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Short-term Quantitative Precipitation Forecasting is important for aviation and navigation

safety control, flood forecasting, early flood warning, and natural hazard management. Ob-

taining accurate and timely precipitation forecasts in short range of time (0-6 hours) is a

challenging task. Addressing the challenges in forecasting accurate short-term rainfall is an

open question in the field of hydrometeorology and is a major objective. This dissertation

introduces a machine learning, in specific deep learning, framework to accurately forecast

high- and low-intensity precipitation events. In details, this dissertation introduces an effec-

tive precipitation forecasting framework by (1) developing an infrared cloud-top brightness

temperature forecasting model, and (2) proposing an effective infrared to rainfall intensity

mapping model using satellite and radar data. The proposed framework is effective due

to (1) solving a physical problem using a continuous infrared data in which evolution is

dominated by the continuity law of heat transfer, (2) providing forecasts for various ranges

of rainfall intensities, and (3) introducing a framework with potentials to become a quasi-
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global scale product. As the initial attempt to develop the precipitation forecasting model,

a forecasting model was proposed by extrapolating infrared imageries using an advanced

Deep Neural Network (DNN) and applying the forecasted infrared into an effective rainfall

retrieval algorithm to obtain the short-term precipitation forecasts. To achieve such tasks,

we propose a Long Short-Term Memory (LSTM) and the Precipitation Estimation from

Remotely Sensed Information using Artificial Neural Networks (PERSIANN), respectively.

The precipitation forecasts obtained from LSTM combined with the PERSIANN were com-

pared with a Recurrent Neural Network (RNN), Persistency method, and Farneback optical

flow each combined with PERSIANN algorithm and the numerical model results from the

first version of Rapid Refresh (RAPv1.0) over three regions in the United States, including

the states of Oregon, Oklahoma, and Florida. Furthermore, to improve the forecasting skills

of the proposed method, a new infrared forecasting method was developed by improving

the LSTM model (such as efficient use of neighborhood pixel information, resolving the loss

of resolution problem and introducing more efficient objectives compared to maximum like-

lihood estimates). The new proposed infrared forecasting algorithm is a semi-conditional

Generative Adversarial Network (GAN) consisting of convolutional, recurrent (LSTM) and

convolutional-recurrent (ConvLSTM) layers in order to forecast temporally and spatially

coherent infrared images. The results are compared with the non-adversarial version of the

proposed model and demonstrate superior performances. In addition to this precipitation

forecasting improvement step, a new precipitation estimation algorithm is introduced to re-

place the PERSIANN algorithm in order to increase the infrared-rainfall translation accuracy

and enable the framework to become an end-to-end model. The new precipitation estima-

tion model is a conditional GAN, termed as PERSIANN-GAN, which translates 0.25◦×0.25◦

infrared data into same resolution precipitation estimates by defining a more flexible objec-

tive function. The PERSIANN-GAN results are compared with two Convolutional Neural

Networks (CNNs) baseline models one without adversarial part and with bypass connections

and the other one without adversarial part and without bypass connections. The model

xix



performances were also compared to the well-known operational PERSIANN product. The

comparison results demonstrate higher visual and statistical performances of PERSIANN-

GAN.
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Chapter 1

Introduction

1.1 Importance of short-term precipitation forecast

Weather forecasting refers to the focus of science and engineering dealing with state of the

atmosphere in a given time in the future. Weather state prediction, depending on its appli-

cation, can range from minutes to years and decades, and each range is associated with its

various challenges and uncertainties. Among all the atmosphere components, precipitation

is an important weather phenomenon and one of the most vital elements of the hydrological

cycle, which affects human lives in many aspects. Yet, accurate precipitation forecasting is

often the most elusive tasks because of the variability range of precipitation in space and

time. Despite the difficulty of precipitation forecasting, accurate and timely information re-

garding the upcoming, especially short-term, precipitation events can prevent financial and

life losses. In particular, short-term precipitation forecasts, referred to 06 hr of lead time,

are acute for naval and aviation navigation, flash flood warning, flood forecasting, and other

hydrological applications ([Ganguly and Bras, 2003, Kuligowski and Barros, 1998, Liu et al.,

2017, Vasiloff et al., 2007, Zhu et al., 2017].

This dissertation focuses on the development and evaluation of a Short-term Quantitative

Precipitation Forecasting (SQPF) framework, also referred to as nowcasting, which enables
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quasi-global precipitation forecasting for the range of 0 to 6 hours. This framework is not

only intended for high-intensity rainfall event, but also can capture rainfall patterns with

various intensity and areal coverage with high accuracy. The described capability of the

proposed framework, makes it superior to other existing model which cannot resolve small

scale rainfalls.

1.2 Overview of short-term precipitation forecasting

approaches

Precipitation is one of the crucial elements of the hydrological cycle, and an important

weather phenomenon, which affects human lives in many aspects. Accurate and timely in-

formation regarding the upcoming, especially short-term, precipitation events can prevent

financial and life losses. In particular, short-term precipitation forecasts, referred to 06 hr of

lead time, are acute for flash flood warning, flood forecasting, and other hydrological applica-

tions [Ganguly and Bras, 2003, Kuligowski and Barros, 1998, Liu et al., 2017, Vasiloff et al.,

2007, Zhu et al., 2017]. Previous studies have shown that the Numerical Weather Prediction

(NWP) models and the extrapolation-based methods are frequently used in the short-term

precipitation forecast ([Bright and Mullen, 2002, Golding, 1998] Kuligowski Barros, 1998a;

Nam et al., 2014; Robertson et al., 2013; Zahraei et al., 2013).

1.2.1 Numerical Weather Prediction based short-term precipita-

tion forecast

The NWP models are using physical characteristics of related atmospheric processes to simu-

late the dynamics of many meteorological properties, and one of the most important variables

is precipitation [Golding, 1998, Ritter and Geleyn, 1992, Warner et al., 1997, Yang et al.,

2018, Zahraei et al., 2012, 2013]. In recent years, the NWP models have improved signifi-
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cantly in many aspects [Ballard et al., 2016, Sun et al., 2014, Wang et al., 2016]. For example,

the temporal and spatial resolutions of the NWP forecasts have been enhanced by advanced

computational resources [Bližňák et al., 2017, Wang et al., 2016]. The high-resolution NWP

forecasts enabled researchers to improve prediction skills for convective systems [Sun et al.,

2014]. Despite the improvements attained, the NWP models are still facing many limita-

tions in the short-term forecasting [Foresti et al., 2016]. The NWP models with short-range

forecasting purposes require more observational data with higher quality and more effective

assimilation methods to overcome the spin-up problems [Shrestha et al., 2013, Wang et al.,

2016]. Moreover, convective systems require more than sophisticated assimilation methods

and sufficient data [Sun et al., 2014]. Fine spatial and temporal forecasts are also required for

convective studies in order to improve the uncertainties associated with model spin-up and

rapid error growth problems [Sun et al., 2014, Wang et al., 2016]. Despite the deficiencies

of NWP models, they are vastly trusted and used by governmental agencies. In this study,

we use the first version of Rapid Refresh (RAPv1.0) model forecasts from National Oceanic

and Atmospheric Administration (NOAA)/National Centers for Environmental Prediction

(https://rapidrefresh.noaa.gov/) as a numerical baseline comparison to the proposed

model. The RAP is an hourly updated regional NWP model over North America. The

RAP model benefits from the community-based Advanced Research version of the Weather

Research and Forecasting model and NOAAs Gridpoint Statistical Interpolation analysis

system (GSI) [Benjamin et al., 2016]. The RAPv1.0 forecasts are presented with 13× 13 km

spatial resolution and hourly temporal resolution, which makes the model a proper bench-

mark candidate.

1.2.2 Remote sensing based short-term precipitation forecast

Different from the NWP models, extrapolation-based methods, or data-driven methods, be-

long to another category of tools to predict precipitation. The main difference between the
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NWP models and extrapolation-based methods is that the extrapolation-based methods use

statistical approaches to extrapolate the current state of precipitation while the NWP mod-

els imitate the rainfall dynamics by using physical-based governing equations. However, the

extrapolation-based methods have the advantage of achieving higher forecasting skills during

the first few hour(s) of precipitation events with a relatively lower computational cost than

the NWP models [Zahraei et al., 2012, 2013]. Kuligowski and Barros [1998] implemented a

Three Layer Feed Forward Neural Networks (TLFFNN) to forecast hourly rainfall in 0- to

6-hr range over Pittsburgh, Pennsylvania. The authors used radiosonde-based 700-hPa wind

direction and the historical data of a precipitation gauge network surrounding the target

gauge. The results show improvement in rainfall forecasts up to 6 hr. Zahraei et al. [2012]

introduced a pixel-based short-term forecasting algorithm. The method tracks severe pre-

cipitation events using an iterative algorithm to obtain the advection of mesh cells in space

and time [Zahraei et al., 2012]. In addition, authors also extrapolated the storm events

up to 3 hr using advection field information and a pixel-based Lagrangian dynamic model

[Zahraei et al., 2012] and compared the results with the Watershed-Clustering Nowcasting

and Persistency methods for 10 storm events over the continental United States (CONUS).

The authors evaluated the forecasts from their model along with the two benchmarks us-

ing Q2 radar observations. The results obtained by Zahraei et al. [2012] showed promising

improvement in terms of verification metrics. As suggested by the above literatures, ma-

chine learning and statistical methods have shown their potential to improve the short-term

forecasting skills and become popular methods to forecast precipitation events.

1.3 Overview of precipitation estimation approaches

Rainfall measurement/estimation is an important source of information for water manage-

ment and extreme weather preparation purposes. Various methods are utilized to mea-

sure/estimate rainfall intensity and duration. As the most simple and direct measurement
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strategy, rain gauge are the most trusted and primary way of gathering rainfall information.

However, due to (1) the sparsity of rain gauge networks; (2) unavailability in the remote

areas and oceans and (3) inability to gather rainfall information with high temporal resolu-

tion, the rain gauges are not an impractical source for high spatial and temporal resolution

monitoring [Smith et al., 1996].

A different category of rainfall observation system is radars. Radars observe rain intensity us-

ing electromagnetic radiation back-scatter from water droplets. This observation mechanism

allows radars to cover higher temporal and spatial variability of rainfall events. However,

the radar beam access is limited, thus, resulting in limited coverage over a certain area. In

order to compensate limited spatial access of radars, a number of them should be utilized in

an overlapping network in order to cover a wide area of interest which is not an economically

efficient approach. Another shortcoming of the radar systems is their inability to penetrate

mountains resulting in even more limited coverage in the mountainous regions. Furthermore,

radars are not available over the oceans. The radar networks also suffer from attenuation,

beam-filling, and beam overshoot [Sauvageot, 1994].

Due to the ineffectiveness of ground-based observations, satellite-based technologies were

introduced as an alternative source of information. Various satellites with wide range of

sensor spectrums have been developed and launched to monitor the state of the atmosphere.

At the current stage of satellite-based precipitation estimation development, two sensor types

are mainly utilized: (1) Infrared sensors on Geostationary Earth Orbit (GEO) and Low-Earth

Orbiting (LEO) satellites and (2) Passive microwave (PMW) sensors and active instruments

on LEO satellites. PMW data have robust physichal relation with hydrometeorological

phenomena over the atmosphere, resulting in accurate estimation of precipitation. However,

due to limited coverage of PMW sensors and their unavailability over the same location with

fine temporal gaps, make them a less desirable choice compared to GEO satellites. GEO

satellites orbit Earth in a geosynchronous orbit allowing the sensors to continuously monitor
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a fixed location from 36000 km above the Earth. Thus, making GEO satellites a valuable

source of information with high temporal (30 minutes or finer in the new generations) and

spatial resolution (0.04◦ or finer in the new generations). Several studies such as [Arkin,

1979, Arkin and Meisner, 1987] pointed out that infrared information of GEO satellites

between 200 K to 260 K have high correlations with rainfall rates. [Arkin et al., 1994]

stated that due to frequent visits, high spatial resolution and significant correlations with

rainfall intensities of GEO satellites, there are the most dominant source of information for

precipitation forecasts and estimations.

1.4 Research motivation and objectives

Machine learning research, especially deep learning, is very active and fast-paced area of

research with wide range of applicability. Recent advances in deep learning, in particular,

state-of-the-art video forecasting and image to image translation techniques can be leveraged

in the field of Earth system sciences and hydrometeorological applications. This dissertation

is dedicated to explore the applicability of state-of-the-art deep learning approaches to obtain

timely precipitation forecasts and accurate rainfall estimation using infrared imageries from

GEO satellites. Specifically, this dissertation addresses the following objectives:

• Investigating the effectiveness of deep learning approaches for extracting spatial and

temporal features from image sequences of satellite data and obtaining accurate and

timely infrared forecasts.

• Demonstrating the role of Recurrent Neural Networks and its recent variants (Long

Short-Term Memory) in forecasting accurate infrared imageries.

• Evaluate the proposed methodology and the effectiveness of using new deep learning

techniques compared to earlier generations.
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• Introduce a new approach for image to image translation by reconsidering the use of

maximum likelihood estimation and developing a more flexible approach in generative

neural networks.

• Assess the improvements of new generative models in infrared forecasting task and

explore the capability of sub-location learning in generalizing learnt features.

• Introduce a new framework to translate infrared imageries to rainfall intensity maps

using a network learning from distribution and maximum likelihood of the data to-

gether.

1.5 Dissertation outline

This dissertation is organized as follows: Chapter 2 provides a review on the applications of

Recurrent Neural Networks (RNNs) and their recent modified variant, termed as Long Short-

Term Memory (LSTM) along with popular short-term forecasting methods such as Optical

flow methods and Numerical Weather Prediction (NWP) models. Chapter 3 details the

shortcomings of maximum likelihood estimation in the context of generative neural networks

and introduces a new deep learning approach and discusses the details of the method and

the progress of the state-of-the-art methods. In addition, the chapter proposes two main

architecture of neural networks for efficient and effective image to image translations.

Chapter 4 aims to tackle the bottlenecks inherited by the introduced approach in chapter 2

and introduces a conditional generative model partially discussed in chapter 3. The method

demonstrates the advantage of mixing convolutional layers with recurrent layers.

Chapter 5 introduces a conditional generative model adapted from the methods discussed in

chapter 3 to estimate rainfall rates from InfraRed (IR) imageries obtained from Geostation-

ary Operational Environmental Satellites (GOES). This chapter discusses the methodology
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and the improvements achieved from the proposed method and compared them to Pre-

cipitation Estimation from Remotely Sensed Information using Artificial Neural Networks

(PERSIANN).

Finally, chapter 6 presents the conclusions, summary and foreseened future directions.
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Chapter 2

Short-Term precipitation forecasting based on

the PERSIANN system and LSTM

2.1 Introduction

The objective of this study is to propose an advanced deep learning algorithm, termed Long

Short-Term Memory (LSTM), to forecast the next time step of Cloud-Top Brightness Tem-

perature (CTBT) images from infrared (IR) channel of GOES satellites and iteratively feed

the forecasted CTBT image as input to obtain precipitation forecasts with up to 6 hr ahead of

time. To demonstrate this concept, we compare the results from the proposed LSTM method

with a number of classical extrapolation-based methods, including the Recurrent Neural Net-

works (RNNs) introduced by Elman [1990], the Farneback Optical Flow method developed

by Farnebäck [2003], and Persistency method. The first generation of RNNs was introduced

by Jordan (1997) and then Elman [1990] to find the temporal structure of time-dependent

variables. Elman [1990] added a context unit to FeedFroward Neural Network (FFNN) archi-

tecture in order to represent the information from previous time steps. This structure, often

called Elman Networks, has an internal memory of the past events and extends the learned

information with an assumption of consistent characteristics of data over time. In general,

RNNs are capable of providing a better internal state in comparison with FFNN models
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and other existing temporal models [Connor et al., 1994, Graves and Schmidhuber, 2005].

Despite the soundness of the Elman Networks, the model faces many challenges in learning

sequential patterns. According to Guo [2013], one of the challenges is that the RNNs cannot

sufficiently be trained by classical backpropagation (BP) algorithm. Hochreiter et al. [2001]

and Hochreiter and Schmidhuber [1997b] also indicate the inability of RNNs in learning

long-term dependencies even with using more effective learning algorithms like BP Through

Time (BPTT). The reason for this shortcoming in RNNs is the limitations within the BP,

which is not suitable for sequential models [Guo, 2013]. Many approaches were attempted

to improve the general learning capabilities of the Neural Networks [Rumelhart et al., 1985,

Werbos, 1988, Williams and Zipser, 1989, Yang et al., 2017a,b]. Despite the improvements

in training procedure of RNNs, they cannot capture the temporal features especially the

long-term dependencies [Hochreiter et al., 2001, Hochreiter and Schmidhuber, 1997b]. To

improve the sequential learning skills of the RNNs, the first LSTM was proposed by Hochre-

iter and Schmidhuber (1997b). The proposed architecture includes a concept of control gates

to control the flow of information and prevent the possible model perturbations caused by

useless data. Later Gers and Schmidhuber [2000] introduced a LSTM with abilities to forget

useless memories from the memory cell by adding a forget gate to deal with uninformative

memory contents. The overall architecture of LSTM block differs from traditional RNN in

two major aspects: (1) the LSTM block tends to excel in learning skills using a sophisticated

gated approach where one gate learns the relevance of the input information (input gate),

and the other gate learns the importance magnitude of the relevance information (network

gate). Putting the above-mentioned gates along with forget gate, which clears the mem-

ory of the LSTM block from useless information, creates an efficient and effective learning

scheme. On the contrary, traditional RNNs have simple learning scheme, which affects the

performances, and (2) the gating structure of the LSTM block allows the model to prevent

the gradient decay problem which exists in the traditional RNNs. Thus, allowing LSTMs

to learn more complex and longer-range behaviors comparing to traditional RNNs. In gen-
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eral, LSTM models have shown groundbreaking skills on complex sequential tasks ([Byeon

et al., 2015, Eck and Schmidhuber, 2002, Graves, 2013]). For example, Sundermeyer et al.

[2012] used a LSTM model for an English and French language modeling task. The authors

found 8 percent incomprehension improvements as compared to the standard RNNs (Elman

Networks) using English Treebank-3 Corpus and the French corpora data sets. Srivastava

et al. [2015] designed a LSTM autoencoder to reconstruct and forecast patch sequences of

YouTube videos from the Sports-1M data set. Despite the broad application of LSTM mod-

els across different research areas, there are limited studies investigating the applications of

LSTM variants in the short-term precipitation forecasting. Xingjian et al. [2015] introduced

a new Neural Network layer, which is an integration of convolutional layer and LSTM layer,

termed as ConvLSTM, to better capture the spatiotemporal characteristics of precipitation

events. The authors used an encoding-forecasting structure, and radar precipitation data

over Hong Kong to forecast precipitation in short range (06 hr). Heye et al. [2017] used a

similar approach to that used by Xingjian et al. [2015] and used the ConvLSTM autoen-

coder to overcome the short-term precipitation forecasting problem. Heye et al. [2017] used

NEXRAD radar precipitation data to forecast the upcoming precipitation events. The aim

of current study is to introduce a precipitation forecasting algorithm that has potentials

of becoming an accurate short-term precipitation forecasting product in quasi-global cover-

age. To address the above-mentioned bottleneck, we used the CTBT data set from GOES

satellites, which is a homogeneous and continuous data set instead of directly using precip-

itation data. As compared to the rainfall data, the CTBT data obtained from the GOES

satellites provide continuous values for each pixel, and less randomness in the time depen-

dencies on each pixel as the changes of temperature follows the continuity governing law

of heat transfer. In contrast, the rainfall characteristics of each pixel are relatively discrete

and lack the temporal dependency, especially for small rainfall events. In addition, CTBT

data set, provides high temporal and spatial resolution microphysical information regarding

the cloud locations and cloud-top temperature ([Arkin et al., 1994, Behrangi et al., 2009],
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which are essential information for precipitation forecasting purposes. The high frequency

of CTBT images, which are available for the quasi-global domain, makes the CTBT data

set unique and popular for capturing fast varying precipitation fields [Xu et al., 1999]. In

order to take advantage of CTBT data set, an effective precipitation retrieval algorithm is

required. Due to the indirect relationship of CTBT and precipitation rates [Arkin et al.,

1994, Behrangi et al., 2009, Xu et al., 1999], nonlinear mapping functions such as Artificial

Neural Networks (ANN) have shown promising potentials in estimating rainfall intensities

from CTBT information. In this study, an effective ANN-based precipitation retrieval algo-

rithm termed as Precipitation Estimation from Remotely Sensed Information using ANNs

(PERSIANN) is used. The PERSIANN algorithm is a suitable candidate for estimating

precipitation from short-term CTBT forecast due to the capability of the model in estimat-

ing high-resolution half-hourly rainfall rate maps where other precipitation retrieval models

have coarser temporal resolution (AghaKouchak et al. [2011]; Behrangi et al. [2009]). The

PERSIANN algorithm introduced by Hsu et al. [1997] is an effective and efficient approach

in retrieving rainfall using CTBT data in quasi-global coverage (60N to 60S). For instance,

Katiraie-Boroujerdy et al. [2013] investigated the performance of CMORPH, PERSIANN,

adjusted PERSIANN, and TRMM-3B42 V6 algorithms over Iran, and their results demon-

strate that adjusted PERSIANN and TRMM-3B42 V6 are more reliable than other tested

products over their case study. AghaKouchak et al. [2011] evaluated the performance of

CMORPH, PERSIANN, TMPA-RT, and TMPA-V6 in detecting the extreme precipitation

events over the central United States. The authors compared the satellite precipitation data

sets to the Stage IV radar data set and found out that CMORPH and PERSIANN have

better Probability of Detection (POD) skills comparing to the other products; however,

their False Alarm Ratio (FAR) and intensities are higher than TMPA-RT and TMPA-V6.

Therefore, we utilized the PERSIANN algorithm to estimate precipitation from forecasted

CTBT data. Besides the methods implemented in this study, two frequently used baseline

methods termed as Persistency and Farneback optical flow methods are also implemented to
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compare the performances of extrapolation-based methods for CTBT and precipitation fore-

casts. The Persistency method takes the last observed information and assumes no changes

will happen during all the lead times [French et al., 1992, Hall et al., 1999, Zahraei et al.,

2013]. Farneback optical flow method takes last two most recent data and extracts the ad-

vection flows for each pixel using the dense optical flow technique. The method assumes

steady advection throughout the forecasts and uses the same advection to predict further in

time. In this study, first, we forecasted CTBT images using the LSTM, RNN, Persistency,

and Farneback models, and then used the PERSIANN algorithm to estimate the correspond-

ing precipitation fields. Many studies have focused on variations of precipitation types over

the United States [Fovell, 1997, Higgins et al., 1998, Wallace, 1975]. Based on the different

precipitation regimes and types, we select three case studies to evaluate the performances

of the proposed LSTM model jointly used with the PERSIANN algorithm under different

precipitation mechanisms. Based on the existing precipitation classifications, most of the

rainfall events over the states of Oklahoma and Florida are associated with convective sys-

tems. In additional, the state of Oregon is also studied to investigate the capabilities of

the proposed model under advection-dominant orographic precipitation pattern. The study

is designed into two sets of experiments. In the first set of experiment, we compare the

CTBT forecast skills of the LSTM, RNN, Persistency model, and the Farneback method

for the whole testing period. In addition, the corresponding precipitation forecasts obtained

from the combination of the models with the PERSIANN algorithm (respectively referred

to as LSTM-PER, RNN-PER, Persist-PER, and Farne-PER) alongside RAPv1.0 numeri-

cal forecasts are compared for the whole testing period. In the second set of experiments,

we investigate the visual precipitation forecasts from LSTM-PER, RNN-PER, Persist-PER,

Farne-PER, and RAPv1.0 for a single precipitation event over each case study region.
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2.2 Methodology

2.2.1 Elman-type Recurrent Neural Networks

The RNNs are capable of encoding information from past events in an internal state [Lipton

et al., 2015]. The Elman Networks or the Elman-type RNN is one of the most commonly

used RNNs [Mao et al., 2014]. The Elman-type RNN introduces a context unit in the hidden

layer, which is able to learn the time-dependent information [Elman, 1990]. In this paper,

a standard Elman-type Network (Figure 2.1) is employed. The employed RNN consists of

an input layer, which is connected to the hidden layer of the model. The hidden layer has

a one-on-one connection to the context layer, which carries the temporal information. In

other words, the context layer is another input to the model to represent the time-varying

characteristics by creating an inner loop. The hidden layer is also connected to the output

layer to forecast the next time step (Figure 2.1).

In details, a sequence of the CTBT images retrieved from the GOES satellites is first nor-

malized to a range between 0 and 1. The normalized CTBT images at each time step (e.g.,

at time t) are fed into the RNN model to forecast the next time step (e.g., time t + 1). To

further discuss the structure of the implemented RNN, let us assume x = (x1, . . . , xT ) to

represent the sequence of CTBT images from time step t = 1 to T, respectively. As shown

in 2.1, the normalized input image xt is fed into the model, and the RNN model computes

the hidden vector sequence h = (h1, . . . , hT ) by

ht = σ(Wjixt + Ujjht−1 + bj) (2.1)

σ(α) = (1 + exp(−α))−1 (2.2)

i = 1, ..., n0 n0 = number of input nodes

j = 1, ..., n1 n1 = number of hidden nodes
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Figure 2.1: . The illustration of an Elman-type Three-Layer Recurrent Neural Network:
xt, ht, ht−1, and yt represent the normalized input, hidden state, context state, and the
output forecast at time t, respectively. W, U, and V are input-hidden, context-hidden, and
hidden-output weights, respectively. CTBT = Cloud-Top Brightness Temperature.

where W is the input-hidden weight vector, U is the context unit weight vector, and b denotes

the bias vector. The calculation of outputs is shown in the following 2.3:

yt = Vkjht + bk (2.3)

where the vector y = (y1, , yT ) is the output of the model for time step t = 1, 2, , T ; and V

is the hidden-output weight vector.

The cost function is set to the mean square error (MSE) function detailed as follows:

E =

∑N
i=1(yi − oi)2

N
(2.4)

where E, oi, and N are the output layer error term, target values of ith sample, and the

total number of samples, respectively. The described RNN model is trained using the BPTT
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scheme [Rumelhart et al., 1988].

In order to use the above model for forecasting multiple time steps, an iterative forecast

scheme is used in which the model output is fed into the model as the next time step input

for desired multiple times. For instance, the first input at time t = 1 is fed into the model,

and the output is the forecasted CTBT image at t = 2. Then, the forecasted CTBT image

will be fed into the model as input and the output will forecast the CTBT image at time

t = 3, and so on.

2.2.2 Long Short-Term Memory (LSTM)

LSTM is a complex recurrent model developed by Hochreiter and Schmidhuber [1997a] to

address the deficiencies of RNNs. As mentioned in the previous section, RNN models have

simple hidden structures made of a context layer. However, LSTMs consist of one or many

memory blocks as its fundamental units, and the memory blocks contain memory cell(s) and

gates to control the information flow of the system. According to the literature, there have

been many types of LSTM developed to improve the performance of the original model,

such as LSTM with Forget gate [Gers et al., 1999], LSTM with peephole connections [Gers

and Schmidhuber, 2000], and GRU [Cho et al., 2014]. Greff et al. [2017] investigated eight

variants of LSTM on different tasks and concluded that there was no significant difference

with regard to the performance of different versions of LSTM algorithms. The employed

LSTM is from Gers et al. [1999], and a conceptual illustration of the implemented model is

shown in the following Figure 2.2.

As it is shown in Figure 2.2, a LSTM block consists of an input gate, a forget gate, a memory

cell, and an output gate. The following equations 2.5 to 2.9 represent the mathematics behind
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Figure 2.2: The conceptual illustration of employed LSTM: The xt and yt represent the
normalized input and the output forecast at time t, respectively. The V represents the
LSTM output weights. The Network, Input, Forget and Output gate and cell are the main
components of the Memory Block. The σf , σg, and σh represent the activation functions used
for different gates. Note that σg and σh both represent the tanh activation function in this
study. LSTM = Long Short-Term Memory; CTBT = Cloud-Top Brightness Temperature.

the LSTM Memory Block:

it = σ(Wxixt +Whiht−1 + bi) (2.5)

ft = σ(Wxfxt +Whfht−1 + bf ) (2.6)

ct = ft � ct−1 + it � tanh(Whcxt−1 + bc) (2.7)

ot = σ(Wxoxt +Whoxt−1 + bo) (2.8)

ht = ot � tanh(ct) (2.9)

where i, f , c, o, and h are the input gate, forget gate, cell, output gate, and the hidden output,

respectively. Wx and Wh in equations2.5-2.8 are the input and hidden weights for the gates

or cells with the corresponding subscripts, respectively. For example, Wxf is the input to
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forget gate weight matrix. The � symbol in equations 2.7 and 2.9 represents the inner

product of matrices. Note that σ and tanh in equations 2.5-2.9 represent the Sigmoidal and

Hyperbolic Tangent activation functions, respectively. The regression layer of the network is

similar to the regression layer used in the RNN model. In this study, the LSTM block is also

trained using the BPTT method, and the cost function is identical to that used in the RNN

model. A detailed summary of the LSTM training, validation, applications, and additional

information is available at Gers et al. [1999] for interested readers.

The implemented LSTM uses a similar autoregressive scheme as in the RNN to forecast up

to several time steps in lead time.

2.2.3 Precipitation Estimation from Remotely Sensed Informa-

tion using Artificial Neural Networks (PERSIANN)

The PERSIANN is an efficient and effective precipitation estimation algorithm, which was

originally developed by [Hsu et al., 1997]. The heart of PERSIANN consists of a three-layer

FFNN with a Self-Organizing Feature Map [Kohonen, 1982] and a regression layer (Figure

2.3). The PERSIANN algorithm takes the CTBT images along with the 3 × 3 and 5 × 5

spatial mean and standard deviation of the CTBT image, and the location index of each

pixel whether if it is land, coast, or ocean as inputs, and provides precipitation information.

The Self-Organizing Feature Map layer uses an unsupervised technique to classify different

patterns of input data. Then, a linear regression will estimate precipitation based on the

most relevant feature of the hidden layer and its neighborhood.

The PERSIANN has been validated over different regions worldwide, and the reported results

indicate promising performances of accurate precipitation estimations [AghaKouchak et al.,

2011, Hsu et al., 1997, Katiraie-Boroujerdy et al., 2013, Moazami et al., 2013, Romilly and

Gebremichael, 2011].
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Figure 2.3: The simple structure of Precipitation Estimation from Remotely Sensed In-
formation using Artificial Neural Network algorithm (Hsu et al. [1997]). The bottom layer is
the Self-Organizing Map, and the upper layer is the regression layer. The 15 15 is the size
of hidden layer, and the neighborhood of 33 is used. The inputs T 1

b ; T 3
b ; SDT 3

b ; T 5
b ; SDT 5

b ;
and SURF are relatively the Cloud-Top Brightness Temperature (CTBT) of the pixel, mean
of 33 CTBT pixel window, standard deviation of CTBT in 3x3 pixel window, mean of 55
CTBT pixel window, standard deviation of CTBT in 55 pixel window, and the index of land,
coast, or ocean of the pixel.

2.2.4 Baseline Models

Farneback Dense Optical Flow

The Farneback dense optical flow method is used in this chapter to investigate the perfor-

mance of optical flow methods, and from now on will be called Farneback method. The

Farneback method is a robust algorithm, which takes two sequences of images to estimate

the displacement of each pixel. The Farneback method, first, approximates the neighborhood
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of each pixel using a quadratic polynomial equation:

f1(x) = xTA1x+ bT1 x+ c1 (2.10)

where A1, b1, and c1 are a symmetric matrix, a vector, and a scalar coefficient, respectively.

The weights for above equation are estimated using a weighted least squares fit. By creating a

new signal f2 with a global displacement of d, the following equations can be obtained:

f2(x) = f1(x− d) (2.11)

f2(x) = (x− d)TA1(x− d) + bT1 (x− d) + c1 (2.12)

f2(x) = xTA1x+ (b1 − 2Aad)Tx+ dTA1d− bT1 d+ c1 (2.13)

f2(x) = xTA2x+ bT2 x+ c2 (2.14)

The key outcome of the above equilibrium is

b2 = b1 − 2A1d (2.15)

from which the translation d can be solved if A1 is non-singular

d = −(b2 − b1)

2A1

(2.16)

RAP NWP model

The RAP models are one of the operational assimilation and forecasting models developed

by NOAA in response to the need for an accurate short-range NWP model. The first

generation of RAP models (RAPv1.0) was developed to increase the short-range forecasting

accuracy and replaced the Rapid Update Cycle (RUC) models, which were serving as a

preparedness model over the United States and some portions of Canada and Mexico. In May
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2012, the previous RUC model was replaced by RAPv1.0, which consisted of more advanced

data assimilation techniques and covered larger portion over North America. The RAPv1.0

uses more advanced model components, assimilation components, and horizontal domain in

comparison with RUC model. The RAPv1.0 model benefits from the modified GSI, which

assimilates radar reflectivity and boundary layer-related observations in hourly resolution.

In addition to GSI, the community-based regional Weather Research and Forecasting model

is used in RAPv1.0 to include additional precipitation type information. Using the above-

mentioned advanced structure, the RAPv1.0 model provides hourly updated forecasts up to

18 hr ahead.

2.2.5 Proposed Short-Term Precipitation Forecasting System

2.2.6 Statistical Metrics

In order to quantify the capabilities of the presented extrapolation-based models in this

study (i.e., Persistency, Farneback, RNN, and LSTM) in forecasting CTBT images, we

used correlation coefficient (CC) and root-mean-square error (RMSE) indices for CTBT

comparison. The equations used for the comparison indices are

RMSE =

√∑N
i=1(ŷi − yi)2

N
, i = 1, · · · , N (2.17)

CC =

∑N
i=1((ŷi − µ̂)(yi − µ))√

(
∑N

i=1(ŷi − µ̂)2)(
∑N

i=1(yi − µ)2)
(2.18)

where ŷ; y; µ̂; and µ are the forecast, observation, mean of the forecast, and the mean of

observation, respectively. N is the number of pixels in the study area. For the precipitation

result comparison, we chose POD, FAR, and Critical Success Index (CSI) indices on top of
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the RMSE and CC. The following equations 2.192.21 describe the indices, respectively.

POD =
TP

TP +MS
(2.19)

FAR =
FP

TP + FP
(2.20)

CSI =
TP

TP + FP +MS
(2.21)

where TP , MS, and FP are the number of True Positive, the number of Missed, and the

number of False Positive pixels in an event, respectively.

2.3 Study Regions, Data, and Model Settings

In this paper, we investigated the performances of the proposed model along with baseline

models over three case study regions with different precipitation regimes. The case study

areas are selected as rectangular regions, which include states of Oregon, Oklahoma, and

Florida. The corresponding coordinates of the rectangular regions over state of Oregon,

Oklahoma, and Florida are 126◦W to 115◦W and 40◦N to 48◦N , 103◦W to 92◦W and 31◦N

to 39◦N , and 88◦W to 77◦W and 24◦N to 32◦N , respectively (Figure 2.4).

The input data used in the LSTM, RNN, Farneback, and Persistency models is the longwave

IR channel of GOES provided by Climatic Prediction Center (http://www.cpc.ncep.noaa.

gov/products/global_precip/html/wpage.merged_IR.html). The data provides contin-

uous quasi-global CTBT images with spatial resolution of 0.04◦ × 0.04◦, every 30 min. The

combination of GOES East and GOES West produces the CTBT data for the CONUS and

adjacent oceans. For the purpose of this study, the CTBT data were regridded using bilinear

interpolations to match the resolution of the PERSIANN algorithm, which is 0.25◦ × 0.25◦.

For the ground truth reference, we use the National Mosaic and multisensory Quantitative

Precipitation Estimation system (Q2; http://nmq.ou.edu; [Zhang et al., 2011]). Note that
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Figure 2.4: Contiguous United States map (a) and the selected study areas of the states
of (b) Oregon, (c) Oklahoma, and (d) Florida.

the Q2 radar precipitation estimation is bias corrected using different in-situ observations

and quality control algorithms [Lakshmanan et al., 2007, Zhang et al., 2011]. The temporal

and spatial resolutions for the Q2 data set are 5 min and 0.01◦ × 0.01◦, respectively. In this

study, the Q2 data were regridded to 0.25◦× 0.25◦ resolution using bilinear interpolations in

order to match the resolution of PERSIANN algorithm.

For comparison purposes, the first version of RAPv1.0 model (https://rapidrefresh.

noaa.gov/) is retrieved to be compared with the precipitation forecast produced by the

Persist-PER, Farne-PER, and RNN-PER models and the proposed LSTM-PER model. The

RAPv1.0 model, with an hourly updating mechanism, is one of the most frequently updated

models over North America. The model provides 13×13 km, and 51 vertical levels since May

of 2012 by NOAA/National Centers for Environmental Prediction [Benjamin et al., 2016].

The RAPv1.0 model provides various variables consisting of Atmospheric and Land surface
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variables. We used the Precipitation rate surface variable, which provides the hourly rainfall

rate. We regridded the obtained RAPv1.0 data, using bilinear interpolation, to 25× 25 km

to match the PERSIANN results.

To train the RNN model for each case study region, we implemented a three-layer neural

network consisting of an Elman-type RNN layer and a fully connected layer as described

in beginning of this section (section 2.2.1). An exhaustive trial-and-error process was con-

ducted to find the optimal hyper-parameters for the model, and the resulted optimal hyper-

parameters are 2,000 nodes for the size of the hidden layer, and the RMSProp [Tieleman and

Hinton, 2012] optimizer with a learning rate of 0.002 and momentum of 0.9. Moreover, a 25

percents dropout in the forward. layer and recurrent layer of the RNN, and early-stopping

scheme were implemented to prevent the model from overfitting and simply copy the input

problem.

A similar architecture to the RNN was imposed for the LSTM model with three layers con-

sisting of an LSTM layer and a fully connected layer (described in section 2.2.2). Based on

the outcomes of trial-and-error hyper-parameter search, a same number of nodes and opti-

mizer used in the RNN model was selected for the LSTM network. The RMSProp optimizer

was performing the best when the learning rate was set to 0.001 with the momentum of

0.9. Similar to the RNN model, the 25 percents dropout in the forward layer and recurrent

layer of the LSTM was implemented, and the early-stopping scheme was used to prevent the

model from overfitting.

The Farneback model was implemented using the last two CTBT observations to estimate

the advection, and from there, the same advection field was applied to the last output of

the Farneback model to forecast the next time steps. We used a 5× 5 neighborhood for the

polynomial expansion function, and the model was fine-tuned using 10 iterations.

Due to the stochasticity of Neural Networks including LSTMs and RNNs, the LSTM and
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RNN models implemented in this study were trained separately over each case study regions

for 30 independent runs. For all the study regions, the CTBT data from 1 May 2011 to 1

May 2012 and from 1 May 2012 to 1 May 2013 are used as training and testing data sets,

respectively. The Persistency and Farneback models are assumed deterministic, which yield

in unique forecasts.

The PERSIANN algorithm was separately trained over each case study region using the

same period of training and testing data as used in the LSTM and RNN models. All the

hyper-parameters of the PERSIANN algorithm used in this study are identical to those used

by [Hsu et al., 1997, 2002].

2.4 Results

In this section, the results will be presented in two parts: (1) General performances of the

CTBT forecast models along with their corresponding precipitation forecasts obtained from

jointly use of the models with the PERSIANN algorithm and RAPv1.0 (Figures 57) and (2)

event-based visual comparison of precipitation forecasts over the case study regions (Figures

810).

2.4.1 General Forecasting Skills

The performance averages of each model forecast in each lead time are calculated for 12

time steps (6 hr) ahead, and the results are presented in Figures 2.52.7 for the states of

Oregon, Oklahoma, and Florida, respectively. Figures 2.5a and 2.5b present the average

performances of the LSTM, RNN, Farneback, and Persistency methods over the state of

Oregon for 12 CTBT prediction time steps in terms of RMSE and CC, respectively. The

results show lower RMSE and higher CC for the LSTM forecasts (red line) comparing to
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the other models. The Farneback model (green line) has the second lowest RMSE values in

all the lead time. In Figure 2.5b, the Farneback method shows higher CC comparing to the

LSTM model for the first hour of the forecast; however, the LSTM model deteriorates slower

than Farneback model for the remainder of the forecast lead time. The RNN (blue line)

shows better performances compared to Persistency method (black line) but has the highest

RMSE and the least CC comparing to the LSTM and Farneback method. It is noteworthy

that the LSTM model yields more certain results from the 30 independent runs compared

to the RNN model.

In Figures 2.5c-2.5g, the performances of the corresponding precipitation from the LSTM-

PER, RNN-PER, Farne-PER, and Persist-PER along with RAPv1.0 forecasts are compared.

It is noteworthy that the presented metrics in Figures 57, subplots cg, are calculated in 30-

min intervals for LSTM-PER, RNN-PER, Farne-PER, and Persist-PER. The performance

metrics for RAPv1.0 hourly forecasts are also calculated in 30-min intervals by comparing

each hourly forecasts from RAPv1.0 to the immediate previous and the same 30-min obser-

vation data from Q2 radar data. The corresponding precipitation data were first processed

to remove all the no rain events, and then the results with rainy events were compared in

terms of RMSE, CC, POD, FAR, and CSI. In order to remove the no rain events, we re-

moved the events where the maximum rain rate of the event was lower than 10 percents

of the maximum rain rate value of that month, and the number of the rainy pixels in each

event was less than 10 (i.e., the area of precipitation over each case study was less than 6,250

km2). Figure 2.5c shows superior performance of the LSTM-PER model in terms of RMSE

except for the first time step.
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Figure 2.5: The average of (a) root-mean-square error (RMSE) and (b) correlation co-
efficient (CC) between the observation and forecasted Cloud-Top Brightness Temperature
(CTBT) from the Persistency, Farneback, Long Short-Term Memory (LSTM), and Recur-
rent Neural Network (RNN) over lead times from 30 to 360 min for whole testing period.
(cg) The average of RMSE, CC, Probability of Detection (POD), False Alarm Ratio (FAR),
and Critical Success Index (CSI) indices for the precipitation forecasts from ersist-PER,
Farne-PER, LSTM-PER, RNN-PER, and RAPv1.0 models over the state of Oregon.
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The Farne-PER model show the second lowest RMSE for the first 4 hr of forecasts and from

there the RAPv1.0 (magenta line) becomes the second lowest RMSE. The RNN-PER and

Persist-PER are the second and first worst models in terms of RMSE, respectively. In Figure

2.5d, the LSTM-PER has slightly higher CC comparing to the Farne-PER and RNN-PER

models. In Figure 2.5e, the RNN-PER model has the highest POD values with

Figure 2.6: The average of (a) root-mean-square error (RMSE) and (b) correlation co-
efficient (CC) between the observation and forecasted Cloud-Top Brightness Temperature
(CTBT) from the Persistency, Farneback, Long Short-Term Memory (LSTM), and Recur-
rent Neural Network (RNN) over lead times from 30 to 360 min for whole testing period.
(cg) The average of RMSE, CC, Probability of Detection (POD), False Alarm Ratio (FAR),
and Critical Success Index (CSI) indices for the precipitation forecasts from Persist-PER,
Farne-PER, LSTM-PER, RNN-PER, and RAPv1.0 models over the state of Oklahoma.

increase of lead time where the LSTM-PER model has the second highest POD values in
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most lead times. The Farne-PER has higher POD values than Persist-PER and RAPv1.0

up to 4 hr of lead time, and from fourth to sixth hour of forecast, the Farne-PER has the

lowest POD values comparing to all baselines. The RAPv1.0 forecasts yield to a steady POD

value of 40 percents throughout the forecast time. In Figure 2.5f, the LSTM-PER model

has the lowest FAR values up to fourth hour of forecast and from there the RAPv1.0 model

provides the lowest FAR values. The Farne-PER, RNN-PER, and Persist-PER models have

the third, second, and first highest FAR values, respectively. Figure 2.5g demonstrates the

superiority of the LSTM-PER model comparing to the other models with the increase in

lead time. The RNN-PER and Farne-PER methods have the second and third highest CSI

values up to the last hour of forecast. The RAPv1.0 model has a steady CSI value of 30

percents with the increase in lead time.
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Figure 2.7: . The average of (a) root-mean-square error (RMSE) and (b) correlation
coefficient (CC) between the observation and forecasted Cloud-Top Brightness Temperature
(CTBT) from the Persistency, Farneback, Long Short-Term Memory (LSTM), and Recurrent
Neural Network (RNN) over lead times from 30 to 360 min for whole testing period. (cg)
The average of RMSE, CC, Probability of Detection (POD), False Alarm Ratio (FAR),
and Critical Success Index (CSI) indices for the precipitation forecasts from Persist-PER,
Farne-PER, LSTM-PER, RNN-PER, and RAPv1.0 models over the state of Florida.
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Comparing the 30 independent runs for the RNN-PER and LSTM-PER, the forecasts become

more uncertain with the increase in lead time. However, the certainty of the RNN-PER model

deteriorates faster than the LSTM-PER model in all comparison metrics (Figures 2.5c2.5g).

Figures 2.6a and 2.6b presents the average CTBT performances in terms RMSE and CC

over the state of Oklahoma. The LSTM model provides forecasts with lowest RMSE and

highest CC in all lead times. The RNN model has slightly higher RMSE values comparing to

Farneback forecasts; however, the RNN yields higher CC values comparing to the Farneback

model. The Persistency provides the highest RMSE and lowest CC values in comparison

to other models. The 30 independent runs for the RNN model shows higher uncertainty

compared to the 30 independent runs for the LSTM model.

Similar to Figures 2.5c-2.5g, Figures 2.6c-2.6g show the precipitation forecasting skills over

the state of Oklahoma. Figures 2.6c and 6d show lower RMSE and higher CC for the

LSTM-PER model comparing to the other models. The performances of the RNN-PER

and Farne-PER models are similar, but the Farne-PER model has slightly lower RMSE and

higher CC compared to the RNN-PER results. The RAPv1.0 has higher RMSE and lower

CC than the other models except for the Persist-PER results up to 3 hr of the forecast, and

after that, the RAPv1.0 model yields similar RMSE and CC compared to the RNN-PER

and Farne-PER (Figures 2.6c and 2.6d). In Figures 2.6e, the LSTM-PER, RNN-PER, and

Farne-PER models have similar POD values for the first 4 hr of the forecast, and for the

rest of lead time, the RNN-PER, Farne-PER, and LSTM-PER have higher POD values,

respectively. The RAPv1.0 performs similarly with the increase in lead time in terms of

the POD (Figure 2.6e). In Figure 2.6f, the LSTM-PER shows lowest FAR up to 4 hr of

the forecast, and from fourth to sixth hour of forecast the RAPv1.0 model yields the least

FAR values and the LSTM-PER has the second lowest FAR. The RNN-PER and Farne-PER

have similar FAR values with increase in lead time, and Persist-PER has the highest FAR

(Figure 2.6e). Figure 2.6g shows similar performances of the LSTM-PER, RNN-PER, and

Farne-PER in terms of CSI with slightly higher skills for the LSTM-PER. In comparison to
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the other models, except Persist-PER, the RAPv1.0 model has lower CSI values in the first 4

hr of forecast and has similar performance to for the rest of forecast lead time (Figure 2.6g).

Comparing the error bars of the LSTM-PER and RNN-PER, the LSTM-PER tends to have

smaller error bounds in all of the comparison metrics presented in Figures 2.6c-2.6g.

The statistics for the state of Florida is presented in Figure 2.7. Based on Figures 2.7a and

2.7b, the LSTM model demonstrates superior performances in terms of RMSE and CC for

all lead times. The Farneback, RNN, and Persistency models have the second, third, and

fourth lowest RMSE, respectively (Figure 2.7a). The second, third, and fourth highest CC

also belong to the Farneback, RNN, and Persistency methods, respectively (Figure 2.7b).

In Figure 2.7c, the LSTM-PER model yields lower RMSE values, where the RNN-PER

and Farne-PER have similar RMSE. The RAPv1.0 model performs consistently close to 2.5

mm/hr with the increase in lead-time (Figure 2.7c). Figure 2.7d demonstrates highest CC

for the LSTM-PER for all of the lead times. The Farne-PER model shows second highest

CC up to seventh time step, and after that, RAPv1.0 provides the second highest CC. The

RNN-PER model shows lower CC in all lead times comparing to the Farne-PER model, and

Persist-PER model performs the worst between all the investigated models in terms of CC

(Figure 2.7d). In Figures 2.7e and 2.7f, the RNN-PER model has the highest POD and FAR

values almost in all lead times. The LSTM-PER has the second highest POD values in all

lead times (Figure 7e). The performances of LSTM-PER in terms of FAR show the second

lowest FAR values up to 1 hr of lead time, and third lowest FAR from first- to sixth-forecast

hours (Figure 2.7f). In comparison with the LSTM-PER, the Farne-PER shows lower POD

values in Figure 2.7e, and lower FAR values in Figure 2.7f in all lead times. The Persist-PER

has the lowest POD values in comparison with the RNN-PER, LSTM-PER, and Farne-PER

in all lead times (Figure 2.7e). In Figure 2.7f, the Persist-PER has higher FAR values than

LSTM-PER and Farne-PER in all lead times. In terms of CSI metric, the performances

of the Farne-PER and LSTM-PER are similar up to 2 hr of lead time, and after that, the

Farne-PER model deteriorate faster than the LSTM-PER (Figure 2.7g). Respectively, the
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Persist-PER and RNN-PER have the least and second least CSI values after second hour of

lead time, and the RAPv1.0 model provides consistent CSI of 30 percents for all the lead

times (Figure 2.7g). In the case study of Florida, the LSTM-PER error ranges indicate

higher certainty of LSTM-PER model comparing to the error ranges of RNN-PER.

Table 1 summarizes the performances of the investigated models by averaging the statistics

of 12 forecast frames (6 hr) presented in Figures 2.5-2.7 for the states of Oregon, Oklahoma,

and Florida, respectively. The values in bold in Table 1 present the best statistics for each

metric among the investigated models. In general, Table 1 shows better statistics for the

LSTM/LSTM-PER in terms of CTBT RMSE, CTBT CC, rainfall RMSE, rainfall CC, FAR,

and CSI compared to other models for the states of Oregon, Oklahoma, and Florida. The

POD values in all the three case studies show higher values of the RNN-PER model. The

LSTM/LSTM-PER model shows lower uncertainties comparing to RNN/RNN-PER in most

metrics for all the case study regions.

Table 2.1: Average Statistical Performances of RAPv1.0, RNN/RNN-PER, LSTM/LSTM-
PER, Persistency/Persist-PER, and Farneback/Farne-PER on Testing Data Set.
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2.4.2 Event-Based Visual Performances

To further investigate the forecasting capabilities of the models, an event-based visual com-

parison of the model forecasts over the state of Oregon, Oklahoma, and Florida is conducted

and presented in Figures 2.82.10, respectively. It is worth mentioning that all the presented

cases over the states of Oregon, Oklahoma, and Florida are selected based on the rainfall

events larger than 6,250-km2 area (Figures 2.8-2.10).

Figure 2.8 shows the visual comparison of the predicted precipitation for the Persist-PER,

Farne-PER, RAPv1.0, RNN-PER, LSTM-PER, and observation, which is the Q2 radar data,

from top to bottom. From left to right, each column of Figure 2.8 represents hourly incre-

menting lead times (from 1 to 6 hr) starting from 17 July 2012 09:00 UTC time. Based on

the results from Figure 2.8, the Persist-PER model has weak visual consistency compared

to the observation, and Farne-PER model tends to shift the northwest precipitation patch

(marked with red circle) toward the east and keep the northeast rainy patch (marked with

green) still. The forecasts from RAPv1.0 model show movement of the northwest rainy patch

(red circle) toward the east (Figure 2.8). The RAPv1.0 forecasts predict a strengthening of

the northeast patch (green circle) for the first 2 hr and then the area of rainy patch shrinks.

RNN-PER model shows low similarities of shape and intensities for the northwest patch;

however, the northeast patch moves toward the west with the increase of lead time. The

LSTM-PER forecasts show the most similarities in terms of location, shape, and intensity

values of rainfall as compared to Persist-PER, Farne-PER, RAPv1.0, and RNN-PER fore-

casts. The evolution of the northwest rainy patch is well captured by LSTM-PER, and the

northeast rainy patch dissipates similar to the observation (Figure 2.8).
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Figure 2.8: Hourly forecast of precipitation from the Persist-PER, Farne-PER, RAPv1.0,
RNN-PER, and LSTM-PER models with lead times of 1, 2, 3, 4, 5, and 6 hr, and the observed
precipitation on the corresponding time steps. The presented precipitation results are over
the state of Oregon made on 17 July 2012 09:00. LSTM = Long Short-Term Memory; RNN
= Recurrent Neural Network.

Figure 2.9 demonstrates the precipitation forecasts on 26 May 2012 22:00 UTC time over

the state of Oklahoma. The results from Persist-PER indicate poor performances in terms

of the location, shape, and intensity of the rainy patches. The Farne-PER forecasts show

small movements of three rainy patches toward the center of the Oklahoma state (Figure 2.9)

but fail to foresee the growth of the northwest and southern rainy patches. The RAPv1.0

model does not capture the high-intensity rainfall in the state of Oklahoma; however, small-

intensity rainfall is forecasted. The locations of rainfall forecasted by RAPv1.0 model is close

to the center of intensity of the observed precipitation (Figure 2.9). RNN-PER model shifts
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the three patches of rainfall toward midstate area up to the fourth hour of the forecast, and

from there the precipitation patches dissipates. In Figure 2.9, LSTM-PER shows similar

dynamics in terms of location of rainfall with an increase of lead time. The intensity of the

LSTM-PER forecasts tends to underestimate especially in third and fourth hours of lead

time. The shapes of rainy patches are similar to the observations; however, the LSTM-PER

forecasts produce rainfall over a larger area compared to the observation (Figure 2.9).

Figure 2.9: Hourly forecast of precipitation from the Persist-PER, Farne-PER, RAPv1.0,
RNN-PER, and LSTM-PER models with lead times of 1, 2, 3, 4, 5, and 6 hr, and the
observed precipitation on the corresponding time steps. The presented precipitation results
are over the state of Oklahoma made on 29 May 2012 22:00. LSTM = Long Short-Term
Memory; RNN = Recurrent Neural Network.

Figure 2.10 presents the visual forecasts from the investigated models on 8 June 2012 16:00

UTC time over the state of Florida. Persist-PER model provides the last observed precipi-
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tation pattern, which has poor forecasting skills in terms of shape, location, and intensity of

the rainy patches. The Farne-PER has insignificant changes with the increase in lead time;

however, the small rainy patches tend to get closer and unite in the last hours of the fore-

cast (Figure 10). The RAPv1.0 forecasts show a complex rainfall mass moving toward the

southeast. The RAPv1.0 forecasts are in acceptable agreement with observations in terms

of the evolving direction of the rainy patch; however, the shape and intensities of the rainy

patches are not similar to the observations (Figure 2.10). The forecasts from RNN-PER

demonstrate high similarities with observations up to 3 hr of lead time, and from third to

sixth hour the rainy patch moves east toward the inland Florida state. The direction of

rainy patch forecasted between third and sixth lead time hours does match the direction in

the corresponding observations (Figure 2.10). The rainfall intensities are underestimated by

RNN-PER model, especially in the fifth and sixth hours of the forecast. Based on the fore-

casts in Figure 2.10, LSTM-PER has good agreements with the observations in terms of the

shape and the center of intensity. However, the LSTM-PER model slightly underestimates

the rainfall intensities in all the lead times.
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Figure 2.10: Hourly forecast of precipitation from the Persist-PER, Farne-PER, RAPv1.0,
RNN-PER, and LSTM-PER models with lead times of 1, 2, 3, 4, 5, and 6 hr, and the observed
precipitation on the corresponding time steps. The presented precipitation results are over
the state of Florida made on 8 June 2012 16:00. LSTM = Long Short-Term Memory; RNN
= Recurrent Neural Network.

2.5 Discussion

2.5.1 Forecasting Performances

According to Figures 2.5-2.7, the statistical metrics for testing period show more accurate

forecasting results from the LSTM/LSTM-PER model compared to the Persistency/Persist-

PER, Farneback/Farne-PER, RNN/RNN-PER, and RAPv1.0. In general, the LSTM/LSTM-

PER shows slower deterioration of performances compared to the other investigated meth-
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ods (Figures 2.5-2.7). The LSTM/LSTM-PER method has better forecasting skills than the

Farneback/Farne-PER model due to its capabilities in detecting the dynamics of the clouds

by using a sophisticated spatiotemporal function. On the contrary, the Farneback/Farne-

PER only uses a fine-tuned quadratic polynomial function to approximate the cloud move-

ment of last two observations. The Farneback/Farne-PER model shows closer performances

to the LSTM/LSTM-PER over the state of Oregon compared to the results from the other

two states, due to advection-dominant precipitation occurring over the state of Oregon. The

Farneback/Farne-PER forecasts have less similar performances compared to the LSTM/LSTM-

PER due to complex evolving nature of the precipitation clouds over the states of Oklahoma

and Florida, which cannot be captured properly by Optical flow techniques. Based on the

statistics from Figures 2.5-2.7, the LSTM/LSTM-PER method is more robust and powerful

than the RNN/RNN-PER model because of two primary reasons. First, the LSTM has a

specific designed structure to fully utilize the training information within the data set. The

gates in the LSTM memory block allow the model to learn and update the memory in an

efficient way [Wu et al., 2015]. It is noteworthy that the efficient structure of the LSTM

enabled the model to learn complex dynamics of the convective-type precipitation over the

states of Oklahoma and Florida. Second advantage of LSTMs over RNNs is the fact that the

LSTM model has a higher capability of dealing with time-dependent data and maintaining

the forecast skill of predictions for a longer lead time as compared to the baseline RNN

model. Similar argument was also made by Hochreiter [1998] that RNNs cannot benefit

from the further past information to increase the model performance due to the gradient

vanishing/exploding. Gers et al. [1999] also concluded that the LSTM model has a charac-

teristic of Constant Error Carousel, which is able to prevent the gradient vanishing problem

by keeping the local error backflow constant in the absence of new input or error signal. In

Figures 2.5-2.7, the RNN-PER model tends to predict significant false rainy pixels, which

results in having higher POD values and higher FAR values at the same time. However, the

performances of the RNN-PER in terms of CSI is low due to high false positive and missed
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values.

2.5.2 Forecasting Uncertainties

The uncertainty of precipitation forecasts from the presented experiments comes from two

sources: (1) Errors from the forecast algorithms in predicting the CTBT images for future

time-steps and (2) errors introduced by the PERSIANN algorithm when estimating rainfall

intensity using the predicted CTBT images. The uncertainties in forecasting the CTBT data

grow by the increase in lead time, due to aggregation of errors from previous forecasts (which

is the input to predict the next time-step CTBT). The error aggregation is valid for all the

investigated extrapolation-based models (Persistency, Farneback, RNN, and LSTM). How-

ever, due to stochasticity of Neural Networks, including the RNN and LSTM models, another

source of error is the performances of models with the parameter sets obtained from stochas-

tic optimization. The error bars in Figures 2.5-2.7 addresses the uncertainties associated

with training of the RNN/RNN-PER and LSTM/LSTM-PER. The LSTM/LSTM-PER, in

general, shows smaller ranges of error in almost all the case studies, which indicates easier

convergence of the LSTM/LSTM-PER compared to the RNN/RNN-PER model because of

easier training scheme. In addition, the RNN/RNN-PER errors grow exponentially with

the increase in lead time; however, the LSTM/LSTM-PER model seems to aggregate errors

slowly (Figures 2.5-2.7). The differences in error growth rate of LSTM/LSTM-PER and

RNN/RNN-PER models indicate the higher capabilities of the LSTM model in its learning

and recalling useful information.

The second source of uncertainties comes from the accuracy of rainfall estimations by the

PERSIANN algorithm. The performance of PERSIANN algorithm lies in (1) the capabilities

of the model in translating CTBT information into rainfall intensities and (2) the amount

of useful information that the CTBT images provide for estimating the rainfall. The perfor-

mances of the PERSIANN model with respect to the statistical metrics of precipitation is
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presented on the lead time of zero in Figures 2.5-2.7, panels c-g.

2.6 Summary and Conclusion

In this study, I proposed a framework to forecast precipitation in a short term (06 hr). The

proposed framework consists of an advanced deep learning model (termed LSTM) to forecast

continuous CTBT images, and a precipitation estimation algorithm (termed as PERSIANN

algorithm) to obtain the forecasted rain rates. Three case studies are investigated over the

CONUS, including the states of Florida, Oregon, and Oklahoma. In the first part of the

evaluation of forecasting skills, the results from our proposed model (LSTM/LSTM-PER)

were compared with a number of baseline models, including the Persistency/Persist-PER,

Farneback/Farne-PER, RNN/RNN-PER, and RAPv1.0. Better statistics (CTBT RMSE,

CTBT CC, rainfall RMSE, rainfall CC, POD, FAR, and CSI) are observed with the results

from LSTM/LSTM-PER as comparing other extrapolation-based and numerical methods. In

the second phase of evaluation, the visual comparison of event-based precipitation forecasts

from Persist-PER, Farne-PER, RAPv1.0, RNN-PER, and LSTM-PER were demonstrated.

The visual comparisons of LSTM-PER model showed higher similarities compared to the

other investigated models. Specific conclusions are listed below:

• According to our experiments, we found the proposed LSTM combined with the PER-

SIANN system is able to generate accurate initial forecasts for severe and even low-rate

precipitation events in up to 6 hr.

• ANNs, in specific advanced RNNs, are useful tools in support of forecasting complex

precipitation in short range (06 hr), particularly for capturing the patterns of convec-

tive precipitation systems. In details, the proposed framework (i.e., the combination

uses of LSTM method with PERSIANN algorithm) demonstrated higher forecasting

capabilities comparing to some commonly used storm tracking and prediction methods,
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such as the RNN, and the advection flow method in our employed case studies.

• The advantages of our proposed forecasting model (i.e., LSTM) relies on the recurrent

layer, which can learn the patterns of precipitation events better than the traditionally

used RNN, the Farneback advection flow model, and Persistency method. And the

prediction accuracy of LSTM algorithm is higher any of those in general based on the

case studies in this work.

• As one type of tools to predict precipitation, extrapolation-based methods, in general,

will give high prediction accuracy in short lead time, and the forecast skills will drop

quickly as the lead time increases. Differs from the extrapolation-based methods, NWP

models, which rely on the physical process of rainfall formation, tend to have lower

prediction skills with a short prediction lead time. However, the forecast skills will

remain consistent and stable comparing to extrapolation-based methods employed in

this study.

• The uncertainties of our proposed framework come from either the forecast modeling

itself as the LSTM is not end-to-end in this study or the process of estimate rain rates

from CTBT images (the uncertainties associated with the PERSIANN system).

• Last, the proposed deep learning framework (i.e., the LSTM models), while acting

alone, has some levels of redundancies to learn the spatiotemporal variabilities of an

event. Future investigation is suggested to jointly use a spatial classification technique

and the LSTM layers for data with high spatiotemporal variabilities. This combination

can be developed by using autoencoders with LSTM layer at its most encoded layer as

suggested in some other studies from the literature.
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Chapter 3

Applications of Conditional Generative

Adversarial Networks (CGANs) in

Monitoring and Forecasting Complex Earth

System Components

3.1 Introduction

Machine learning algorithms can be generally classified into two groups: (1) Discriminative

and (2) generative. Discriminative models attempt to link a complex and high-dimensional

input to a low-dimensional target (Goodfellow et al. [2014]) On the contrary, generative

models map low-dimensional inputs to high-dimensional rich content targets. Recently, gen-

erative models have been the main focus of many researchers due to their vital applications.

However, generative models were barely investigated due to the hardship of estimating max-

imum likelihood and related approaches.
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3.2 Insufficiency of Maximum Likelihood Loss Func-

tions Such As Mean Square Error and Kullback-

Leibler Divergence

Conventionally, many developed generative models utilize traditional loss function such as

Mean Square Error (MSE) and Kullback-Leibler divergence (KL divergence), to optimize

the model parameters. Such conventional loss functions, mainly benefiting from maximum

likelihood, have proven to be effective, especially in discriminative approaches. However,

due to the nature of problem in generative approaches, maximizing likelihood become less

satisfactory due to its disagreement with human perception (Theis et al. [2015]).

Due to this artifact, generative models can be classified into two categories: (1) Explicit and

(2) Implicit models. Explicit models follow the traditional way of parameter optimization

by maximizing the likelihood, and assume a well-defined likelihood function exists (Kingma

and Welling [2013]). On the contrary, implicit models relax the assumption of having a

well-defined likelihood function and is capable of generating a likelihood function based on

matching probability distributions (Goodfellow et al. [2014]).

Explicit models suffer from the difficulty of optimizing model parameters based on maximiz-

ing the well-defined likelihood function. This is due to the assumptions made by selecting a

certain loss function, e.g. MSE and KL divergence. Specifically, looking into the maximizing

the likelihood function as

θ̂ = argmax
θ⊂Θ

Ex∈p [f(x|θ)] (3.1)

θ̂ = argmax
θ⊂Θ

Ex∈p [log f(x|θ)] (3.2)
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In equation 3.1, the θ̂ and θ are the model parameters and true states of probability distri-

bution which is a subset of Θ. f(·) denotes the density function of the data given the true

state variables. The x is the data sample obtained from true distribution p. Equation 3.2

is the maximum logarithmic likelihood and is the most trivial form of likelihood estimation

representation due to its easier solution.

In complex distributions, such as the temporal and spatial distribution of natural observa-

tions, learning the density functions can be quite tedious from the model perspective. For

instance, if a sample from true distribution (p(x)) is associated with low probability in the

model distribution, then the model is punished by have the log f(x|θ) converging to nega-

tive infinity (log f(x|θ) → −∞). Other way around, if a sample data is drawn from model

distribution f(x|θ) with high probability in model distribution (f(x|θ)) and low probability

in the true distribution (p(x)), the maximum log likelihood penalty for this sample is not

significant. Having the two above-mentioned cases allows model to spread out its distribu-

tion as much as possible to cover the entire true distribution. This behaviour of maximum

likelihood function results in allocating a portion of probability density to the area of sample

space where the true probability is zero. In other terms, the the model now expand to the

sample space area that its drawn results is not acceptable in practice.

Recently, GAN models introduced a flexible scheme compared to maximum likelihood func-

tions in which it is capable of learning a divergence as the objective function. Due to GANs’

flexible evaluation metric, the generative model can be trained to minimize the Jenson-

Shannon entropy which is symmetric divergence function and does not follow the flaws of

KL divergence [Nowozin et al., 2016]. In other words, GANs are capable of expanding the

probability mass as much as possible but in the same time, the model penalize the unrealistic

samples, thus leading the model to learn the best distribution possible to describe the true

distribution.
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3.3 Generative Adversarial Networks

Generative Adversarial Networks (GANs), introduced by Goodfellow et al. [2014], is a new

branch of generative models consisting from two adversary networks: (1) generator and (2)

discriminator. The GAN architecture is an adaptation of minimax problem in game theory

in which two players (i.e. minimizer and maximizer) compete. Maximizer attempts to win

by maximizing the game score, and the minimizer tries to minimize the score by countering

the move of maximizer. Minimax is a well-defined problem in game theory which has been

proven to converge to a saddle point in which both players are satisfied with their strategies.

In specific, the game ends where the score is maximum with respect to maximizer’s strategy

and minimum with respect to the minimizer’s strategy.

3.4 Conditional GANs

In extension of GANs, Mirza and Osindero [2014] introduced a conditional GAN in which

both generator and discriminator are conditioned on an input data rather than generating

results from random noise. This extension of GAN enables the model to yield input-driven

results.
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Figure 3.1: The general structure of the Generative Adversarial Networks and Conditional
Generative Adversarial Networks. In part (a), the Generator takes noise to generate fake
(XFake) data and discriminator decides the validity of the generated data by evaluating both
real data (XReal) and fake data (XFake). In part (b), the generator is conditioned on YCond
to generate fake data (XFake). YCond is also fed into the discriminator in order to evaluate
the fake (XFake) and real (XReal) data based on their assigned condition.

3.5 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are, a class of feed-forward neural networks, designed

to efficiently handle the spatial correlations within certain data types such as images. CNNs

can learn shift and distortion invariant features using local receptive field and weight sharing.

Traditional fully-connected neural networks are proven to be usefull in dealing with low-

dimensional data such as point measurements, however, they are impractical while dealing

with high-dimensional inputs data such as images. This inefficiency are due to the connection

of neurons to all the neurons in the next layer, where not all the connections are required.

In CNNs, instead of connecting all the neurons, the neurons are connected to a small group
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of neurons in the next layer, called receptive field. This modification in neuron connections

results in focusing on spatially local features rather than a larger area with less spatial

coherency.

The weight sharing property of CNNs has the advantages of (1) reducing the number of

model parameters compared to traditional fully-connected neural networks, (2) decreasing

the chance of over-fitting and (3) learning homogeneous features.

In the CNN architecture, the layers convolve a set of filters over each input sample (3.3 and

3.4) and tune the filters by calculating the gradient of the loss function with respect to each

filter weight.

(f ∗ g)(t) =

∫ ∞
−∞

f(τ)g(t− τ)dτ (3.3)

=

∫ ∞
−∞

f(t− τ)g(t)dτ (3.4)

The use of only CNN architecture, the location of the features is less important and the model

focusing on only detecting the feature somewhere in the spatial domain. Thus, detecting

all the features in an image with perseverance of position relative to other features will

result in misclassification, i.e. any arbitrary order of face components will result in face

detection. In order to solve this shortcoming, a subsampling scheme is introduced to reduce

the sensitivity of the model outputs to shifts and distortions [LeCun et al., 1995]. Moreover,

utilizing subsampling in the CNN architecture results in (1) learning translation invariant

features and (2) reduction of the computational complexity.
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Figure 3.2: Schematic representation of Convolution and Subsampling layers: In the
convolution part, a kernel (orange box) is convolving over the image and the response of
this convolution is stored in the feature layer. The Subsampling layer regrids the feature
layers into courser spatial and/or temporal resolutions. Max-Pooling and Average-Pooling
are the two most popular subsampling techniques in which the maximum and the average of
a sampling window is selected to represent that window in courser resolution, respectively.

3.6 U-net Structure

In the recent years, CNN models have outperform the state-of-the-art models in various

tasks of visual recognition [Girshick et al., 2014, Krizhevsky et al., 2012, Karpathy et al.,

2014]. The significance of CNN performance is mainly on the image classification tasks

in which the model learns to classify images into a set of classes [Krizhevsky et al., 2012,

Karpathy et al., 2014]. However, generative models require localization of outputs meaning

that the value for each pixel should be determined by model [Ronneberger et al., 2015]. In

order to address this issue, many attempts [Ciresan et al., 2012, Roth et al., 2015] used

an sliding-window scheme in which the model uses a subset of image to predict the center

value of that window, and by sliding this window all over the image, an output with certain

values for each pixel is provided. The sliding-window scheme provides the localized results

for each window and satisfy the requirements of generative models. However, despite the

promising performance of sliding-window scheme, the method has two main issues: (1) the

model is slow due to running over all the windows within each image and redundantly runs
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over overlapping patches and (2) the trade-off between using a smaller window and less

subsampling which limits the context and using a larger window and more subsampling

which reduces the localization accuracy. The U-net structure, introduced by Ronneberger

et al. [2015], is a fully convolutional neural network with bypass connections from the features

before each subsampling layer to the same-level features after upsamling (Figure 3.3). The

bypass connection concatenates two same-level feature blocks in order to prevent ”loss of

resolution” problem caused by subsampling units.

Figure 3.3: Schematic representation of U-net structure: The U-net strucuture is a fully
convolutional network consisting of convolution layers and down-scaling (from fine to course
resolution) and up-scaling (from course to fine resolution) and bypass connections (grey
arrows). The bypass connections allow the model to copy and concatenate the encoding
features to decoding features at each level and maintain the spatial information and down-
scaling advantages at the same time.
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3.7 SUM-net Structure

U-net algorithm is effective to solve the problem of ”loss of resolution”, however, due to

crop and copy operation, the decoding part of the model requires roughly two times more

computations compared to the encoding part. In order to make the U-net structure more

efficient, instead of concatenation of same level encoding features with decoding features,

a summation operation will be conducted (Figure ??). This will forces the decoding part

to learn more expressive features using the information for same-level encoder layer and

previous layer.

Figure 3.4: Schematic representation of SUM-net structure: The SUM-net structure is
a fully convolutional network consisting of convolution layers and down-scaling (from fine
to course resolution) and up-scaling (from course to fine resolution) and bypass connections
(grey arrows). The sum connections allow the model to efficiently combine the encoding
features to decoding features at each level and maintain the spatial information and down-
scaling advantages at the same time.
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Chapter 4

Short-Term Precipitation Forecast using

CGANs constructed from Convolutional,

Recurrent and ConvRecurrent layers

4.1 Introduction

In this chapter, the aim is to introduce a more accurate precipitation forecasting system

compared to the one introduced in chapter 2 leveraging the recent developments in the

field of machine learning and deep learning. In the previous study, the application of the

Recurrent Neural Networks (RNNs) in forecasting infrared image sequences and their linked

precipitation forecast, using PERSIANN algorithm, was investigated. The results presented

in chapter 2 demonstrated higher forecasting skills of advanced RNNs termed as Long Short-

Term Memory (LSTM) compared to traditional methods such as Optical Flow and Numerical

Weather Prediction models. Despite the effectiveness of LSTM algorithm, there are several

shortcomings that LSTM model cannot sufficiently address; (1) Efficient spatiotemporal

learning, (2) ”loss of resolution” problem, and (3) difficulties of using Maximum Likelihood

objective function.
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4.1.1 Efficient Spatial Learning

Traditionally, fully-connected layers were introduced as the first type of neural networks.

Fully-connected layers link all the inputs to all of the hidden nodes in the hidden layer.

Similar for the more deeper representations, fully-connected layers connect all of the hid-

den nodes to the the hidden nodes in the next hidden layer. This architecture was found

promising, especially for sparse input data. However, with the attempt to solve more com-

plicated problems with neural networks, including image classification, image segmentation,

image sequence forecast, etc., the conventional fully-connected neural networks, proven to be

less useful. The incapability of the fully-connected networks, especially for learning spatial

patterns emerge from the over-parameterization of fully-connected models in which most

neurons do not fire to discriminate an image. In other words, fully-connected layers are inef-

ficient to learn local features. LeCun et al. [1995] introduced Convolutional Neural Networks

(CNNs) using convolutional structure in which the parameters are shared in space and each

filter is forces to learn homogeneous local features throughout the dataset.

CNN algorithms have shown promising performances to efficiently solve various problems,

especially in image classification tasks [Krizhevsky et al., 2012, Karpathy et al., 2014].

Most popular approach to solve a image classification problem is to use convolutional layers

with subsampling to link high-dimensional image data to the low-dimensional target class

[Krizhevsky et al., 2012, Girshick et al., 2014, Karpathy et al., 2014]. Researchers have ex-

tended this approach to image to image translation and image segmentation by changing the

architecture into a compressive encoder-decoder CNN. In this version of CNN, the model

links the high-dimensional image data to its corresponding results by reducing the spatial

dimensionality, using subsampling techniques, to obtain a lower-dimensional feature repre-

sentation in the encoder part. Later, the decoder links the low-dimensional features into

high-dimensional image space via upsampling methods 4.1. This approach introduces blur-

riness to the model output due to the well-known problem of ”loss of resolution”. To address
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this problem, SUM-net structure described in 3 is introduced to overcome this problem.

Despite the promising performances of CNN algorithms in learning spatial patterns, they

have limited capabilities to learn long range of temporal patterns depending on the size of

their receptive fields. Thus, an efficient and effective combination of CNNs and RNNs are

required for high-accuracy forecasting. Xingjian et al. [2015] has introduced a new neu-

ral network structure termed as ConvLSTM in which all the fully connected connections

are replaced with convolutional operations. ConvLSTM layer have shown promising per-

formances in terms of forecasting precipitation from radar echo data. In addition to the

above-mentioned problems, traditional objective functions conventionally used for training

neural networks, such as Mean Square Error (MSE) and Kullback-Leibler divergence, which

categorize under Maximum Likelihood functions suffer from many intractible probabilistic

approximations that makes the generative models accurate [Goodfellow et al., 2014].

In this study, a framework will be introduced to efficiently address the mentioned issues, and

accurately forecast infrared imageries into the future.

4.2 Methodology

4.2.1 ConvLSTM: A Convolutional Layer With Long Short-Term

Memory Feature

The ConvLSTM layer has been developed by Xingjian et al. [2015] with the idea of replacing

the fully-connected connections with convolutional operations in LSTM model to benefit

from local information in the data. This modification was conducted by replacing all dot

products with convolution operation. The ConvLSTM model without peephole connections

can be formulated as
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it = σ(Wxi ∗ xt +Whi ∗ ht−1 + bi) (4.1)

ft = σ(Wxf ∗ xt +Whf ∗ ht−1 + bf ) (4.2)

ct = ft � ct−1 + it � tanh(Whc ∗ xt−1 + bc) (4.3)

ot = σ(Wxo ∗ xt +Who ∗ xt−1 + bo) (4.4)

ht = ot � tanh(ct) (4.5)

where i, f , c, o, and h are the input gate, forget gate, cell, output gate, and the hidden

output, respectively. Wx and Wh in equations4.1-4.4 are the input and hidden weights for

the gates or cells with the corresponding subscripts, respectively. For example, Wxf is the

input to forget gate weight matrix. The � and ∗ symbols in equations 4.1-4.5 represent the

inner product of matrices and convolution operation. Note that σ and tanh in equations 4.1-

4.5 represent the Sigmoidal and Hyperbolic Tangent activation functions, respectively.

4.2.2 Proposed CGAN Framework For Short-Term Precipitation

Forecast

The proposed framework, as shown in Figure 4.1, is a conditional GAN model consisting of

a generator and a discriminator. The generator is a fully convolutional network, considering

ConvLSTM as fully convolutional, with SUM-net architecture. The first and last two layers

are convolutional-Leaky ReLU combination. In addition, third and fourth layers consist of

convolutional-Leaky ReLU-MaxPooling and the most abstract features are obtained from

ConvLSTM layers. The decoder part uses convolutional-Leaky ReLU-UpSampling for the

two layers after ConvLSTMs and then only convolutional-Leaky ReLU. The input to the

generator contains t − n to t consecutive images and predict t − n + 1 to t + 1 samples.

The discriminator is semi-conditioned using the t− n+ 1 to t+ 1 consecutive samples from
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the generator predictions and ground-truth samples. Using three convolutional-Leaky ReLU

blocks shared in time for all the samples followed by a LSTM and a fully-connected layer,

the discriminator discriminates whether if the input sample is from real or fake distribution.

This architecture allows discriminator to consider the temporal and spatial coherency of

the generated samples in order to fairly evaluate them and due to high overlaps between

conditioning data (input of generator) and output of generator, inserting conditioning data

is not required, thus making the model a semi-conditional GAN.

Figure 4.1: The details of the proposed Conditional GAN model; (a) The generator is
a Fully Convolutional Networks (FCN) consisting of Convolutional and ConvLSTM layers.
Input data is image sequences from t − n to t and the output of the model is predicted
image sequences from t − n + 1 to t + 1. The convolutional layers are shared in time in
order to learn the spatial patterns. The blue arrays indicate sum operation to fulfill the
SUM-net architecture and efficiently transfer temporal and spatial information from encoder
to decoder. (b) The discriminator takes the image sequences from generator output and
ground-truth target sequence and using the last state of the LSTM, decides whether the
sample was from a real or a fake distribution.
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4.3 Data and Case Study

4.3.1 Infrared Imageries

The input data used in this study is the long-wave IR channel with the wavelength of

10.8µm from the Geostationary Operational Environmental Satellite(GOES) series. The

IR channel provides information on the cloud-top temperature which is a useful feature for

identifying the precipitable clouds. The utilized IR data is provided by the Climatic Pre-

diction Center (http://www.cpc.ncep.noaa.gov/products/global_precip/html/wpage.

merged_IR.html) and has a near-global coverage(60◦N-60◦S) with a 0.04◦ × 0.04◦ spatial

resolution. In this study, the IR data was regridded to 0.25◦ × 0.25◦ resolution using the

nearest neighbour algorithm to be consistent with the spatial resolution of PERSIANN al-

gorithm.

4.3.2 Data Sampling

In this study, the focus is on learning spatial and temporal evolution patterns in the infrared

(IR) data. Learning IR imageries are particularly selected due to its smooth transition in

space and allows the model to mimic the heat transfer functions governing the changes of IR

images in time. In order to obtain uniform samples from different evolution patterns of IR

with different mechanisms, we randomly sampled 32×32 windows across the CONUS which

had 20 percents or more pixels with less than 220 K compared to the number of pixels in the

window (Figure 5.1). The criteria is set to ensure the model will observe samples with high

moisture clouds. In the sampling process, with the fixed spatial location of the samples, we

cropped a 20-sequence of that window in time to feed into our model as partially input and

partially target values.
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Figure 4.2: The random selection of sample patches for training process over the CONUS.
The red rectangulars are the randomly selected samples which did not contain 25 percents
or more rainy pixels. The green rectangulars are the samples which satisfied the rainfall
criteria at each time step and are selected for training.

4.4 Results and Discussion

Visual Comparisons

Figure 4.3 demonstrates the evolution steps of infrared imageries from 0 to 5 hours ahead

over the CONUS. Rows from top to bottom represent Target observations, ForeGAN (our

proposed model) forecasts and Non-adversarial version of the ForeGAN (i.e. CNN with

bypass connections) forecasts. Forecasts with increase in lead-time are shown from left to

right columns (t + 1 to t + 10). The forecasts obtained from ForeGAN model are more
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accurately following the patterns of infrared evolution, especially the cold cloud regime over

the northern part of the United States. On the contrary, CNN with bypass cannot follow the

patterns as well as ForeGAN model and generates blurry results. The blurriness magnifies

by the increase in lead-time and the forecasts obtained deteriorate from observed infrared

imageries. It is noteworthy that spotted noise in ForeGAN, especially in further lead-time,

are due to the artifacts of Fully Convolutional Networks and can be eliminated by further

modification of hyper-parameters of the model.

Figure 4.3: The result of ForeGAN and CNN with bypass connection over CONUS.
The first, second and third rows represent Target infrared, ForeGAN forecasts and non-
adversarial version of introduced model (CNN with bypass) forecasted imageries for 5 hours
from August 01, 2011 21:00 [UTC] to August 02, 2011 02:00 [UTC]. Columns from left to
right demonstrate half-hourly forecast time-steps.

Furthermore, Figure 4.4 is a subsection selected from Figure 4.3 in order to better demon-

strate the evolution of cloud patterns. The ForeGAN model is able to detect the evolution

patterns compared to infrared observations, however, the Non-adversarial model cannot fol-

low the changes of infrared shape and location.
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Figure 4.4: The result of ForeGAN and CNN with bypass connection for the sub-area
within red box over CONUS. The first, second and third rows represent Target infrared,
ForeGAN forecasts and non-adversarial version of introduced model (CNN with bypass)
forecasted imageries for 5 hours from August 01, 2011 21:00 [UTC] to August 02, 2011 02:00
[UTC]. Columns from left to right demonstrate half-hourly forecast time-steps.

Furthermore, statistics such as RMSE, Correlation coefficient, SSIM and PSNR are calculate

over the extended CONUS coverage to evaluate the predictability skills of ForeGAN for the

same period of lead-time as presented in Figure 4.3. The statistics presented in Figure 4.5

evaluates ForeGAN and CNN with bypass connections with respect to target observation

in terms of RMSE, correlation coefficient, SSIM and PSNR indices. As demonstrated in

Figure 4.5, ForeGAN in all terms and for all lead-time steps performs better than its non-

adversarial version significantly. It is noteworthy that in all metrics, with increase in lead-

time the deterioration rate of ForeGAN is slower than CNN with bypass connections (Figure

4.5).
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Figure 4.5: The predictability statistics for ForeGAN (red lines) and CNN with bypass
connections (green lines) over the area marked with red rectangular in Figure 4.4. From top
to bottom subplots, RMSE, correlation coefficient, SSIM and PSNR were calculated from
August 01, 2011 21:00 [UTC] to August 02, 2011 02:00 [UTC], respectively. t + 1 to t + 10
on the x axis indicate the increase in lead-time.
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4.5 Summary and Conclusion

This study presents a framework to forecast infrared imageries in short range of 0 to 6 hours.

The proposed framework introduces a semi-conditional GAN architecture with flexible learn-

ing divergence to accurately forecast infrared images. The proposed approach is investigated

over the whole CONUS and compared to its non-adversarial CNN and the method introduced

in chapter 2. The results were evaluated based on visual infrared evolution and statistics

such as RMSE, Correlation coefficient, SSIM and PSNR metrics. The main conclusions of

this chapter are:

• Based on my experiments, the proposed GAN model accurately forecasts short-term

infrared imageries, especially for low-temperatures which can yield precipitation.

• In particular, GAN approaches are an effective and useful techniques for accurate

forecasting complex infrared structures and its evolution in time. The advantage of

GAN-based forecasts is their sharpness quality even after few timestep forecast.

• GAN models are particularly more suitable for mimicking complex earth system pro-

cesses such as cloud-top temperature forecasting due to their flexible objective function,

and their capability in learning the true distribution via using generator-discriminator

architecture.

• Defined structure of the forecasting model demonstrates higher capabilities in pre-

serving details of cloud shapes and image structure compared to LSTM model and

non-adversarial model in terms of visual comparison and statistical indices such as

PSNR, SSIM and correlation coefficient.
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Chapter 5

Precipitation Estimation from Remotely

Sensed Information

5.1 Introduction

Precipitation is the driving force of the hydrological cycle and precipitation information is

vitally important for reservoir operations, flood monitoring and water management purposes.

The precipitation pattern governs much of the weather, climate, and ecological systems

around the world. Timely and accurate precipitation information is of paramount importance

for water resources management as well as for natural hazard prediction and management.

The ground-based precipitation measurement systems such as rain gauges and weather radars

typically suffer from the spatial and temporal gaps that tends to limit their application for

remote and poorly instrumented regions. Satellite-based precipitation information has the

advantage of near real-time estimation and global coverage, at high spatial and temporal

resolutions which is particularly valuable for the parts of the world that do not have sufficient

rainfall measurement networks. Additionally, satellite-based precipitation products provide

rainfall measurement over the oceans and deserts which are not measured directly.

Satellite-based precipitation products typically rely on information from two types of satel-

lites. Geosynchronous-Earth-Orbiting (GEO) and Low-Earth-Orbiting (LEO) satellites pro-
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vide passive microwave (PMW) and Infrared (IR) data, respectively. Each of these data

types provide advantages for their respective precipitation products. PMW data has the ad-

vantage of being directly measured from the hydrometeor content, whereas the IR data can

only give information on the cloud top characteristics. However, given the longer record of

GEO data together with its higher temporal resolution (compared to the PMW data), long

archives of consistent precipitation information with high spatial and temporal resolutions

can be achieved by utilizing the IR data. These advantages make the IR-based products

suitable for climate studies and hydrological modeling where long records of data are re-

quired; as well as for extreme precipitation studies where information with high spatial and

temporal resolution about the stages of the storm evolution are needed.

As an initial approach to link infrared cloud-top brightness temperature to rainfall rates, an

empirical relation was introduced by Arkin [1979] and Arkin and Meisner [1987] called GOES

Precipitation Index (GPI). The infrared-surface rainfall relation, using radar and satellite

data, was established by differentiating rain/no-rain pixels with a fixed IR temperature (235

K). Then, 2.5◦ × 2.5◦ grid points with temperatures less than 235 K are assigned to a fixed

mean rain rate of 3 mm/hr. Finally, the instantaneous rain rates are accumulated to pro-

vide monthly rainfall data. Following Arkin [1979] work, Adler et al. [1993] introduced an

adjusted version of GPI which adjusts the constant rainfall rates estimated by GPI using

an adjustment ratio obtained from monthly microwave rainfall over monthly GPI estimated

rainfall for each pixel. Later, rain rates for each pixel would be adjusted by its multiplication

to the ratio. Furthermore, a more advanced technique developed by Hsu et al. [1997] termed

as Precipitation Estimation from Remotely Sensed Information using Artificial Neural Net-

works (PERSIANN) is a widely-used operational precipitation product that uses IR data to

estimate the rain-rate. The PERSIANN algorithm utilizes the cloud-top-temperature infor-

mation in an unsupervised neural network framework called self organizing feature map to

classify the pixels with rain or no-rain. Then, it uses an exponential regression function with

a mean squared error(MSE) objective function to estimate the rain rates at a 0.25-degree
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spatial and hourly temporal resolutions. ? improved the PERSIANN system in terms of

method and introduced the PERSIANN-Cloud Classification system (CCS) which is also

a near real-time operational product. PERSIANN-CCS algorithm extracts cloud features

such as geometry and texture to estimate the precipitation at 0.04-degree spatial and hourly

temporal resolutions. Similar to the PERSIANN algorithm, an exponential regression func-

tion with MSE objective function was used for the regression part of the PERSIANN-CCS

method. ? proposed a deep neural network algorithm that utilized bispectral satellite data

from IR and water vapor (WV) channels to predict precipitation 0.04 degree spatial and

hourly temporal resolutions. The proposed method took advantage from a commonly used

deep learning algorithm called stacked denoising auto encoders(SDAE) in both detection

and estimation stages. For the regression section, the two stage model benefited from a

combination of MSE and Kullback-Leibler(KL) divergence loss functions. It was shown that

the two stage model outperforms PERSIANN-CCS in both detection and estimation skills

considerably.

5.2 Methodology

5.2.1 Proposed CGAN Framework For Precipitation Estimation

The proposed model consists of a generator and discriminator. The generator model is a

fully convolutional network with copy and concatenate connections at each level to create

a U-net structure. The generator is a Fully Convolutional Network (FCN) consisting of

convolutional blocks in which a convolutional layer, a Batch Normalization (BN) layer and a

leaky Rectified Linear Unit (leaky ReLU) activation layer are respectively utilized. The BN

layer, in the above context, increases the stability and effectiveness of the generator. The BN

layer reduces the variability of input data distributions which can be drastically different in

each batch, and enables each block to learn independent features by pushing the distribution
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into a more consistent distribution [Ioffe and Szegedy, 2015] and also smooths the response

surface for easier optimization via stochastic gradient descend and it sub-derived methods

[Santurkar et al., 2018].

In this Network, the goal of the generator is to produce rainfall fields which are close to

the real distribution of rainfall conditioned on the cloud-top brightness temperature images

from infrared data. The discriminator is responsible to evaluate the generated data from

generator by comparing the generated distribution to the real distribution drown from real

data samples. The discriminator consists of two convolutional blocks each containing a con-

volutional layer, a ReLU activation layer and a dropout layer with 50 percent dropout rate.

The last layer is a fully connected layer with Sigmoid activation function which yields the

probability of the generated image being from a real distribution or a fake distribution.

Parameter Tuning

Conditional GAN model parameters are tuned by minimizing

LCGAN(G,D) = Ex,y[logD(x, y)] + Ex,z[log(1−D(x,G(x, z)))] (5.1)

In the above equation, x, y and z represent the conditional data, target data and random

noise, respectively. In Equation 5.1, the generator (G) tries to minimize the objective to

gain more realistic results, and at the same time, discriminator (D) tries to maximize the

objective to discriminate between the fake and real examples with highest margins.

Previous approaches ([Pathak et al., 2016, Isola et al., 2017]) have proposed combining

traditional loss functions with the GAN loss function presented in 5.1 for the generator

model. Combining a traditional loss function such as L2 objective function can improve

the generated images compared to GAN loss only ([Isola et al., 2017]). In this study we
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implemented a combined loss of L2 loss function with a weight of 10 (λ = 10) with the GAN

loss for the generator model (G)

G∗ = argmin
G

max
D

LCGAN(G,D) + λEx,y,z[‖y −G(x, z)‖2] (5.2)

The above modification in the generative loss function forces the generator to not only try

to misguide the discriminator, but also aims to reduce the L2 loss. This modification in the

loss function would not alter the discrimination process.

5.2.2 Evaluation Metrics

In order to evaluate the performance of the studied models in detecting and estimating

precipitation, various evaluation metric are used. The categorical and continuous evaluation

metrics that are used in this study are explained in the following sections.

Continuous Indices

The models’ performances in predicting the rainfall rate are inspected through the use of

continuous indices. The continuous evaluation indices that we use in this study are root

mean squared error(RMSE) and Structural Similarity (SSIM). RMSE is the commonly used

measure of the differences between the model’s predictions and observation and it is given

by equation(5.3):

RMSE =

√∑N
i=1 (ŷi − yi)2

N
, (5.3)

i = 1, ..., N (5.4)
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where ŷ and y are the model prediction and observation, respectively. N is number of pixels

in the study area.

SSIM is a measure of similarity between two images and is considered as an improved version

of the classic evaluation indices such as means squared error (MSE). SSIM can be regarded

as a measure of quality of an image based on another image that is considered having the

perfect quality. SSIM evaluates the visual impact of contrast and structure characteristics

of an image and is given by equation (5.5)

SSIM(ŷ, y) =
(2µŷµy + c1) (2σŷy + c2)(

µ2
ŷ + µ2

y + c1

) (
σ2
ŷ + σ2

y + c2

) (5.5)

where µ and σ are average and variance, respectively. σŷy is the covariance of the model

prediction and the observation and c1 and c2 are the regularization constants.

In addition to SSIM, Peak Signal to Noise Ratio (PSNR) is another metric to evaluate visual

similarities between two images. PSNR compares the image qualities using the following

equation;

MSE =
1

m · n

m−1∑
i=0

n−1∑
j=0

[ŷ(i, j)− y(i, j)]2 (5.6)

PSNR = 10 · log10(
R2

MSE
) (5.7)

where MSE is the mean square error and m and n are the image dimensions. ŷ and y

are the estimated image and reference image, respectively. R in equation 5.7 represents the

maximum value of a pixel that can get.
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Categorical Indices

Categorical metric are used to assess the models’ capabilities in rainfall detection. The

categorical indices that we use in this study are probability of detection(POD), false alarm

ratio(FAR), and the critical success index(CSI). These indices are given by equations 5.8-5.9,

respectively.

POD =
TP

TP +MS
(5.8)

FAR =
FP

TP + FP
(5.9)

CSI =
TP

TP + FP +MS
(5.10)

where TP , MS, and FP are the number of True Positives, number of Missed, and the

number of False Positive pixels, respectively. These numbers are calculated for each pair of

model predicted and observed images.

5.3 Data and Case Study

5.3.1 Infrared Imageries

The input data used in this study is the long-wave IR channel with the wavelength of

10.8µm from the Geostationary Operational Environmental Satellite(GOES) series. The

IR channel provides information on the cloud-top temperature which is a useful feature for

identifying the precipitable clouds. The utilized IR data is provided by the Climatic Pre-

diction Center (http://www.cpc.ncep.noaa.gov/products/global_precip/html/wpage.

merged_IR.html) and has a near-global coverage(60◦N-60◦S) with a 0.04◦ × 0.04◦ spatial
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resolution. In this study, the IR data was regridded to 0.25◦ × 0.25◦ resolution using the

nearest neighbour algorithm to be consistent with the spatial resolution of PERSIANN al-

gorithm.

5.3.2 Stage IV observation data

The ground truth precipitation dataset that we employ in this study is the quality controlled

multi-sensor(radar and gauge) stage IV data(https://www.emc.ncep.noaa.gov/mmb/ylin/

pcpanl/stage4/). This dataset is generated by the National Center for Environmental Pre-

diction(NCEP) by mosaicking the rainfall observations obtained from the National Weather

Service(NWS) River Forecast Centers(RFC). The stage IV data has a spatial resolution of

0.04◦ × 0.04◦ and an hourly temporal resolution. Similarly, the stage IV data was regridded

to 0.25◦ × 0.25◦ resolution using the nearest neighbor method.

5.3.3 Data Sampling

This study aims to learn the precipitation patterns and the link between infrared (IR) in-

formation and rainfall rates, homogeneously and regardless of the type of precipitation and

event location. In addition to this criteria, learning IR-precipitation is quite challenging,

especially in the right tail of rainfall distribution where high rainfall samples are rare. This

creates an unbalancy in the training data and intuitively, forces any model to estimate higher

probability for no rain and lower probability for high rain rates. To address these important

issues, instead of a fix case study area, a random selection procedure was used to randomly

choose samples across the CONUS and time. The selected samples then go under quality

control and only the ones with 25 percent and more rainfall pixels compared to the total

window pixels are selected for training (Figure 5.1). In addition, the selected windows should

not have any no value data either in IR or in radar data.
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Figure 5.1: The random selection of sample patches for training process over the CONUS.
The red rectangulars are the randomly selected samples which did not contain 25 percents
or more rainy pixels. The green rectangulars are the samples which satisfied the rainfall
criteria at each time step and are selected for training.

5.4 Results and Discussion

5.4.1 General Estimation skills

In Figure 5.2, the hourly, daily and monthly estimations (from left to right columns) are

visualized for StageIV ground-truth observations, PERSIANN-GAN, PERSIANN, CNN with

bypass connections and CNN without bypass connections. The results demonstrate higher

similarities for PERISANN-GAN to StageIV in hourly, daily and monthly results. The

results are selected from different events to visually evaluate the performance of each model
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compared to StageIV radar observations. The results, demonstrate higher similarities for

PERSIANN-GAN and StageIV data in all hourly, daily and monthly scales. CNN with

bypass connections also show consistent patterns in all scales, however, its intensities for the

center of storms are not as close to StageIV observation as PERSIANN-GAN. Furthermore,

PERSIANN overestimates the daily storm and shows larger high intensity patch than what

is observed. In addition, low intensity rainfall over mid-south states (i.e. Colorado, New

Mexico, and portion of Texas) for daily scale are well captured by PERSIANN-GAN, CNN

with and without bypass connections, however, PERSIANN missed the rainfall especially

over the state of Colorado. For the monthly scale, PERSIANN estimates are overestimating

over mid-north states (i.e. Minnesota, Wisconsin, North Dakota, Michigan, Iowa, etc.).

PERSIANN-GAN and CNN with bypass shows less overestimations over the mentioned

area. Similar to PERSIANN, CNN without bypass connection also overestimates over the

mid-north states.
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Figure 5.2: Visual performances of rainfall estimation in hourly, daily and monthly scales.
Rows from top to bottom present StageIV, PERISANN-GAN, PERSIANN, CNN with by-
pass connections and CNN without bypass connections, respectively. The presented columns
from left to right are for hourly, daily and monthly scales for July 10th 2012, 07:00 AM UTC,
July 6th and August 2012, respectively.
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Table 5.1 presents continuous and categorical metrics for evaluating daily precipitation esti-

mates of PERISANN-GAN, PERSIANN, CNN with bypass connections and CNN without

bypass connections over the CONUS for summer of 2012. The bold numbers indicate the best

performance for each index in each row. Based on the evaluations in table 5.1, PERSIANN-

GAN model has higher statistical performances compared to other baseline models including

PERSIANN in terms of POD, FAR, CSI, Correlation coefficient, SSIM and PSNR. In terms

of RMSE, CNN with bypass connections have better performances and this is due to op-

timizing CNN with bypass connections with RMSE, and PERSIANN-GAN is train on two

different criteria. In addition, CNN with bypass has relatively better performances compared

to PERSIANN and CNN without bypasses which for the case of CNN without bypasses, the

results are expected.

Table 5.1: Statistical comparison of PERISANN-GAN, PERSIANN, CNN with bypass
connections and CNN without bypass connections in daily scale over the CONUS. The
metrics used to evaluate the models are Probability of Detection (POD), False Alarm Ratio
(FAR), Critical Success Index (CSI), RMSEm Correlation Coefficient, Structure Similarity
(SSIM) and Peak Signal to Noise (PSNR). The values in bold belong to best performing
model in each row.

Metric PERSIANN-GAN PERSIANN CNN CNN
with bypass without bypass

POD 0.78 0.74 0.77 0.66
FAR 0.33 0.34 0.37 0.41
CSI 0.56 0.53 0.53 0.45
RMSE 6.37 6.59 6.06 6.97
Correlation 0.57 0.55 0.54 0.44
SSIM 37.82 37.01 36.51 37.73
PSNR 0.96 0.95 0.93 0.94

5.4.2 Event-based comparison

To further evaluate the capabilities of PERSIANN-GAN in estimating accurate rainfall pat-

terns and intensities, an extreme event, called hurricane Isaac, was studied during the study

period. Hurricane Issac hit south-western US from August 28th to September 4th and re-
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sulted in significant amount of rainfall over several states including Louisiana, Mississippi,

Alabama and etc. In this section, we compared the evolution of the heavy rainfall over the

state of Alabama as an example to evaluate different model performances. Figure 5.3 demon-

strates the visual patterns and intensities of rainfall over the state of Alabama. First, second,

third, fourth and fifth rows belong to StageIV, PERSIANN-GAN, PERSIANN, CNN with

bypass connections and CNN without bypass connections, respectively and columns from

left to right, indicates the daily timesteps from August 28th to September 4th. The re-

sults show more consistency between the PERSIANN-GAN estimates and StageIV in terms

of rainy patch shape and the intensities of rainfall, compared to other models. Specifi-

cally, the PERSIANN-GAN estimates capture better precipitation patterns, in comparison

with StageIV observation, on August 29th and 30th, and September 3rd and 4th. Further-

more, PERSIANN-GAN captures the center of heavy rainfall correctly on August 30th and

September 4th, where other models fail to locate the center of storm.
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Figure 5.3: Evolution of extreme rainfall is demonstrated at each row for StageIV ob-
servation, PERSIANN-GAN, PERSIANN, CNN with bypass connections and CNN without
bypass connections, respectively. The rainfall evolution is presented in daily scale starting
from Aug. 28th to Sept. 4th.

To further elaborate on the capabilities of each model in capturing hurricane Isaac, the mean

of 6-hourly precipitation for StageIV, PERSIANN and PERSIANN-GAN are calculated for

the period of storm (Figure 5.4a). The results show consistency of PERSIANN-GAN with

StageIV and the 6-hourly intensities match the StageIV results. Furthermore, Figure 5.4b

shows the Structure Similarity (SSIM) index, which is a criteria for visual similarities, for

PERSIANN-GAN (red) and PERSIANN (green), both compared to StageIV data. The

results indicate equal or higher visual similarities for PERSIANN-GAN in comparison with

PERSIANN for 6-hourly rainfall over state of Alabama. Figure 5.4c presents the RMSE

of PERSIANN-GAN (red) and PERSIANN (green) compared to StageIV. The results show
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similar performances for both PERISANN-GAN and PERSIANN during the whole period

of hurricane Isaac. In general, the results presented in Figure 5.4 directly indicates higher

visual consistency of PERSIANN-GAN to StageIV in no cost for RMSE metric.

Figure 5.4: Statistical comparison of hurricane Isaac over the state of Alabama: (a)
6-hourly mean of precipitation for StageIV (black), PERSIANN (green) and PERSIANN-
GAN (red), (b) SSIM metric of 6-hourly results for PERSIANN (green) and PERSIANN-
GAN (red), and (c) RMSE results for 6-hourly precipitations for PERSIANN (green) and
PERSIANN-GAN (red).
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5.5 Summary and Conclusion

In this chapter of the dissertation, I proposed a framework to estimate precipitation intensity

rates from infrared cloud-top brightness temperature imageries of GOES satellites using a

newly introduced framework termed Generative Adversarial Networks. In this framework, I

conditioned the model on infrared images in order to construct an image to image translation

scheme. A U-net structure was implemented within the generator to ensure the model does

not throw out spatial information due to the subsampling process. The proposed model,

named PERSIANN-GAN, performances were investigated over the CONUS for the summer

months of 2012 (July-August-September) by comparing to two baseline CNNs similar to the

generator model, with and without bypass connections, and the PERSIANN estimates. The

results are compared in hourly, daily and monthly scales and PERSIANN-GAN demonstrated

higher visual similarities to stageIV radar. Furthermore, I investigated the performance of

PERSIANN-GAN in detecting extreme event, Isaac, occurring over the state of Alabama.

The visual and statistical performances such as RMSE and SSIM indicated closer detection

patterns of PERSIANN-GAN to stageIV radar observations. Finally, an overall statistical

comparison was conducted using POD, FAR, CSI, SSIM, PSNR, RMSE and correlation

coefficient for PERSIANN-GAN, PERSIANN, CNN with bypass and CNN without bypass.

The results indicated better detection capabilities for PERSIANN-GAN. The high level

conclusion highlights of this study are

• Based on the conducted experiments, the proposed framework to estimate precipitation

is enable to accurately detect wide intensity range of precipitation events using infrared

imageries.

• GAN architecture efficiently and effectively translates infrared to precipitation and

demonstrate accurate rainfall detection, especially by determining correct rainfall in-

tensities.
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• The advantage of the proposed estimation model (i.e., PERSIANN-GAN) is to adopt a

mixture of a flexible learning divergence and maximum likelihood instead of only esti-

mating maximum likelihood. The flexibility of the objective function allows the model

to overcome maximum likelihood challenges and generate more realistic precipitation

estimations.

• Acquiring U-net type of structure for generator model allowed increase the accuracy of

estimations, as also seen in CNN with bypass. Higher accuracy is a result of preserving

spatial information in the model after applying subsampling operations.
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Chapter 6

Conclusions and future directions

6.1 Summary of findings

Main contributions of this dissertation are as follows:

• Proposing a state-of-the-art deep learning algorithm to forecast infrared imageries from

0 to 6 hours, with potentials of becoming an operational product over quasi-global scale.

• Introduced a novel generative framework to accurately translate infrared information

to rainfall rates using a flexible approach in defining the objective function.

• Developed a short-term precipitation forecasting framework by effectively breaking the

tasks of forecasting and estimation to reduce the problem complexity and increase the

model understanding of the problem.

• Proposed and investigated a new probabilistic approach in computer science to over-

come the complex earth system science problems such as precipitation forecasts.

In details, the objectives of this dissertation outlined in Chapter 1 are addressed in this

dissertation:

• Investigating the effectiveness of deep learning approaches for extracting
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spatial and temporal features from image sequences of satellite data and

obtaining accurate and timely infrared forecasts.

This objective was first explored in chapter 2 by introducing an infrared forecasting

scheme using LSTM and further advanced in chapter 4 by proposing a novel semi-

conditional GAN model for image sequence forecasting. Both study, demonstrated that

advanced and recently invented deep learning techniques can efficiently and effectively

address complex spatial, temporal and spatiotemporal processes within earth system

components.

• Demonstrating the role of Recurrent Neural Networks and its recent vari-

ants (Long Short-Term Memory) in forecasting accurate infrared im-

ageries.

In chapters 2 and 4, the role of recurrent layers, especially advanced and sophisticated

layers such as LSTM, can improve the predictability skills of precipitation compared

to traditional methods such as Optical Flow techniques, NWP model outputs and con-

ventional methods such as Persistency. Chapter 2 thoroughly discusses the analogy

of the superiority of LSTM model to conventional RNNs and chapter 4 discusses a

combination of LSTM structure with convolutional scheme to join the advantages of

two techniques.

• Evaluate the proposed methodology and the effectiveness of using new deep

learning techniques compared to earlier generations.

This objective was thoroughly discussed in chapters 2, 4 and 5 by evaluating advanced

deep learning techniques over states of Oregon, Oklahoma and Florida and CONUS.

The evaluations included visual and statistical comparisons to comprehensively ex-

amine the capability of the proposed advanced deep learning models in accurately

generalizing features to other unseen study areas.

• Introduce a new approach for image to image translation by reconsidering
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the use of maximum likelihood estimation and developing a more flexible

approach in generative neural networks.

Chapter 3 comprehensively discussed the challenges associated with using maximum

likelihood estimation for generative models and discussed the deficiencies of traditional

objective functions such as Mean Squared Error and Kullback-Leibler divergence which

aims to satisfy the maximum likelihood estimation criteria suffer from blurred and in-

accurate output image generation. In the same chapter, we discussed the new approach

vastly used in the field of computer science named Generative Adversarial Networks

which tackles this shortcoming by defining learned divergence to evaluate generative

model behavior.

• Assess the improvements of new generative models in infrared forecasting

task and explore the capability of sub-location learning in generalizing

learnt features.

This objective was addressed in chapters 4 and 5 by assessing the generative approaches

for infrared forecasting and precipitation estimation comparing to same-design non-

adversarial models over the CONUS extend. In both studies, the new generative

approach demonstrated superior capabilities to its non-adversarial type approaches.

• Introduce a new framework to translate infrared imageries to rainfall in-

tensity maps using a network learning from distribution and maximum

likelihood of the data together.

Chapter 5 discussed the new approach in which the model learns both from maximum

likelihood estimates and distribution matching techniques simultaneously to estimate

accurate intensities along with correct shape of the rainfall patches. The combinatorial

objective function allows the model to fix the underestimations and overestimations

frequently observed in various satellite datasets.
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6.2 Future extensions

The developed forecasts models in chapters 2, 4 and the precipitation estimation model intro-

duced in chapter 5 have offers many potential extensions for future research. In particular,

the possible extensions of this research area can be explored by: (1) including additional data

sources, (2) improving model structure, and (3) putting the models in operational use.

6.2.1 Additional Data Sources

Additional information sources can increase the reasoning capabilities of the forecast and

estimation models by having a better understanding of the physical process. Particularly

for the forecasting algorithm, more information can be gathered and used in the framework

from satellites such as wind sub-products of imager and sounder sensors of GOES satel-

lites, High Density Water Vapor Cloud Drift Winds from MODIS satellites and from NWP

models for their certain components such as Geo-Potential Heights, Specific Humidity, To-

tal Column Liquid Water, Total Column Ice Water, Total Column Water Vapor, 10-meter

vertical velocity and etc. In addition, surface characteristics, such as digital elevation and

land/ocean discrimination can be very helpful for the training and learning processes of

rainfall estimation and short-term forecast [Hsu et al., 1997, Gesch et al., 1999].

Furthermore, sudden shifts in cloud temperature often yield high intensity precipitation and

using consecutive infrared time frames can improve rainfall detection accuracy.

Additionally, leveraging high temporal and spatial resolution is another improvement strat-

egy in which the physical processes can be best captured. This solution against the attempt

to learning estimation and/or forecasting from half-hourly, 0.25◦ or coarser resolutions where

physical processes have been dampened significantly.
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In addition to satellite information, ground observations are another important source of

information to obtain more accurate estimates and forecasts [Katiraie-Boroujerdy et al.,

2017], and in-situ observations can be used for bias-correction of satellite product [Yang

et al., 2016].

6.2.2 Model Development

High-paced advancements of deep learning opens room for new innovations in the field of

hydrometeorology and remote sensing, especially precipitation estimation and forecasting.

In infrared-rainfall image translation models, developing a model attention mechanism can

significantly improve the accuracy of the model, since the direct relation of coldness of

clouds and rainfall rates have been proven [Adler et al., 1993, Arkin, 1979]. Visual attention

mechanism can force the model to focus on the portions of infrared images that yield the

highest error during training phase, and resulting in an improved and more robust estimation

algorithm.

Another improvement strategy is to equip the estimation model with recurrent layers in

order to capture sudden shift rainfalls already described in previous section.

6.2.3 Operational Applications

The models introduced in chapters 4 and 5 are Fully Convolutional Networks with the

flexibility of taking any shape of images as input. This advantage of FCNs allow the models

to easily become operational products with minimal effort. The presented results over the

CONUS as a proof of robustness demonstrate that these models can generalize from local

and CONUS scale into quasi-global scale.

Moreover, in order to further investigate the effectiveness of the introduced models, hydrolog-
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ical applications of the model outputs should be tested, especially for precipitation forecast

products, in order to verify the reliability of the products in user-end applications. Lastly,

the model performances should be tested for extreme precipitation events and hurricanes,

which are mandatory for disaster monitoring and preparation.
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