
apart): for this example, we used the ood of July 3, 2018, that shows the evolution of intense
precipitation using the color scale explained above.

In a visual inspection, it's possible to notice a few things. First, we can see that the pictures have
a circular shape given by the type of radar we are considering, and we can notice a beam wrongly
classi ed as precipitation at the bottom of the picture that is going to be removed by pixel-wise
post-processing.

Another important thing to notice in these pictures is that despite the precipitation being spread
across a hig area (colored in violet), the area of strong precipitation (from green to yellow) is very
small. Indeed the hail storm in these pictures is concentrated on a very small area that is corresponding
with the outcome this ood had on the area a ected.
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Figure 2.5: Moena ood precipitation event

A third thing we should notice is the speed at which the precipitation is moving. Indeed the
precipitation in the picture moves at very di erent paces throughout the region, for instance in the
very right corner of the picture we can see that the clouds stagnate, meanwhile in the left corner of
the picture the precipitation moves quickly to the right.

These observations are really important to understand the results of the prediction models, in
order not to look at the wrong parameters when comparing and evaluating models.

3 Methods

In this chapter, three main methods used in the project are explained. First, explanation of the
prediction model and the motivations for using them, second, evaluation methods used to compare
these models, and third how they were implemented.

3.1 Prediction models

In this project, di erent models were tested employing both mathematical and statistical technigues.
We started with a state-of-the-art mathematical model that uses the optical ow of the picture to
make the prediction, then we trained Trajectory GRU, a well known deep learning model that uses a
recurrent neural network to make accurate predictions, and nally a novel model called IDA-LSTM
that implements a mechanism to improve performances upon simple convolutional recurrent neural
networks. The former two models were tested ne-tuning the parameters to get optimal results from
each one of them.

3.1.1 Optical ow method
Spectral Prognosis (S-PROG) [24] is a mathematical model proposed by Seed et al. that makes a
prediction using an extrapolation approach with the optical ow method.

This model works by computing the advection matrix using the semi-lagrangian extrapolation
method. This method allows using an autoregressive model to approximate the Lagrangian space
that describes the evolution of the precipitation, making the decomposition of the eld into Fourier
components, and separating the motion of the eld from that due to the temporal evolution of the eld
itself. These two lagrangian multipliers allow describing the evolution using a lightweight computation.

S-PROG moreover uses the transformation of the eld using multiple Fourier transformations to
get multiple spatial representations of the precipitation that are used to get structures of di erent
sizes. Picture 3.1 contains an example of precipitation decomposed in di erent levels, where the scale
of color used has white as the lowest value and red as the highest. This is useful to get at the same
time small structures like localized cyclones, and bigger thunderstorms.

The advection matrix computed by this model maps each point to a pixel containing the direction
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Figure 3.1: Results of di erent fourier transformation decomposition [9]

where the precipitation should be moving to.

Image 3.2 shows an example of how the evolution of this extrapolation method works. This example
uses the same matrix on all 3 frames and assigns the intensity value of each pixel by looking at the
values of its upwind neighbors.

Figure 3.2: Optical ow example using semi lagrangian extrapolation method [14]

The con guration of the implementation of this model, taken from [11], is the same settings of the
other machine learning models. It uses the rst 5 frames of the precipitation as input, predicting the
following 20 frames. In this model, the picture of the last frame of the input frames is fed to the rst
matrix, which will output the picture that will be fed to the next matrix up to the last frame.

3.1.2 Trajectory GRU

Trajectory GRU is a model that uses a modi cation of Convolutional LSTM that actively learns
location-variant structure for recurrent locations.

The implementation of this model is discussed in the publication, Deep Learning for Precipitation
Nowcasting A Benchmark and A New Model [25]. This model was trained using metrics that can be
found in the publication Precipitation Nowcasting with Orographic Enhanced Stacked Generalization:
Improving Deep Learning Predictions on Extreme Events [11].

This model works by using an Encoding-Forecasting structure, where, given a sequence of an
arbitrary number of frames, we use many recurrent neural networks to learn di erent spatiotemporal
representations.

In the picture 3.3 we can see the structure used by this model, the left side representing the encoder
and on the left side the forecaster.

The Encoder model takes as input an arbitrary number of frames (1, | 2), makes a simple con-
volution in the rst layer, and feeds the output into the rst recurrent neural networks (RNN) where
is then downsampled using a convolution with stride and fed to a second RNN, where this process is
repeated for a second time.

The Forecaster model takes as input the prediction of the memory of the last RNN of the encoder,
it then upsamples it using deconvolution with stride and feeds it to the next RNN where this process
is repeated for a second time. The output is then fed to the last RNN that makes the prediction that
is then deconvolved for the last time.
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Each RNN is a Gated Recurrent Unit (GRU), a network consisting of a cell, an input gate, and an
output gate. In our implementation, the GRU takes as input the processed picture and the memory
of the RNN of the previous layer (from the output gate), except for the rst layer where zeros are fed
as input.

Figure 3.3: Encoder-Forecaster structure used in TrajGRU [25]

Trajectory GRU proposes a variation from the traditional Convolutional RNN. In the former
networks, the convolution operation applies a location-invariant Iter of the input, meaning that the
weights are xed for all the locations. This model instead proposes a Trajectory RNN where recurrent
connections are dynamically determined, as shown on the right side of picture 3.4.

Figure 3.4: Convolutional RNN and Trajectory RNN connections comparison [25]

The loss function used by Trajectory GRU is Balanced Mean Squared Error (B-SME), a function
that assigns more weights to heavier rainfalls in the calculation of MSE and MAE.

As shown in the histogram 2.3 the intensity distribution of the rain is concentrated around one
millimeter, with very little precipitation exceeding four millimeters. For this reason, the authors
decided to consider thresholds and assign a weight to them proportional to the class imbalance as
shown in table 3.1.

Considering w as our weight, x as our predicted value, andx*out target value, the balance MSE
and MAE are calculated in the following way.

1 R0 %80 %80

B MSE = n Wriij (X Rnsig )?
n=1i=1j=1

R0 goR0 |

B MAE = n Whiij Xnjij  Rngiy
n=1i=1j=1
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