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Abstract

Accurate prediction of fluid flow is of vital importance to many applications in engi-
neering and physics. Long-standing challenges in flow simulations are the simultaneous
high accuracy and efficiency demanded in numerical computations. Recent advances in
machine learning technologies are increasingly of interest for the efficient simulation of
nonlinear and complex systems. Deep learning techniques are capable of capturing the

physical dynamics without prior knowledge of underlying physical relationships.

However, there remain several challenges in nonlinear fluid flow modelling, i.e., spa-
tiotemporal nonlinear fluid flow modelling, large data-driven fluid flow modelling, real-
time forecasting of nonlinear fluid flows beyond the training period, improvement of the
forecasting accuracy in long lead-time. To overcome these challenges, in this work, Gen-
erative Adversarial Networks (GANs) have been first introduced to spatiotemporal non-
linear fluid flow prediction while data assimilation techniques are used for improving the

accuracy of long term forecasting.

The key contributions of this thesis are: firstly, an Artificial Intelligence (AI) fluid model
based on a deep convolutional generative adversarial network (DCGAN) has been devel-
oped for modelling spatiotemporal flow distributions. Secondly, a hybrid deep adversarial
autoencoder (VAE-GAN) model to integrate generative adversarial network (GAN) and
variational autoencoder (VAE) has been proposed for large data-driven nonlinear fluid
flow prediction. Thirdly, a real-time predictive machine learning model, i.e., artificial
neural network (ANN), long short term memory (LSTM), DCGAN, and VAE-GAN has
been developed for basin streamflow, urban flooding, and national air pollution forecast-
ing problems respectively. Fourthly, an ensemble Kalman filter (EnKF) for GAN and
convolutional LSTM (GAN-ConvLSTM) based forecasting system has been proposed

for accurate long lead-time forecasting.

The presented models have been validated by various test cases and the results are in good
agreement with high-fidelity models and observations. Promising results have shown that
the DCGAN and VAE-GAN models are capable of accurately predicting the spatiotempo-

ral flow features as the flow evolves, with CPU speed-up of several orders of magnitude.



In addition, the ANN, LSTM, DCGAN and VAE-GAN models have demonstrated to pro-
vide efficient and accurate forecasts for a long lead-time in applications of streamflow,
flooding and ozone forecasting in spatial and temporal spaces. Finally, the two-hybrid
forecast models (DCGAN-EnKF and ConvLSTM-EnKF) are able to yield long lead-time
forecasts of dynamic states and the use of EnKF in ConvLSTM and DCGAN models suc-
cessfully corrects online model errors and significantly improves the real-time forecasting

of dynamic systems.
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CHAPTER 1

Introduction

1.1 Research motivation and objectives

Numerical simulations of nonlinear fluid flows are used to describe the complex evolu-
tion of many physical processes. Accurate simulations of nonlinear fluid flows are of great
importance to many fields such as flooding, ocean modelling, and atmosphere, in which
systems often exhibit rich flow dynamics in both space and time. Traditional numerical
models have become increasingly complicated by using high spatiotemporal resolutions,
and coupling with subgrid parameterization models in combination with a large volume of
data from experiments and field measurements. This unavoidably leads to uncertainties in
modelling and high computational cost. Recent advances in machine learning technolo-
gies are increasing interest in efficiently simulating nonlinear and complex systems. This

has motivated the development of machine learning applied in fluid dynamic systems.

Recently, deep learning (LeCun et al., 2015), as one of machine learning techniques, has
gained popularity in rapidly predicting nonlinear fluid flows (Kalteh, 2013; Kasiviswanathan
et al., 2016; Kisi et al., 2012; Lohani et al., 2014; Yang et al., 2017; Wang et al., 2018).
The deep learning techniques are capable to handle large datasets and provide nonlinear

fluid flow prediction without prior knowledge of underlying physical relationships. The

1
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striking advantage of deep learning is the deep neural networks with flexible nodes, lay-
ers and activation functions for determining the most appropriate model architecture and
weights in applications (Zadeh et al., 2010; LeCun et al., 2015). This flexible architecture
of deep learning makes it effective to extract high orders of features from raw data, which
improves computation efficiency. Different architectures of neural networks have been

introduced in section 1.2.1.

Tremendous advances in deep learning have been made in recent years for fluid flows, for
example, in turbulence modelling (Mohan and Gaitonde, 2018; Raissi et al., 2019), water
level prediction (Assem et al., 2017), rainfall-runoff simulation (Hu et al., 2018a), and air
pollution modelling (Xiao et al., 2019a). In these various applications, deep learning has
demonstrated a powerful capability in solving complex environmental applications that
include large amounts of independent parameters and nonlinear relationships (Yetilmez-
soy et al., 2011). This opens up huge opportunities for researchers to exploit the potential
of deep learning in numerous research fields and industrial applications. Despite the need
and growing attention to deep learning, there remain several challenges in nonlinear fluid
flow modelling, i.e., spatiotemporal nonlinear fluid flow modelling, large data-driven fluid
flow modelling, real-time forecasting of nonlinear fluid flows beyond the training period,

improvement of the forecasting accuracy in long lead-time (see section 1.2.2).

To overcome these challenges, more recently, Generative Adversarial Networks (GANs)
representing the most recent progress in deep learning techniques (Goodfellow, 2016;
Laloy et al., 2018; Strofer et al., 2018), have been introduced to fluid flow modelling (Xie
et al., 2018). The main specificity of GANs is the competition game between the genera-
tor and discriminator modules. The generator consists of deep neural networks, which can
produce high-dimensional distributions of data to “fool” the discriminator. The discrim-
inator is responsible for distinguishing the real data from the generated data. Nowadays
applications of GANs focus mostly on images (Reed et al., 2016; Li and Wand, 2016;

Isola et al., 2017), rarely on fluid flow problems (Farimani et al., 2017; Xie et al., 2018).
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Thus, the data-driven GAN for dynamic system modelling is the primary focus of this

thesis.

Deep learning for spatiotemporal engineering applications is promising and challenging.
This thesis focuses on two important engineering areas: flooding and air pollution prob-
lems. Floods as one of the most dangerous natural disasters, cause loss of life and property
in many countries in the world. Rapid real-time flood forecasting is of great significance
for flood hazard mitigation and advanced management of policy responses to flooding
disasters (Ham et al., 2019; Wang et al., 2015; Bontempi and Taieb, 2011). In general,
floods are characterized by nonlinearity and non-stationarity fluid flows (Yaseen et al.,
2015; Farajpour et al., 2018; Dai et al., 2014), which exhibit complex spatiotemporal dy-
namics. In addition, the long lead-time flood forecasting faces increasing uncertainties
from various sources, for example, model inputs and parameters. Thus, it is particularly
difficult to make accurate long lead-time flood forecasts in traditional computational dy-
namic models (Bontempi et al., 2012). A deep convolutional GAN in this thesis has been
proposed to tackle challenges presented by the long lead-time flooding forecasting. An-
other example requiring machine learning techniques is ozone forecasting. Efficient and
accurate real-time forecasting of national spatial ozone distribution is critical to the pro-
vision of effective early warning. Traditional numerical air quality models require a high

computational cost associated with running large-scale numerical simulations.

In this thesis, my aim is to develop efficient and accurate machine learning-based mod-
els for spatial and temporal nonlinear fluid flow, atmospheric and flood predictions. The
specific objectives of this work include spatiotemporal modelling, large data-driven mod-
elling and real-time forecasting in flooding and ozone prediction, as well as improvement
of forecasting capability in long lead-time (as shown in Fig. 1.1). Therefore, I have de-
veloped a deep convolutional GAN (DCGAN) for predicting spatiotemporal nonlinear
fluid flow distributions for the first time. For large data-driven prediction, the proposed

DCGAN further couples with a variational autoenocder (VAE-GAN) to predict large data-
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driven flows in spatial and temporal dimensions. Additionally, the proposed DCGAN and
VAE-GAN, as well as artificial neural network (ANN) and a long short term memory
(LSTM) have been developed for real-time streamflow, flooding and ozone forecasting
in spatial and temporal spaces. Both forecasting methodologies consist of dynamic flow
learning and real-time forecasting processes. To further reduce the accumulated error in
real-time forecasting, an ensemble Kalman filter (EnKF) data assimilation technique has
been introduced into a GAN and a convolutional long short term memory (ConvLSTM)
models for nonlinear fluid flow forecasting. The details of the models developed here
are given in Chapters 2 and 3 while the applications to stream flows, flooding and ozone

forecasts are provided in Chapters 4 to 6.

1.2 Literature review of machine learning for spatiotem-

poral prediction

1.2.1 Machine Learning methods

This section provides a summary of deep learning methods, mostly focusing on deep neu-
ral networks, i.e., artificial neural networks, convolutional neural networks, and recurrent

neural networks, as well as introduces Generative adversarial networks.

1.2.1.1 Deep neural networks

Machine learning algorithms have proven to be an effective tool for extracting multi-scale
features and capturing arbitrarily complex input-output relationships from large datasets
(Merghadi et al., 2020; Humphrey et al., 2016; Tahmasebi et al., 2020). According to the
nature of learning signals or feedback, machine learning algorithms are classified broadly
into supervised learning and unsupervised learning. The main difference between the

two algorithms is the use of labelled datasets. Supervised learning uses labelled input
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and output datasets, while unsupervised learning deals with unlabelled datasets. In this
thesis, I will focus on supervised learning algorithms. In recent decades, many supervised
learning algorithms, such as neural networks (NNs) (Nourani and Komasi, 2013; Noori
and Kalin, 2016), support vector machines (SVMs) (Sudheer et al., 2014; Rasouli et al.,
2012; Yaseen et al., 2016; Adnan et al., 2019), fuzzy logic (Alvisi and Franchini, 2011),
and wavelet transform (WT) (Kisi and Cimen, 2011; Fang et al., 2019), have been widely
used in earth science applications. Various studies have shown that these methods are
capable of capturing non-linear processes numerically from large scale datasets (Yaseen

et al., 2015; Rathinasamy et al., 2013; Prasad et al., 2017; Alvisi and Franchini, 2011).

Deep learning (LeCun et al., 2015), as a kind of machine learning, uses deep neural net-
works to extract high-level features from large datasets. Deep neural networks are tech-
nologically advanced as a generalization of mathematical models of human cognition or
neural biology. The development of deep neural networks is based on the following rules,
(i) information processing between neurons, (ii) signals passing between neurons through
connection links, (ii1) weights to represent its connection strength, (iv) a nonlinear trans-
formation on the net input to determine the output. In this section, the popular deep neural
network architectures are introduced in plain and accessible language, and the following
models are considered in detail: artificial neural network (ANN), convolutional neural

network (CNN), and recurrent neural network (RNN).

Artificial neural networks: ANNs, mathematical models of a biologically inspired system,
provide a novel and appealing solution to the problem of relating input and output vari-
ables in complex systems (Basheer and Hajmeer, 2000; Nourani and Komasi, 2013). It re-
quires no information about the underlying complex physical process, while constructing
black-box models of complex and nonlinear relationships between the input and output
variables. In general, an ANN model consists of three typical layers. Each layer processes
a series of neurons, which are fully connected with those of the following layer. The first

layer is the input layer that receives the input data. The hidden layer is the information
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processing section, which uses weights to achieve nonlinear transformation between the
connection links to determine the output. The output layer receives the processed informa-
tion from the last hidden layer and then outputs the result. The weights between different
neurons adjust as learning proceeds with the aim of minimizing the difference between
predicted output and desired output by a back-propagation procedure (Yang et al., 1998).
Since the early 1990s, ANNSs started to receive much attention in earth and environment
sciences and were used in many applications, such as remote sensing (Gopal and Wood-
cock, 1996; Ingram et al., 2005; Meresa, 2019), hydrology modelling (Kisi et al., 2012;
Humphrey et al., 2016), turbulence modelling (Gamahara and Hattori, 2017; Chenyue
et al., 2021), and atmosphere forecasting (Perez-Roa et al., 2006; Pazikadin et al., 2020).
Although widely used, there are some issues associated with ANNs (Shortridge et al.,
2016; Sun et al., 2014; Guo et al., 2011; Kalra et al., 2013). For example, the number
of trainable parameters increases drastically in dealing with high-dimensional datasets

because it is a feed-forward and no parameter-sharing neural network.

Convolutional neural network (CNNs): CNNs, developed by LeCun et al. (1989), were
initially designed for computer vision tasks. In general, a basic structure of CNN includes
input, convolution, pooling, fully connected, and output layers. The convolutional layer is
the main operation in the CNNs, which involves the convolutional operation. Specifically,
the convolutional operation moves a filter across the input layer in a certain order and pro-
duces a feature map. Each movement produces one unit in the feature map by calculating
a dot product between the filter and a small local region of the input, thus enabling a
CNN model to extract features more effectively with spatial contextual information and
reduce the dimension of input (Tahmasebi et al., 2020). Further detailed explanations on
the convolutional function and its variants and pooling layers, can be found in detail in
(Dumoulin and Visin, 2016; Rawat and Wang, 2017). Due to the advantages of convolu-
tional layers, such as local connection, weight sharing, and downsampling dimensionality
reduction (Li et al., 2021), CNNs have the powerful capability of learning hierarchical

representations of complex high-dimensional datasets (e.g., images and videos in 2D or
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3D) and have been extended to various applications, such as image classification and
recognition (Howard, 2013; Hussain et al., 2018), signal processing (Kwon et al., 2020)
and natural language processing (Young et al., 2018). One of limitations of CNNss is the
computation cost associated with large data training (Hosseini et al., 2017). To receive
good performance of prediction and accomplish more complex goals, the CNN archi-
tecture becomes deeper and more complicated, thus leading to intensive computations

(Zhang et al., 2019).

Recurrent neural networks (RNNs): RNNs, are motivated to take advantage of sequential
data (Williams and Zipser, 1989). It is a straightforward adaptation of the standard feed-
forward neural network by processing real data sequences at time steps and predicting
the next time step. The key component of RNNs is the recurring mechanism in hidden
layers, which can integrate information over many timesteps and use it to make accurate
predictions. This design is significant in many applications where the output relies on
previous computations, such as streamflow forecasting (Chang et al., 2004) and natural
language processing (Tarwani and Edem, 2017). Long short term memory (LSTM), as
an excellent variation of RNNs, was introduced by Hochreiter and Schmidhuber (1997).
An LSTM consists of special units (called memory blocks) in the recurrent hidden layers.
Each memory block contains the self-connected memory cells and multiplicative units.
The memory cells are used to store the temporal state of the networks. The multiplicative
units, including the input, output and forget gates, control the flow of information between
the cells. The input gate is responsible for controlling the flow of inputs into the memory
cell, while the output gate conducts the output flow of cell activations. The forget gate
scales the internal state of the cell. LSTM has proved to be a powerful tool for addressing
time-series prediction problems (Hu et al., 2019a). Compared to classical NNs, LSTMs
are able to capture both the periodic and chaotic behaviors of time series data, and learn

their long-range dependencies with greater accuracy (Mouatadid et al., 2019).
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1.2.1.2 Generative adversarial networks (GANS)

GANSs introduced by Goodfellow et al. (2014), have emerged as having a leading role in
producing high-resolution datasets (e.g. images) (Xie et al., 2018; Cheng et al., 2020c).
GAN defines a learning generative network (generator) by transforming a latent variable
into a state variable using nonlinear functions. Then GAN drives the learning process
by discriminating the observed data from the generated data in a discriminator network
(discriminator). Due to the special adversarial architecture, GAN has demonstrated great
capability in producing high-resolution samples in many areas (Liu et al., 2020b; Creswell
et al., 2018), e.g, image synthesis, semantic image editing, super-resolution, style transfer
and video stylization. For example, Chen et al. (2018) proposed a CartoonGAN to gener-
ate high-quality cartoon images from real-world photos, and follow specific artists’ styles
with clear edges and smooth shading. Thawakar et al. (2019) proposed a SR2GAN for
image and video super-resolution to overcome the difficulty of learning transformation
function for synthesizing realistic high-resolution images. Reed et al. (2016) used GANs
to generate photorealistic object images such as flowers and birds given text captions.
Pascual et al. (2017) developed a SEGAN for speech enhancement. They incorporated 28
speakers and 40 different noise conditions at the waveform level into the SEGAN model,
and trained the model end-to-end. The proposed model was validated using an indepen-

dent, unseen test set with two speakers and 20 alternative noise conditions.

Except for the above applications in the image and computer vision areas, GAN-based
techniques have shown promising potential for spatiotemporal-based prediction applica-
tions such as trajectory prediction and link prediction (Gao et al., 2022). Compared to
traditional deep learning methods (e.g., RNNs) which fail to capture the stochastic be-
haviour of spatiotemporal datasets, GANs have superior performance in producing spa-
tiotemporal datasets with high resolution and fidelity. In addition, as the loss functions in
the GAN focus on probability distribution comparison instead of true values, the inputs in

the prediction process which only need to fit the trained data distribution could get a good
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prediction result. Therefore, GAN also has the key advantage that, in principle, any point
in the latent space of inputs could be associated with a realistic-looking solution (Cheng

et al., 2020c).

1.2.2 Challenges of machine learning methods in fluid dynamics mod-

elling

Recent advances in machine learning technologies are increasing of interest for efficiently
simulating flows in dynamical systems (Lusch et al., 2018; Lee and Carlberg, 2018; Mu-
rata et al., 2020). Machine learning has demonstrated its potential capability in fluid flow
applications (Brunton et al., 2020), such as feature extraction (Geneva and Zabaras, 2019;
Ling et al., 2016; Kutz, 2017), and super-resolution (Xie et al., 2018). In this section, I
will focus on the challenges of machine learning in fluid dynamics modelling: spatiotem-
poral prediction, large data-driven prediction, real-time forecasting, and improvement of

forecast accuracy.

1.2.2.1 Spatiotemporal fluid flow modelling

Numerical simulations of fluid dynamics have been indispensable in many applications
relevant to physics and engineering. For improving predictive capability, numerical al-
gorithms have become increasingly sophisticated and complicated by using more spatial
and temporal resolution of datasets (Erichson et al., 2019; Hu et al., 2019a). This often

leads to very large-scale models and unavoidably raises computational challenges.

Recently, deep learning has gained popularity in rapidly predicting nonlinear fluid flows
(Kalteh, 2013; Kasiviswanathan et al., 2016; Kisi et al., 2012; Lohani et al., 2014; Yang
et al., 2017; Wang et al., 2018; Brunton et al., 2019). Various deep learning techniques
have been applied to nonlinear fluid flow prediction (Ling et al., 2016; Moghaddam and

Sadaghiyani, 2018; Raissi et al., 2018). For example, Miyanawala and Jaiman (2017)
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successfully demonstrated to combine fluid solvers with deep neural networks. By em-
ploying deep convolutional neural networks for the model reduction of Navier-Stokes
equations, the Reynolds stress anisotropy was predicted with respect to high-fidelity sim-
ulation data. Furthermore, Moghaddam and Sadaghiyani (2018) used deep learning meth-
ods to extract features of numeric and non-numeric characteristics for multimodal turbu-
lence, containing the information of velocity, pressure, locations of extreme points and
fluid characteristics. It was demonstrated that the deep learning method could provide
accurate predictions. Geneva and Zabaras (2019) proposed the Bayesian deep neural
networks to improve predictions of Reynolds-Averaged Navier Stokes and provide prob-
abilistic bounds for fluid quantities such as velocity and pressure. Despite the fact that
these research efforts demonstrated how to successfully reconstruct flow dynamics, it is
noted that they commonly do not take into account the temporal and spatial evolution of

inputs or parameters, which is crucial for realistic dynamical systems.

More recently, GANs have been introduced to reconstruction of fluid dynamic features
(Farimani et al., 2017; Xie et al., 2018). GANSs represent the most recent progress in
deep learning techniques (Goodfellow, 2016; Laloy et al., 2018; Strofer et al., 2018) and
have been attractive for producing high-resolution samples (e.g. images) (Ledig et al.,
2017; Xie et al., 2018; Creswell et al., 2018). Nowadays applications of GANs focus
mostly on images (see Section 1.2.1.2), rarely on fluid flow problems (Farimani et al.,
2017; Xie et al., 2018). Farimani et al. (2017) first introduced the conditional generative
adversarial networks (cGAN) to simulate steady state heat conduction and incompressible
fluid flow. This study proves that GANs can be effective in exhibiting complex nonlinear
fluid structures. Xie et al. (2018) introduced a temporal discriminator to GANs for solving
the super-resolution problem for smoke flows. In this thesis, I have developed a data-
driven deep convolutional GAN for spatiotemporal fluid flow modelling problems. This

is the first work of GAN applied in nonlinear spatiotemporal fluid flow modelling.
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1.2.2.2 Large data-driven prediction

The numerical simulations have benefited from the availability of high-resolution spa-
tiotemporal data due to recent advances in measurement techniques (Taira et al., 2019),
which make the studies of more complex flows possible. However, the computational cost
involved in solving complex problems is intensive which still precludes the development

in these areas.

Various machine learning-based methods have been adopted for large data-driven fluid
flow modelling (Kani and Elsheikh, 2017; Kutz, 2017; Fresca et al., 2021). For exam-
ple, Kim et al. (2019) adopted a CNN to extract flow features and reconstruct fluid fields.
Gonzalez and Balajewicz (2018a) developed a deep convolutional recurrent autoencoder
for nonlinear model reduction, which identified the low-dimensional feature dynamics
by the high-dimensional datasets and modelled flow dynamics on the underlying mani-
fold space. Wang et al. (2020b) designed a novel deep neural network model reduction
approach for multiscale simulations of porous media flows problems. These models de-
veloped for model reduction are generally based on deep neural networks. The way of di-
mensionality reduction in the deep neural networks is similar to that of Galerkin reduced
order model (ROM) (Fang et al., 2013, 2014; Xiao et al., 2019a), Variational Autoen-
coder (VAE) (Gonzalez and Balajewicz, 2018b) and cluster-based reduced order model
(CROM) (Kaiser et al., 2014; Nair et al., 2019; Osth et al., 2015). These ROMs are able
to compress spatiotemporal flow snapshots into a small number of low-dimensional states
for dynamic modelling, which is also a strategy to reduce computational requirements of
ROMs (Kaiser et al., 2014). Nevertheless, the prominent difference between the neural
networks and existing ROMs lies in the fact that the CROMs or POD based ROMs result
in linear combinations of the original snapshots (Kaiser et al., 2014; Xiao et al., 2016),
while the deep neural networks are able to capture the nonlinear flow transients since the

effective basis functions are non-linear (Miyanawala and Jaiman, 2017).
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To meet the requirements of more complex and huge amount of data in the big data era,
the hidden layers of neural networks have scaled from 1-2 layers to hundreds of layers
(Kutz, 2017). Model architecture, associated with model parameters, determines the re-
lationship between model inputs and outputs. If the network structure is too simple, it
may be unable to capture the relationship. If a complex network is chosen, more compu-
tation will be needed for a large number of parameters (Kutz, 2017). Therefore, a balance
between the model performance and model complexity needs to be considered (Maier
et al., 2010). In this thesis, I have introduced a variational autoencoder into GAN, which
can compress high-dimensional datasets into low-dimensional representations. The low-
dimensional representations, several orders of magnitude smaller than the dimensional
size of the original datasets, are then applied to the adversarial network for representa-
tion learning and parameter optimization, thus accelerating the computation process and

maintaining the accuracy.

1.2.2.3 Real-time forecasting

Natural disasters, such as flooding and air pollution, cause loss of life and property in
many countries in the world. For example, according to a report by the Parliamentary
Office of Science and Technology (POST, 2007), urban flooding causes losses of 270 mil-
lion pounds per year in England and Wales with 80,000 homes at risk. Therefore, rapid
real-time forecasting is of great significance for natural hazard mitigation and advanced
management of policy responses to natural disasters (Ham et al., 2019; Wang et al., 2015;
Bontempi and Taieb, 2011). In general, fluid flows are characterized by nonlinearity and
non-stationarity (Yaseen et al., 2015; Farajpour et al., 2018; Dai et al., 2014), which ex-
hibit complex spatiotemporal dynamics. In addition, the long lead-time forecasting faces
increasing uncertainties from various sources, for example, model inputs and parameters.
Thus, it is particularly difficult to make accurate long lead-time fluid flow forecasts in

traditional computational dynamic models (Bontempi et al., 2012).
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Recent progress in machine learning has shown how to learn the dynamics of a model
from its history datasets and forecast beyond the training period, to some extent (Ferreira
and da Cunha, 2020; Papacharalampous et al., 2019). For example, Shi et al. (2015) first
introduced CNN to LSTM (ConvLSTM) for precipitation nowcasting. In the work of Lin
and Wu (2011), radial basis function neural network (RBFNN) were respectively utilized
to provide the 3 hours and 6 hours ahead forecasting. In addition, Random Forest (RF),
ANN, and Support Vector Regression (SVR) are employed and compared with respect
to their capabilities were used to predict 1 month-ahead reservoir inflows in the study of
Yang et al. (2017). Adamowski and Sun (2010) developed a coupled wavelet transform
and neural networks method for 1 day and 3 days flow forecasting. Furthermore, the study
of Badrzadeh et al. (2013) indicated that for 1, 2, 3, 4 and 5 days ahead forecasting could
be achieved by a combination of different input datasets with ANN and ANFIS. Chen
et al. (2020a) proposed an Auto-Reservoir Neural Network to make multi-step-ahead pre-
dictions based on a short-term time series. Similarly, da Silva et al. (2021) combined a
Complete Ensemble Empirical Mode Decomposition (CEEMD) with Stacking-ensemble
learning (STACK) based on machine learning algorithms to forecast up to 30-minute-

ahead of wind turbine power generation in a wind farm at Parazinho city, Brazil.

Considering that the site-specific data-driven machine learning models may disregard
the potential nonlinear spatial correlation among stations (Zhou et al., 2019), some re-
searchers have attempted to explore multi-step-ahead forecasts on a regional scale in re-
cent years. Wiewel et al. (2019) also proposed the hybrid CNN-LSTM for predicting the
one-step-ahead fluid field of the physic system. Zhang et al. (2020) used a spatiotem-
poral deep learning algorithm based on bidirectional gated recurrent unit integrated with
attention mechanism (BiAGRU) for 24h ahead air pollution prediction using Huaihai Eco-
nomic Zone dataset. Kow et al. (2020) made 10-step-ahead PM2.5 forecasts for multiple
stations at multiple horizons by combining a CNN and a Back Propagation Neural Net-
work (BPNN). Zhou et al. (2019) proposed a Deep Multi-output LSTM (DM-LSTM)

neural network model for 4-step-ahead air quality forecasting in Taipei City, Taiwan.
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Notwithstanding the success of machine learning in the aforementioned applications,
most of these models are applicable to sequence nowcasting using the history datasets,
and only one-timestep-ahead or very short lead-time forecast could be achieved (Yaseen
et al., 2018; Prakash et al., 2014; Huang et al., 2015; Bento et al., 2020; Fan et al., 2020).
There are two challenges in real-time forecasting for a long lead-time, i.e., uncertainty and
accumulated forecast error. The uncertainty in future flow dynamics may derive from me-
teorological, hydrological and boundary condition uncertainty. It is necessary to explore
whether the trained machine learning model using the datasets in the past is able to pre-
dict the future flow dynamics (beyond the training period). This is dependent on whether
the available training datasets are good/big enough for capturing various complex fluid
flow dynamics in the future. In real-time forecasting, the predicted variable solution from
the previous time levels is used as inputs for prediction at the next time levels. With
increasing the length of the forecast, the cumulative error in time series prediction may
become larger, thus leading to a predictive failure in long lead-time forecasting. In the
work of Hu et al. (2019a), it was found that the predictive accuracy in LSTM modelling
decayed rapidly when the predictive lead-time was extended beyond the training period.
This indicates that capturing dependencies of features between successive time periods
in the model becomes more intractable as the prediction horizon extends in time. In this
thesis, I have developed a recursively forecasting strategy in the GANs for long lead-time

spatiotemporal forecasting.

1.2.2.4 Accuracy improvement in real-time forecasting

As discussed in the last section, due to the instabilities and biases in forecasting the overall
effect of subgrid-scale processes, the performance of the model generally decays as the
forecasting horizon extends beyond the given period (Xu et al., 2021; Cheng et al., 2020a),
while data assimilation may be a suitable approach to address this issue (Fang et al., 2017;

Buizza et al., 2021).



1.2. Literature review of machine learning for spatiotemporal prediction 15

Data assimilation techniques are used to integrate the state of the dynamic system at a
given time from its time-distributed observations and numerical solutions in an optimal
way, thus reducing its uncertainty (Eyre, 2016; Fang et al., 2006; Tang et al., 2018). In par-
ticular, the Kalman filter originally proposed by Kalman (1960), is a widely used optimal
sequential data assimilation method for linear state-space systems and measurement pro-
cesses with Gaussian error statistics. Ensemble Kalman filter (EnKF) as a special Kalman
filter (Evensen, 1994), has been widely are being extensively utilized in many fields, such
as geosciences (Keller et al., 2021), hydrology (Clark et al., 2008; Bao et al., 2020) and
physics (Yang et al., 2019; Fujita et al., 2007; Sampson et al., 2021; Pawar et al., 2020),
to correct background predictions based on a combination of heterogeneous measurement
data coming from ground observations, experiments and remote sensing (Pawar and San,

2021).

Recent works have also drawn attention to combining EnKF with machine learning mod-
els. Recent works have also drawn attention to combining data assimilation with machine
learning models in dynamic systems modelling. Considering the evolution of a dynamic
system:

X(ts-i-ét) = M(X(ts>) +g(ts) (1.1)

where M represents the dynamic model, X'(t) is the state variable at time ¢,, and £(¢5)
is the model noise. Data assimilation methods are used for reducing the error £ by the
inclusion of observational data into the dynamic model M, thus improving forecast ac-
curacy (referred to as M ppysicat + Epa mode). While it is fairly new and limited, a hybrid

data assimilation (DA) and machine learning (ML) model can be generally classified as:

(1) X(tssst) = Mpnysicat(X(ts)) + Epasrmr(ts): The dynamic model is physical-
informed modelling, where the dynamic processes are represented by the governing
equations. The physical models can thus be used for complex nonlinear dynamic
simulations, but require a high computational cost. Machine learning techniques

are here used for efficient data assimilation in real-time forecast. Machine learn-
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2)

3)

4

ing models learn the assimilation process (error term &) and improve the predictive
accuracy of physical models (Wu et al., 2021; Pawar et al., 2020; Bao et al., 2020;
Farchi et al., 2021; Brajard et al., 2020; Wikner et al., 2021; Buizza et al., 2021).
For example, Bao et al. (2020) coupled the EnKF with a Generative Adversarial
Networks (GAN) to update the latent variable by assimilating dynamic data into

the groundwater model.

X (tsyst) = Mphysicaltparameterizedp a0 (X (ts)) + E(¢5): Data assimilation and
machine learning techniques can be used for parameterization in physical models
(Pawar and San, 2021; Brajard et al., 2021; Legler and Janji¢, 2021). For example,
Pawar and San (2021) used a set of neural network architectures to learn the corre-
lation between resolved flow variables and the parametrizations of unresolved flow
dynamics, where an EnKF data assimilation approach was used to correct the error

in the trained neural networks.

X (tsist) = Murpepa(X(ts))+E(ts): Instead of physical models, a machine learn-
ing model is used as a forward surrogate dynamic model M, where the computa-
tional cost is significantly reduced in comparison to physical models. Here data
assimilation techniques are used for training the machine learning models. For
example, the data was assimilated for training the parameters (weights) within the
network’s hidden layers (Peyron et al., 2021; Buizza et al., 2021; Kang et al., 2021).
Machine learning models (e.g. autoencoders) exploit the latent structure and data
assimilation corrects model errors in the latent space. Note that data assimilation
techniques are used only during the training period, whereas discussed above, the
predictive accuracy in machine learning modelling will decay during long lead-time

forecast.

X (tsist) = Muyp(X(ts)) + Eparmr(ts): Data assimilation is used not only for
training machine learning models, but also correcting the error term £ from ma-

chine learning models, thus improving predictive accuracy. In current works (e.g.
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Gottwald and Reich (2021)), data assimilation techniques are used for updating the
outputs in machine learning modelling just once, not for long term real-time fore-

casting.

Generally speaking, the data assimilation improves the predictive capability of physic-
based-data-driven and pure data-driven models, and the hybrid frameworks hold immense
potential in physical sciences (Boucher et al., 2020). Despite these advanced trends, most
of the hybrid frameworks either rely on the physical models as a forward model with high
computation burden or use machine learning models with limited forecasting capability,
to make short term forecasts. Thus, they are not applicable to efficiently make long lead-
time forecasts of nonlinear dynamic systems. In this thesis, I have proposed a hybrid data
assimilation and machine learning-based long lead-time forecast framework (M, +
Eparnr mode). The ConvLSTM and DCGAN, acting as the dynamic surrogate model

M1, are used for efficient calculation of ensembles as well as long term forecasts.

1.3 Original contributions

The novel contributions in this thesis are followings:

(1) First development of a deep convolutional generative adversarial network (DC-
GAN) for predicting spatiotemporal flow distributions. This is the first attempt to
use the DCGAN for predictive analysis in fluid flow problems. Its capabilities have
been validated using two test cases of Hokkaido tsunami with different incoming
waves along the coastal line in Chapter 2 and further realistic applications in Chap-

ters 4 to 6.

(2) Development of a hybrid deep adversarial autoencoder (VAE-GAN) model for large
data-driven nonlinear fluid flow prediction. The introduction of variational autoen-

coder into GAN is for reducing the dimensionality of large datasets. The capability
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3)

“4)

®)

(6)

of the hybrid VAE-GAN is illustrated by varying inputs on a flow past a cylinder test
case as well as the second case of water column collapse in Chapter 3 and further

realistic applications in Chapters 4 to 6.

Daily and monthly streamflow forecasts in Thailand using an artificial neural net-
work (ANN) and a long short term memory (LSTM). The ANN and LSTM models
are trained and validated for daily and monthly streamflow forecasting using the
rainfall and runoff datasets collected from the Nan River Basin and Ping River

Basin, Thailand (in Chapter 4).

Spatial-temporal flooding forecasting in Denmark using a real-time DCGAN frame-
work. The proposed methodology consists of a two-stage process: 1) dynamic flow
learning and 2) real-time forecasting. In dynamic flow learning, deep convolutional
neural networks are trained to capture the underlying flow patterns of spatiotempo-
ral flow fields. In real-time forecasting, the DCGAN adopts a cascade predictive
procedure. The last one-timestep-ahead forecast from the DCGAN can act as a new
input for the next timestep-ahead forecast, which forms a long lead-time forecast
in a recursive way. The model capability has been assessed using a 100-year return

period extreme flood event occurred in Greve, Denmark (in Chapter 5).

Real-time spatiotemporal ozone forecast in China. Three new machine learning
models have been developed using a high spatial resolution (15km x 15km) ozone
datasets: a ConvLSTM and a DCGAN for hourly and daily spatiotemporal ozone
prediction, and a hybrid VAE-GAN for providing ozone forecasts for a long lead-

time beyond the training period (in Chapter 6).

An ensemble Kalman filter (EnKF) for GAN and ConvLSTM (GAN-ConvLSTM)
based long lead-time forecasting system has been proposed. The two-hybrid models
yield long lead-time forecasts of dynamic states based on an iterative Multi-Input
Multi-Output (MIMO) algorithm. The EnKF embedded in hybrid models is capable

of reducing the uncertainty of long lead-time forecasts of chaotic dynamic systems.
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The performance of the hybrid models has been demonstrated by a Lorenz 96 model

(in Chapter 7).

1.4 Thesis outline

The aim of this research is to develop generative adversarial networks for nonlinear fluid
flow modelling and forecasting in spatial and temporal scales as shown in Fig. 1.1. This

thesis is organised as follows:

Introduction, Literature Review, Research objectives (Chapter 1)

Spatiotemporal Modelling Large Data-driven Modelling
<> Data.-driven s.,patiotemporal_ % A hybrid VAE-GAN model for
nonlinear fluid flow modelling large data-driven modelling
using DCGAN (Chapter 2) (Chapter 3)
Forecasting with DA Real-time Forecasting
« ANN and LSTM for streamflow
% Ensemble Kalman filter for forecasting at sites (Chapter 4)
GAN-ConvLSTM based long <+ DCGAN for spatiotemporal
lead-time forecasting flooding forecasting (Chapter 5)
(Chapter 7) «+ Hybrid VAE-GAN for national air
pollution forecasting (Chapter 6)

Conclusions and Future work (Chapter 8)

Fig. 1.1. Thesis structure and inter-relationships between individual chapters.

Chapter 1 is a brief introduction, including the objectives, literature review, original con-

tributions and the outline of the thesis.

Chapter 2 proposed a general deep convolutional generative adversarial network (DC-
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GAN) for nonlinear spatiotemporal fluid flow modelling. This Chapter is derived from:
Cheng, M., Fang, F., Pain, C.C. and Navon, [.M., 2020. Data-driven modelling of non-
linear spatiotemporal fluid flows using a deep convolutional generative adversarial net-

work. Computer Methods in Applied Mechanics and Engineering, 365, p.113000.

Chapter 3 presents a hybrid deep adversarial autoencoder (VAE-GAN) to integrate gen-
erative adversarial network (GAN) and variational autoencoder (VAE) for predicting pa-
rameterized nonlinear fluid flows in spatial and temporal dimensions. This Chapter is
derived from:

Cheng, M., Fang, F., Pain, C.C. and Navon, [.M., 2020. An advanced hybrid deep adver-
sarial autoencoder for parameterized nonlinear fluid flow modelling, Computer Methods

in Applied Mechanics and Engineering, 372, p. 113375.

Chapter 4 proposes an artificial neural network (ANN) and a long short term memory
(LSTM), a powerful tool for learning long-term temporal dependencies and capturing
nonlinear relationships, to forecast streamflow at daily and monthly scales for a long
lead-time period. This Chapter is derived from:

Cheng, M., Fang, F., Kinouchi, T., Navon, .M. and Pain, C.C., 2020. Long lead-time
daily and monthly streamflow forecasting using machine learning methods. Journal of

Hydrology, 590, p.125376.

Chapter 5 develops a real-time predictive deep convolutional generative adversarial net-
work (DCGAN) for flooding forecasting. This Chapter is derived from:

Cheng, M., Fang, F., Navon, .M. and Pain, C.C., 2021. A real-time flow forecasting
with deep convolutional generative adversarial network: Application to flooding event in

Denmark. Physics of Fluids, 33(5), p.056602.

Chapter 6 demonstrates the prediction and forecasting performances of VAE-GAN and
ConvLSTM in hourly and daily spatiotemporal ozone forecasts over China. This Chapter
is derived from and expands upon::

Cheng, M., Fang, F., Navon, .M., Zheng, J., Tang, X., Zhu, J. and Pain, C., Spatiotem-
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poral Hourly and Daily Ozone Forecasting in China Using a Hybrid Machine Learning
Model: Autoencoder and Generative Adversarial Networks. Journal of Advances in Mod-

eling Earth Systems, p.e2021MS002806.

Cheng, M., Fang, F., Navon, .M., Zheng, J., Zhu, J. and Pain, C.C., 2022. Assessing
uncertainty and heterogeneity in machine learning-based spatiotemporal ozone prediction

in China. To be submitted.

Chapter 7 exploits an ensemble Kalman filter (EnKF) for generative adversarial network
and convolutional long short term memory (GAN-ConvLSTM) based long lead-time fore-
casting system. This Chapter is derived from:

Cheng, M., Fang, F., Navon, .M., and Pain, C., Ensemble Kalman filter for GAN-

ConvLSTM based long lead-time forecasting. Submitted.

Chapter 8 presents the conclusion of this research and makes recommendations for future

research.



CHAPTER 2

Development of a deep convolutional
generative adversarial network for

nonlinear spatiotemporal fluid flows

Deep learning techniques for improving fluid flow modelling have gained significant at-
tention in recent years. Advanced deep learning techniques achieve great progress in
rapidly predicting fluid flows without prior knowledge of the underlying physical relation-
ships. However, most of existing researches focused mainly on either sequence learning
or spatial learning, rarely on both spatial and temporal dynamics of fluid flows (Reich-
stein et al., 2019). In this work, an Artificial Intelligence (Al) fluid model based on a gen-
eral deep convolutional generative adversarial network (DCGAN) has been developed for
predicting spatiotemporal flow distributions. In deep convolutional networks, the high-
dimensional flows can be converted into the low-dimensional “latent” representations.
The complex features of flow dynamics can be captured by the adversarial networks. The
above DCGAN fluid model enables us to provide reasonable predictive accuracy of flow
fields while maintaining a high computational efficiency. The performance of the DC-
GAN is illustrated for two test cases of Hokkaido tsunami with different incoming waves

along the coastal line. It is demonstrated that the results from the DCGAN are compa-

22
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rable with those from the original high fidelity model (Fluidity). The spatiotemporal flow
features have been represented as the flow evolves, especially, the wave phases and flow
peaks can be captured accurately. In addition, the results illustrate that the online CPU
cost is reduced by five orders of magnitude compared to the original high fidelity model
simulations. The promising results show that the DCGAN can provide rapid and reliable

spatiotemporal prediction for nonlinear fluid flows.

This chapter is derived from and expands upon Cheng et al. (2020c).

2.1 Introduction

In this work, I have developed a deep convolutional generative adversarial network (DC-
GAN) (Radford et al., 2015) for nonlinear unsteady fluid flow problems. This is the first
attempt to use the DCGAN for predictive analysis in fluid flow problems. As is well
known, both spatially and temporally flow dynamic properties are important in predic-
tion. Classic machine learning approaches exploit dependencies in time or space, rarely
both spatiotemporal dependencies (Reichstein et al., 2019). Here, the DCGAN is first
used to extract the spatiotemporal coherence of the original high-dimensional fluid fields.
The high-dimensional nonlinear fluid flow features can be converted into low-dimensional
“latent” representations. With discriminating the real fluid fields and their realizations in
the low-dimensional latent space, the training process herein is fast. This alleviates the
problem of large data-driven modelling. In addition, GAN also has the key advantage
that, in principle, any point in the latent space of inputs will be associated with a realistic

looking solution.

The DCGAN is a general and efficient numerical tool for rapidly predicting nonlinear fluid
flows for given inputs. In this work, I have successfully applied the DCGAN to a tsunami
case in the southwestern Hokkaido Island, Japan. The performance of the DCGAN has

been evaluated by comparing the results obtained with those from an unstructured mesh
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finite element model (Fluidity) (Pain et al., 2001).

The structure of this article is organized as follows. Section 2.2 presents the governing
equation for nonlinear fluid flows in dynamic systems. The architecture of the DCGAN is
briefly introduced in section 2.3. The detailed process for the large data-driven modelling
is described in section 2.4. Section 2.5 illustrates the capability of the DCGAN in the
tsunami case, which entails the snapshot-based datasets generation with the different wave
characteristics and the DCGAN training. Results of cases and the model efficiency are

then presented in section 2.6. Conclusions are drawn in section 2.7.

2.2 Governing equations for nonlinear fluid flow predic-

tion problems

Nonlinear fluid flows are usually simulated by solving the complex non-linear equations
(for example, Navier-Stokes (NS) equations, Lorenz equations and shallow water equa-
tions) in the computational fluid dynamic models. In a general way, the governing equa-
tion of dynamic flows can be expressed as:

4 _

= = [ m5,%.1), @.1)

where ¢ is the state variable to be predicted (for example, water depth and velocity), u
represents the inputs (for example, initial and boundary conditions, modelling parameters)
,X = (z,y, z) denotes the spatial coordinate system, s is the source term, and ¢ is the time.
f represents the nonlinear forcing factors which can result in a change in variable ¢, for

example, forces acting on the fluid element, diffusion, source and absorption terms.

This work focuses on the spatiotemporal fluid simulations that are driven by the inputs
(for example, initial and boundary conditions, modelling parameters). The nonlinear re-

lationship between the fluid flow solutions ¢ and the inputs ;. in Eq.(2.1) can be re-written
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in a general way:

6 =P(u), (2.2)

where P represents a dynamic model. In this work, the dynamic model P will be repre-
sented by the DCGAN introduced in section 2.4. Based on a series of inputs j, the main
objective of this work is to develop a new DCGAN tool for simulating the spatiotemporal

distribution of nonlinear fluid flows ¢.

2.3 Adversarial network architecture

A generative adversarial network comprises a generator module (G) and a discriminator
module (D), as shown in Fig. 2.1. The role of the generator is to map a random dataset p
(taking as inputs) into a desired output dataset ¢. In traditional GANs, the random dataset
i is typically a Gaussian or uniform noise ranging from zero to one. The discriminator
is used for distinguishing the real datasets ¢, (the targeted outputs) from the generated
outputs ¢. In the discriminator, D(¢,) = 1 if the targeted outputs are accepted while

D(G(p)) = 0 if they are rejected.

In general, the training process in GAN can be considered as a minimization-maximization

problem based on a cross entropy loss function J(D, G)):

mGin max Eurpaaa(en 108 D(0a)] + Epp, gy [log(1 — D(G(1)))], (2.3)

where p,, (1) is a prior distribution for the random dataset p, and pyqe.(¢q) is the corre-

sponding probability data distribution for the targeted outputs ¢,.
In particular, the min-max process consists of two steps:

* Given a fixed generator, updating the discriminator by maximizing the discrimina-

tor function max J®) (0([) ), G(G)> (where 0(P) represents the parameters in the cost
0
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functions of the discriminator, and the function J?) is differentiable.).

IO (6P, 69) = By o108 D60, 6]+ By ollog(1-D(G 1), 6, 6]
2.4)

« Updating the generator by minimizing the generator function, i.e. H(lér)l J@) (0(D ), G(G)>
0
(where 6(©) represents the parameter in the cost functions of the generator, and the

function J(©) is differentiable.)

IO (00),09) = By, ollog(1 = DG (0))]. 2.5)

Following Goodfellow et al. (2014), the min-max game has a global optimum for p,(¢) = Daata(Pa)
(where p, is a probability distribution of the generated output ¢ when p ~ p,(u)), if D
and G have enough capacity. The optimal discriminator for the J*)(G, D) can be char-

acterized by:

* pdata(de)
D = 2.6
((bd) pdata(¢d) + pg<¢> ( )
The minimax game in Eq.(2.3) can be rewritten as
JOG, D) = E, . 1 Pdata(Pa) LB py(9)
mgx ( ) ¢ pdam[ ©8 pdata(¢d) + pg(gb)} ~Pa [ o8 pdata(gbd) + pg(¢)]
2.7)

When the D*(¢,4) = %, the generator can use any random dataset p to synthesis the gen-
erated outputs ¢, and the discriminator loses the ability to distinguish between the real

dataset ¢, and generated ones ¢.

D)

Gradient-based algorithms can be used for optimization of parameters #(%), §() in the

generator and discriminator. For details see sections below.
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Fig. 2.1. Deep convolutional generative adversarial network architecture. The ¢ and ¢,

can be represented by fluid flow solutions (e.g. water depth).
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2.4 Deep convolutional GAN for spatiotemporal data-driven

modelling

In this section, the details of constructing a predictive DCGAN for modelling nonlinear
fluid flows are provided. First, a number of inputs and solution snapshots from a high fi-
delity model (as training datasets) are scaled for the deep convolutional neural networks.
The DCGAN is then trained in the forward and backward propagations. Finally for any
given new inputs, the spatiotemporal distributions of results ¢ are obtained by the predic-

tive DCGAN.

2.4.1 Spatiotemporal datasets for deep convolutional networks
2.4.1.1 Input and output datasets

For spatiotemporal simulations, the output dataset in Eq.(2.1) can be expressed:

I t1 t1 t1 |
1 2 P NL
N
¢ = T =09 ), (2.8)
e
while the input dataset
po= (", ) (2.9)

where the variables: ¢, u € R™*™ where N, is the number of timesteps and N, denotes
the number of points in grids of the computational domain (). For the inputs p, N,

represents the points along the boundary, such as the left boundary in Fig. 2.4. In a
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DCGAN, the outputs ¢ can be re-constructed in a tensor form:

b peRTT SR (2.10)
where the H represents the number of timesteps /V;, W 1is set to one, DD denotes the
number of points N, in the computational domain 2. This is similar to traditional image
processing by convolutional neural networks, while D is represented with one or three
invariant RGB color values at each pixel in rectangular images. In this way, the feature
extraction process of fluid fields with unstructured mesh is to capture complicated non-
linear fluid patterns in all timesteps at every point. Considering the temporal feature
extraction by the square filters, the zero-padding operator is used to preserve the original

input size.

2.4.1.2 Scaled datasets for deep convolutional networks

For numerical stabilization during the training process, all the inputs p as well as the out-
puts ¢ are scaled into a range between zero and one, as recommended by Lee and Carlberg
(2018). The scale operator on the inputs ;. and outputs ¢ at time level ¢; (t; € [0,ty,])

and at point n (n € [0, N,]), is given by:

tj tj
. Un Hmin Tt ¢n (bmzn
= o "B gy O Omin

: 2.11)
Hmaz — Hmin Cbmax - ¢min

where all quantities with a widetilde denote the scaled values, and the subscripts max and

min represent the maximum and minimum values of ;1 and ¢, respectively.

After obtaining results ((Zn) from the final convolutional layer, the generated data will be

rescaled back to the original scale ¢ by:

¢fzj = 551] (¢max - ¢mzn) + ¢mzn (212)
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2.4.2 Forward propagation

The DCGAN architecture is shown in Fig. 2.1. Here convolutional neural networks are
used for extracting the spatiotemporal features. The CNNs define the relationships be-
tween the input and the output feature maps. In CNNs, the scaled values are used here.

For simplicity, the widetilde in equations is dropped out afterwards.

2.4.2.1 Convolutional neural network in simulations of spatiotemporal flows

A CNN consists of convolutional layers and pooling layers. To preserve the size of the
feature maps, zeros are padded around input feature maps. The filters with a size of

N, x N, are used with a stride in CNNs .

The convolutional operation between the m!” input feature map in the (I — 1) layer and

the n'" output feature map in the I*" layer can be expressed as follows:

. N N,xN, .
. isP
di =0 (bt Y Y whdam |, (2.13)
m=1 p=1
and the variables:
th, _ ..
. Q%p .m e (1,... ,N} ') represents the value of a neuron (at temporal position té-

and at spatial position p) of the m!" input feature map in the (I — 1) layer;

th, .
0 p, ne(l,....,N ]lc) represents the value of neurons (at temporal position té- and

at spatial position p) of the n'* output feature map at convolutional layer /;

. N]lfl and N jlc are the number of feature maps in convolutional layers [ — 1 and [

respectively;

* N, x N, size of filters with a stride.
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* o represents the activation function;
e wP is the weight at position p of the m" input feature map in the (I — 1)* layer;
* b, is the bias of the n'" output feature map in the [** layer.

The operation between the convolutional layers [ — 1 and [ in Eq.(2.13) can be re-written

in a general way:

&= M(¢i-1), (2.14)

where

(bl = ((bl?' . '7¢tj7 .- 'J(bNtl)Tu (blfl = (¢17 s 7¢t§7 s 7¢Né71)T (215)

where NV, ; and /N, are the number of temporal positions connected to spatial feature maps

in convolutional layers [ — 1 and [ respectively; and

tl-_ 1

i "} "} -1 -1
05 = (07, i), B = (00 B s ON), (216)

where N1 and N! are the number of spatial feature maps in convolutional layers [ — 1

and [ respectively.

2.4.2.2 CNNs in the generator and discriminator

Given a set of input feature maps y;,7 € (1, Ny) defined in Eq.(2.9), the convolutional

operation for the generator can be expressed:
6 =G(n) = M3 MM (), (2.17)

while the discriminator is used for distinguishing the real datasets ¢, (the targeted outputs)

from the generated outputs ¢ = G ()

D (64, G(1)) = MU, .. MPIMP (64,6 () (2.18)
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where L(©) and L(P) are the number of convolutional layers used in the generator and
discriminator respectively. For the hidden layers, the rectifier non-linearity (ReLU) acti-
vation function (f(z) = max(0, z)) is chosen as the activation function. For the output
layer, the hyperbolic tangent function (f(z) = tanh(x)) is adopted in the generator, while
the sigmoid function (f(z) = 1/(1 + exp~™)) is employed in the discriminator (Mosser

et al., 2017; Lee and You, 2018).

2.4.3 Backward propagation

Let 0P) = (w®) b)) and 6@ = (w@ b)) represent the weights and biases in the
cost functions of the discriminator and generator, respectively. To minimax the cost func-
tion J(D, G), the parameters 0(%) and §P) are updated by the surrogate loss (Metz et al.,
2016) at the backward propagation:

B) SN CONE) ) ORI ORI CICN)

00(S) N 86\ (9 (D)) dg(@) ’
(2.19)

PG Q(G)_n(

oJP) (6P) (&) (9(&) g(D)y) oJ®) (0P, 9@ () 9P))) dp() (9(S) | 9(P))
+

(D) (D)
O = 0 4n( 296D) 9610 (9@ (D) 16D )
(2.20)
where P is the iterated steps, as P — oo, the 0}1’) achieves a local optimum, where
(D)
d
ag;?) = 0.

The adaptive Moment Estimation (Adam) optimizer is adopted (Kingma and Ba, 2014)
to optimize the values of parameters (”) and 6() | with a learning rate of 0.0002. The
learning rate is chosen by a trial and error method. If the learning rate is low, then the
generator is hard to fool the discriminator and optimization will take a lot of time because
steps towards the minimum of the loss function are tiny. If the learning rate is high,

then training may not converge or even diverge. The discriminator loses its power to
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distinguish which is true or fake very quickly. The processes of forward and backward

propagations in the DCGAN are summarized in algorithm 1.

Algorithm 2.1 Forward and backward propagations in the DCGAN.

o Sample {p', p'2, ... p'Ve} from the inputs .
o Sample {¢}, 62, ..., ¢} from the real datasets.
* Scale the datasets (u, ¢4)
for K = 1 to Nk (the number of training iterations) do
for P = 1 to Np (iterations for updating the discriminator) do
« Compute the outputs in the generator: ¢ = G(u, 6(%))

» Compute the probability in the discriminator: D <¢d, G(u, 09, 0P )>
« Update the #P) in the discriminator by ascending its stochastic gradient:

dJ(D)(Q(G)7 Q(D))
do(D)

0P 9P 4

end for
« Update the #(%) in the generator by descending its stochastic gradient:

dJ@ (9@ gDy

(@) G _
0\~ «— 0 n 70©

end for
* Rescale the outputs (¢)

2.4.4 'Training and predictive processes

Offline training and validation processes= Given N pairs of input-output (11, ¢4) € (U4, G1)
during the training and validation processes (as shown in Fig. 2.2(a)), the input datasets
s € Uy, are:

Ng X Ng

Vi o s € R ,s€{l,.., N}, 2.21)
while the corresponding output datasets ¢, s € ¢y, are:

b das €R s € {1,..., N}, (2.22)
where ;. and ¢;. denote the training inputs and the targeted outputs, respectively. A

predictive DCGAN can be obtained after the training process (for details, see algorithm

I).
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Online prediction process=- Given a new series of predicted inputs p € (9\y,) (where )
is the whole inputs, ¥, is the training and validated inputs), the spatiotemporal distribu-

tions of results ¢ are obtained by the predictive DCGAN (as shown in Fig. 2.2(b)).

(a) Offline Training and Validation Process (b) Online Predictive Process
Predictive Datasets
AVAVEENNAVAVEENEN IAVAVE o
>
. Timestep Timestep Timestep ™ W\/ ¢ = 7|l Domain Area
—— - N7 =
| 1+ nat R SR j | e
l t';zAt | t+nAt ... H t+nAt >
dar 5 t+AF o 5 +A+12At Pax 5 t+A+12At u /\/\/ . - 4% Domain Area
| ! DCGANG
1 DCGANS . (Generator)
(Generator&Discriminator)

B 0 | Bl i 0 | [ 5 Tmetw e
l L SRERY l UL tenar l Wt nar A tsnas = t+nAt
+ 201 '+ 2a1 f+201 ? f+2A1 ? e
I+ At 1+ At . | Jt+At
L P L3 = [N § &, - b -

Fig. 2.2. Overview of the DCGAN in offline training process and online predictive pro-
cess of constructing fluid fields.

2.5 Numerical examples

In this section, two flooding examples are presented to illustrate the capabilities of the
DCGAN in resolving nonlinear fluid flow problem governed by the NS equations. In
these examples, the inputs are a series of incoming waves along the coastal line while the

corresponding outputs are the flooding solutions (e.g. water depth).

2.5.1 Descriptions of study cases

To demonstrate the predictive capability of the DCGAN for dynamic fluid flows, it has
been applied to a case of flooding in Hokkaido, Japan. The flooding happened in 1993,
caused by the Hokkaido Nansei-Oki earthquake offshore of southwestern Hokkaido Is-

land, Japan. Incoming waves along the coastal line have been identified as an important
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driver for flood hazards in coastal areas. The increased demand to improve flood predic-
tion requires better understanding of uncertainties associated with flood hazards due to
the variability of waves (Hu et al., 2018b, 2019b). In our flooding study cases, the charac-
teristics of waves including the wave phase and wave height were considered. The phase
variation represents the lags in timing of simulated flows (Prakash et al., 2014; Chang
and Tsai, 2016), and the wave height variation indicates the magnitude of the flow peak

(Kasiviswanathan et al., 2016; Chang and Tsai, 2016).

To investigate the danger caused by the wave run-up and flooding, two series of incoming
waves (H(®) e = (1,2)) are given and included in the inputs y in two study cases, where
each series of waves contains 13 types of waves, as shown in Fig. 2.3. The wave series

can be expressed as followings:

Case 1: variation of wave phases

HY = 0.01sin(t + %s), 0<t<50,5=0,1,2,...,12, (2.23)

Case 2: variation of wave heights
H® =0.01(0.4 4 0.1s) sin(t),0 < t < 50,5 = 0,1,2,...,11, 26, (2.24)

where H") and H® are the wave height (unit: m); ¢ denotes the time (unit: s); and s
represents the wave phase. Two cases are an initial try to use the DCGAN for spatiotem-
poral fluid flow prediction. Therefore, I only change the wave phase and wave height with
the constant wave shape in both cases. In Chapter 5, the DCGAN is proven to make flood

predictions using varied shapes of waves in Denmark.
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Fig. 2.3. Input varied waves for two cases: (a) representing the wave phase variation and
(b) representing the wave height variation.

To simulate this tsunami, Fluidity (referred as the original high fidelity model, developed
at Imperial College London, for details see Pain et al. (2001)) is employed to generate the
training and validation datasets by solving the NS equations on unstructured finite element
meshes. The computational domain is 5.448m x 3.402m in horizontal, and one element
deep is applied in vertical. The detailed bathymetry and coastal topography in model
setup are referred to Funke et al. (2011). As shown in Fig. 2.4, the free-surface elevation
on the left boundary was set to the incoming wave height, and no normal flow boundary

condition was given to the remaining boundaries. The wetting and drying threshold value
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was chosen to be 0.5mm. In addition, the gravity magnitude was set to be 9.81ms 2

,and
0.01m?s~! was adopted for the isotropic kinematic viscosity. A Manning-Strickler drag
at the bottom is 0.002 s 3. The unstructured mesh with 7314 points (shown in Fig. 2.4)
was generated by Gmsh, which is a free 3D finite element mesh generator with a built-in
CAD engine and post-processor (Geuzaine and Remacle, 2009). The nonlinear fluid flow

simulation starts with a static state. The whole simulation period was 50s with a timestep

of 0.1s.

Point_2597 Point 2637 Point_3082 Point_5604

Fig. 2.4. Computational domain area and unstructured mesh (the incoming wave is the
boundary condition along the costal line, and the simulation starts with a static state).

2.5.2 Data collections and predictive analysis

Collection of solution snapshots obtained by the original high fidelity model: Given a
set of incoming waves for cases 1 and 2 (¢ = 1, 2) (defined in Eq.(2.23)-Eq.(2.24) and
Fig. 2.3), which are re-written in a time discretized form:

ps = (po', uot, ...,,uz’tNt), (e € [1,2],s € ]0,12], N, = 501), (2.25)

the corresponding targeted outputs (solution snapshots) are generated by running the orig-
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inal high fidelity model:

et1 e,t1 et1

d,s,1 d,s,2 " d,s,Ng

e,to e,to ¢6,t2

d,s,1 d,s,2 "¢ d,s,Ny

o= " | | (e € [1,2]5 € [0,12], N, = 7314, N, = 501).

e,lN, etn, e,tN,

d,s,1 d,s,2 ¢d,s,Nw

(2.26)

Training and validation processes: Given the training and validated input-output pairs, a
predictive DCGAN is constructed. The first ten types of incoming waves in Eq.(2.23)-

Eq.(2.24) are referred as the training inputs:
Oy s s €R™ (e € [1,2],5 € [0,9], N, = 501), (2.27)

while the corresponding training outputs are the collection of the solution snapshots for

each type of incoming waves in each case:

Ng X N¢

G 05, €RN (e € [1,2],5 €[0,9], N, = 7314, N, = 501). (2.28)

Predictive analysis: Given a set of new inputs (J\V;,), the predictive analysis is under-
taken by the DCGAN. Here the inputs (1\¥;,) are the last three types of incoming waves
defined in Eq.(2.23)-Eq.(2.24):

(N\Iy) - S € R, (e € [1,2],s € [10,12], N, = 501). (2.29)

2.5.3 Performance assessment

To assess the performance of the DCGAN in the predictive process, the errors of fluid
fields between the generated outputs ¢ and the targeted outputs ¢4 are evaluated at each

point. The correlation coefficient (R) and the root mean squared error (RMSE) are pro-
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vided. The calculation formulas are given below:

Ny —nt n — nt
> (97— ) — dq )
R™ = =1 : (2.30)

Ne —ne 2 | Dz — ey 2
2, (0 =07 )y 2 (9 = 9a )

i=1

g

(o7 — o)’
N, ’

Il
—_

RMSE™ = A|*

(2.31)

where n, is the current timestep, n; € [0, Ny, ¢} and ¢,; are generated and targeted water
depths at point i (i € [0, N,]) respectively, while ¢ and Ednt denote the corresponding

average water depths over all points at current timestep 7.

2.6 Results

2.6.1 Case 1: Wave phase variation

In this case, the numerical illustration of the DCGAN was set up with a series of waves
where the wave phase varies in the Hokkaido tsunami case. Given a new input y € (V\vy,.)
(here, 1, defined in Eq.(2.29)), a comparison between the DCGAN and the original high

fidelity model results is carried out.

Fig. 2.5 presents the comparison of water depth obtained from the DCGAN and the orig-
inal high fidelity model at timesteps 60, 90,216, 441. It is worth noting that the results
from the DCGAN attain a good agreement to those from the original high fidelity model
at each timestep. The differences of the water depth between the DCGAN and the orig-
inal high fidelity model are illustrated in Fig. 2.6. The differences are quite small over
the whole domain, which suggests the DCGAN is able to obtain reasonable and accurate

solutions for nonlinear fluid flows.
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As shown in Fig. 2.7, the temporal variation of water depth is demonstrated at four points
(locations shown in Fig. 2.4). It can be observed that the curves of water depth from the
DCGAN have a slight difference from that of the original high fidelity model. In addition,
the arriving time lags at four points can be noticed. The arrival time of flooding at point
ID = 5604 is at timestep 50, where it is the farthest from the coastal boundary among the

four points.

To further estimate the performance of the DCGAN, the correlation coefficient and RMSE
are further illustrated in Fig. 2.8. It is evident that the values of RMSE are between
0.002m to 0.004m while the correlation coefficients are above 99%. These results demon-
strate that the DCGAN performs very well and the predicted fluid fields are in good agree-

ment with the true fluid fields.



2.6. Results 41

0.14
D.|:|

0.05 —

Timestep = 60

Depth (m)

Original Mol 0.0005 —

0.14
IJ.I:I

0.05 —

Timestep = 90

Depth (m)

0.0005 —

Timestep = 216

Depth (m)

0.0005 —

Timestep = 441

Original Mg a.0005 J

DCGAN

Fig. 2.5. Comparison of the spatial distribution of water depth fields obtained from the
DCGAN (left) and the original high fidelity model (right) at timesteps 60, 90, 216, 441.
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Fig. 2.6. Differences of water depth fields between the DCGAN and the original high
fidelity model at timesteps 60, 90, 216, 441.
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Fig. 2.7. Comparison of the temporal variation of water depth at points ID = 2597, 2637,

3082, 5604.
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Fig. 2.8. The RMSE and correlation coefficients of water depth between the generated
fields and original high fidelity fields during whole simulational period.

2.6.2 Case 2: Wave peak variation

In this case, the numerical illustration of the DCGAN was set up with a series of waves
where the wave height varies. For a given input . € (9\9;,) (here, 13, defined in Eq.(2.29)),
Fig. 2.9 shows the comparison of predictive results between the DCGAN and the original
high fidelity model. It is observed that most of water depth features are captured compared
to the original fluid fields. In addition, the correlation coefficient of results at timesteps

50, 95, 205, 493 achieves values beyond 97% shown in Fig. 2.10. These results highlight
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the good performances of the DCGAN in predictive analysis of fluid fields.

The temporal variations of water depth at four points are presented as the box plots in
Fig. 2.11. The middle line represents the mean value 50%, the upper represents the max-
imum (1 box) and the lower line denotes the minimum (-1 box). As regards to the mean
value, the differences of mean values are less than 0.002m at points ID = 2597, 2637,
3082 and 5604. The depth peak predicted by the DCGAN is 0.1439m at the point ID =
2597, which is comparable to that (0.1352m) from the original high fidelity model. A
good performance of the DCGAN in predicting depth peak is achieved at points ID =
2637, 3082, and 5604. As for the minimum depth at the four points, the differences are

less than 0.01m as depicted in Fig. 2.11.

The error analysis of water depth solutions has been further carried out using the corre-
lation coefficient and RMSE during the simulation period, as shown in Fig. 2.12. The
values of RMSE fluctuate at different timesteps and are less than 0.012m. The correlation

coefficient of results between the DCGAN and the high fidelity model exceeds 90%.
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Fig. 2.9. Comparison of spatial distribution of water depth fields obtained from the DC-
GAN (left) and the original high fidelity model (right) at timesteps 50, 95, 205, 493.
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Fig. 2.10. The correlation coefficients of water depth solutions between the DCGAN and
the original high fidelity model at timesteps 50, 95, 205, 493.
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high fidelity model at four points during whole simulational period.
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Fig. 2.12. The RMSE and correlation coefficients of water depth solutions between the
DCGAN and the original high fidelity model during whole simulational period.

2.6.3 Computational efficiency

The DCGAN and the original high fidelity model were run on a computer (Intel Xeon(R)
CPU@ 3.60GHz). The offline training time is 1h34min22s. In terms of computation
efficiency, it is worth mentioning that the online CPU cost used for running the DCGAN
is less than 0.5s, while 56765 for running the original high fidelity model. It can be
seen that using the DCGAN, the CPU time is reduced by five orders of magnitude in

comparison to the original high fidelity model.
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To summarize, the DCGAN has successfully captured fluid flow features and provides
the high-resolution fluid fields, especially for the nonlinear fluid flows in time and space.
This serves as a technologically important motivation for using the DCGAN to efficiently

forecast complicated fluid flows for realistic applications.

2.7 Conclusion

In this work, a DCGAN has been proposed for nonlinear spatiotemporal fluid flow predic-
tion. It is the first time that the DCGAN is applied to prediction of spatially-temporally-
coherent and high-dimensional nonlinear fluid flows. This novel DCGAN enables rapid
and reliable prediction and can be used for providing risk reduction strategies in emergen-

cies.

The performance of the DCGAN has been illustrated in the case of Hokkaido tsunami in
this work. Two study cases are set up with two series of waves with varying wave phase
and wave height. To estimate the accuracy of the DCGAN, a comparison of nonlinear
flow results obtained by the DCGAN and the original high fidelity model has been carried
out. It is shown that the DCGAN is able to capture the complex flow features and exhibits
an overall good agreement with the original high fidelity model. Error analysis has also
been performed for further evaluation of the DCGAN through RMSE and correlation
coefficient. In comparison to the original high fidelity model, the DCGAN achieves a
reasonable accuracy in the whole simulation, while the online CPU cost is reduced by

five orders of magnitude.

Overall, a general DCGAN for spatiotemporal fluid flow modelling is presented in this
work. It will be highly promising to apply the above DCGAN to various modelling prob-
lems, for example, turbulence modelling, ocean modelling, air pollution, and urban flows.
Future work will focus on optimization of uncertainties in models and explore a hybrid

machine learning approach (auto-encoder and GAN) for improving the accuracy and ef-
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ficiency in prediction for complex problems. In this work I focus on the simulation of
spatiotemporal distribution during a fixed simulation period for given varied boundary
conditions, where the training and validation simulation periods are the same. In future, I
will also focus on the real-time forecast— using the DCGAN for the lead-time prediction
of spatiotemporal fluid flows. In addition, for realistic applications, a large number of
snapshots (historical datasets), over a long time period, are needed for model training.
The next chapter is going to present the hybrid VAE-GAN model for large data-driven

fluid flow modelling.



CHAPTER 3

Development of an advanced hybrid
deep adversarial autoencoder for large
data-driven nonlinear fluid flow

modelling

Considering the high computation cost required in conventional computation fluid dy-
namic simulations, machine learning methods have been introduced to flow dynamic sim-
ulations in years, aiming on reducing CPU time. In this work, I propose a hybrid deep
adversarial autoencoder (VAE-GAN) to integrate generative adversarial network (GAN)
and variational autoencoder (VAE) for predicting parameterized nonlinear fluid flows
in spatial and temporal dimensions. High-dimensional inputs are compressed into the
low-dimensional representations by nonlinear functions in a convolutional encoder. In
this way, the predictive fluid flows reconstructed in a convolutional decoder contain the
dynamic fluid flow physics of high nonlinearity and chaotic nature. In addition, the low-
dimensional representations are applied to the adversarial network for model training
and parameter optimization, which enables fast computation process. The capability of

the hybrid VAE-GAN is illustrated by varying inputs on a flow past a cylinder test case as

50
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well as a second case of water column collapse. Numerical results show that this hybrid
VAE-GAN has successfully captured the spatiotemporal flow features with CPU speed-up
of three orders of magnitude. These promising results suggest that the hybrid VAE-GAN
can play a critical role in efficiently and accurately predicting complex flows in future

research efforts.

This chapter is derived from and expands upon Cheng et al. (2020b).

3.1 Introduction

The hybrid VAE-GAN developed here is a robust and efficient numerical tool for accurate
prediction of large data-driven nonlinear fluid flows. The advantages of the hybrid VAE-

GAN include:

* The proposed method exploits spatial features by use of convolutional neural net-
works. It will be advantageous over the traditional reduced order models (ROMs)
based on proper orthogonal decomposition (POD) (Fang et al., 2017; Xiao et al.,
2019b), Galerkin regression (Loiseau and Brunton, 2018; Loiseau et al., 2018),
cluster-based reduced order model (CROM) (Kaiser et al., 2014, 2018) and dy-
namic mode decomposition (DMD) (Kutz et al., 2016), which are used for model
reduction of dynamical systems by linear combinations of the original snapshots. In
convolutional neural networks, the high-dimensional datasets are compressed into
the low-dimensional representations by nonlinearity functions in a convolutional
encoder. In this way, the predictive fluid flows containing both high nonlinearity

and chaotic nature can be represented by a convolutional decoder.

* The low-dimensional representations, several orders of magnitude smaller than the

dimensional size of the original datasets, are applied into the adversarial network
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for representation learning and parameter optimization, thus accelerating the com-

putation process.

* With the trained hybrid VAE-GAN, for given unseen inputs, the spatiotemporal
features can be automatically extracted in the encoder. Consequently, accurate pre-
dictive nonlinear fluid fields can be further obtained in the decoder in an efficient

manner.

This is the first time that the hybrid VAE-GAN is adopted to address large data-driven
nonlinear fluid flow problems. It is expected to make a breakthrough in predicting accu-

rate nonlinear fluid flows with the high-speed computation.

The reminder of this chapter is organised as follows. Methodology of VAE is briefly
introduced in section 3.3. The hybrid VAE-GAN for large data-driven nonlinear fluid
fields is described in detail in section 3.4. section 3.5 demonstrates the performance of
the hybrid VAE-GAN using a flow past a cylinder and water column collapse as test cases.

Finally in section 3.6, conclusions are presented.

3.2 Governing equations

In the computational fluid dynamic models, nonlinear fluid flows are usually simulated by
solving nonlinear partial differential equations, such as Navier-Stokes equations. In gen-
eral, a parameterized partial differential equation for a spatiotemporal fluid flow problem

can be written as:
M(h(x7/"t7t)7m7/"bﬂt) :‘F(h(xﬂu7t)7w7ﬂ7t)7 (3'1)

where M denotes a nonlinear partial differential operator, i (z, i, t) is the state variable

vector (for example, pressure, density, velocity, etc), = represents the spatial coordinate
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system, p denotes the parameter vector (for example, model input and boundary condi-

tion), ¢ is the time and F is the source term.

3.3 Variational Autoencoder for model reduction

VAE was introduced by Kingma and Welling (2013), which combines Bayesian inference
with deep learning. The VAE is a generative model which aims to produce the desired
local variable 7 from the underlying latent variable ¢ (as shown in Fig. 3.1). Mathemati-
cally, let p(C) be a prior distribution of ¢, and the probability of the local state variable %

be modelled by
B~ po(RIC), pol(h) = / Po(RIC)po(C)dC. (3.2)

where pg(7|() is the conditional distribution of the local state variable 7/ given ¢, which
is modelled by deep neural networks (called decoder) with parameters 6 (for example,

weights and bias in the decoder).

Since the true posterior py(C|h) = pa(h|{)pe(C)/pe(h) is intractable, the integral of the
marginal likelihood of py (%) is also intractable (Kingma and Welling, 2013). To evaluate

po(h), the distribution of the latent state vector py(() is usually modelled by ¢, ((|h) as:

¢ ~ qy(Clh), (3.3)

where ¢, (C|R) represents the conditional distribution of the ¢ given local state variable 7
(as shown in Fig. 3.1), which is deep neural networks (called encoder) with parameters ¢
(for example, weights and bias in the encoder). The encoder enables model reduction for

large-scale datasets in dynamic fluid systems (Lee and Carlberg, 2018).

To achieve the sample reconstruction, the reconstruction loss L. as the negative expected
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log-likelihood of the samples needs to be maximized, as follows:

Lrec = Eq¢(4|ﬁ) (logpe(hlg)) (34)

The difference (called Kullback—Leibler divergence) between the distribution of g4((|h)

and the intractable true posterior py((|h) can be quantified as

L1 = Drr(gs(CIR)||pe(C|R)). 3.5)

The total loss L. contains the loss from the sample reconstruction (Eq.(3.4)) and the dif-
ference between the generated and true posteriors (Eq.(3.5)) (Loee = Lreet Lxr) (Lk1
is replaced by the adversarial loss L,4, in Eq.(3.24) of the hybrid VAE-GAN, see sec-
tion 3.4.1.2), which can be minimized by gradient descent algorithms (Kingma and Welling,

2013). Since the KL divergence is non-negative, the total loss £, can be expressed as:

Loae = —Dr1(q5(CIM)||pa(CIR)) + Ey,(ciny (log pa(R[())- (3.6)

Correspondingly, the parameters of the encoder and decoder in VAE are optimized by

maximizing the expectation of the lower bound of the log marginal likelihood as follows:

mAXMax Epara(m) [= D1 (a5 (C11)|pa(C[7)) + Eq, cm (log po(RIC))], (3.7

where pgqq(h) is the prior distribution of f.
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Latent Variable {

Probabilistic Encoder (o)

q‘l:(g‘h)

Local Variable h

Fig. 3.1. Illustration of a VAE model. Yellow lines denotes the generative process in a
probabilistic decoder py(7|(), blue lines represent the variational approximation g, (¢|%)
in a probabilistic encoder to the intractable posterior py(h|(). ¢ and 0 are parameters
which are learned jointly (see Kingma and Welling (2013)).

3.4 Hybrid deep adversarial autoencoder for nonlinear

fluid flow modelling

In this work, for nonlinear fluid flow modeling, a hybrid deep learning fluid model based
on deep adversarial autoencoder (VAE-GAN) is proposed by combining a VAE and a
GAN.

In spatiotemporal fluid flow simulations, the state variable vector % represents the fluid

flow distribution as

h; hfl e hﬁz
AL B2 ... g

h— 12 t2 t2 ’ (3.8)
tht tht e hi\]fvzt
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and the state variable vector 7 in Eq.(3.8) can be rewritten as:

htnt = (h}nt,,hfé,,htf\’n:% Bre — (hn,

t1 0"

Rl ...,h?;t)T, (3.9)

tn,?

where 7, is the state variable spatial solution at time level ¢, (t,, € [0,%x,], NV, is the
number of timesteps), " is the state variable spatial solution at the point n, (n, € [0, N,],

N, denotes the number of points in grids of the computational domain (2).

3.4.1 Hybrid deep adversarial autoencoder

When the dimension of i € R*M*N= is large, efficiently predicting Eq.(3.1) for given in-
puts (e.g. boundary conditions) becomes challenging. Therefore, in the hybrid VAE-
GAN (as described in Fig. 3.2(a)), the inputs x and the real fluid fields %, (the targeted
outputs) are fed into the encoder, which transforms the high-dimensional datasets into
low-dimensional representations ¢ and (; respectively. The discriminator can discrimi-
nate the low-dimensional representations ¢ and (; in an efficient way. The latent states
(4 and ( are then transformed into the reconstructed fluid fields ha (the reconstructed out-
puts) and predicted fluid fields % (the predicted outputs) respectively in the decoder. In the
backward propagation process, the parameters in modules: encoder, decoder and discrim-
inator are updated by minimizing the reconstruction loss and maximizing the adversarial

loss.

As shown in Fig. 3.2(a), the encoder is acting as a generator in the hybrid VAE-GAN.
In comparison to Eq.(3.3) in VAE, the generator here defines an aggregated posterior

distribution of ¢(¢) on the latent state as follows:

q(¢) = /%(dh)qdam(h)dh, (3.10)

where qgq44(h) is the data distribution for the datasets /. The autoencoder in the hybrid

VAE-GAN is regularized by matching the aggregated posterior ¢({) to the prior p(¢) in
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Eq.(3.2).
(a) oo Hybrid Deep Adversarial Autoencoder
Reconstructed Loss
Latent State {,
Label:0

Real Fluid Flowsi Encéder Discriminator Trug iz < Decoder Reconstructf\:d Fluid Flows;
o : D ’ Fake P hq :

hy ; (Generator) [0 L E e e

H Adversarial Loss |
H Label:1
Inputsp ‘Predicted Fluid Flows
””””””””””” H h 'H
New Latent State
(b) (c) ) Decoder
Convolutional Layers i . I~ Convolutional Layers !
o s /8 ‘
' o0/ o @ [ﬁ
Space ' *le Space
Time i © ime

Full-connected Layers Full-connected Layers . Full-connected Layers |

Fig. 3.2. (a) Illustration of a hybrid deep adversarial autoencoder (VAE-GAN), which
consists of an encoder (acted as a generator) (b), a discriminator (c), and a decoder (d).
The encoder and decoder compose of convolutional layers and full-connected layers. The
discriminator is a stack of full-connected layers.

Given the parameter vector p = [u!, 42, ..., u™*] as inputs and the state variable vector
hg = [h}i, h?i, o hévl] as the targeted outputs, the model architecture, loss function and
offline training and online predictive processes of the hybrid VAE-GAN are detailedly

introduced as follows.

3.4.1.1 Model architecture

As shown in Fig. 3.2(b), (c) and (d), the modules: encoder, decoder and discriminator,
consist of deep neural networks (containing convolutional layers and full-connected lay-

ers), which are used for extracting spatiotemporal features. Let h'~! and A’ be the input
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and output for the ['* layer, respectively. The output of a layer is computed as

Nl—l

B = ol (3 B el 0, (311
=1

where hé- denotes the j** output-feature-map of layer I, o represents the activation func-
tion, N'~! is the number of input-feature-maps of layer (I — 1), w!, is the weight linking
the 4" input map to j* output map of layer /, and b/, is the bias of j*" output map of layer

.

For the activation function o, the rectifier non-linearity (ReLU) activation function (Z(«) = max(0, v))
is normally recommended for the hidden layers, and the hyperbolic tangent function
(Z(«) = tanh(«)) and the sigmoid function (Z(«) = 1/(1 + exp~®)) are chosen for the

output layer (Mosser et al., 2017; Lee and You, 2018).

For simplifying the Eq.(3.11), it can be rewritten as:
hy = H(hir. 01, 61), (3.12)

where 0; = (wy, b;) represents the parameters in the [*" layer.

Design of the Encoder: Mapping the targeted outputs /i, and inputs x to the latent state

(4 and ( respectively as:
Q: hg € RVmaet 1y (5 € RNeaet gy € RNwet 13 ¢ € RNt (3.13)

where RVia<t and RVwe are the dimensions of the targeted outputs and inputs respec-

tively, 3*"V¢a-! and RNe«t are the dimensions of the latent states respectively.

The encoder Q forms the deep convolutional neural networks with NV, layers, producing

the latent state (; as:

Co= Qha,0) = HY (0F; 600 0 HY (oW 15857 ) oo 1 (s 677)), (3.14)
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where Hl(E)(al(E); 5l(E)) represents the layer [ of the neural network, [ =1, ..., N,, O'Z(E)
represents the activation function at the layer [, 5Z(E) denotes the weights and bias at the

layer [, and 6 = (5§E), o 5](\12)).

Similarly, the latent state ( is generated by the encoder as:

¢ = Qu,0) = H (0F305)) 0 iy (05 1305 1) 0 -+ o HY™ (s 617). (3.15)

Design of the Discriminator: The discriminator aims to judge the latent states (; and (

as:

D:(Ce RNcet 1y pc,Cd € RNl 1 qcy- (3.16)

The discriminator forms deep neural networks with M ; layers can be expressed as:
M), (M), o(M M M M M M
DG, o) = My (oh) s, ) © MLy (o,Las 0y ly) o o H (GG 617),
(3.17)
where HZ(M)(O'l(M); 5l(M)) represents the layer [ of the neural network, [ = 1, ..., My, al(M)

represents the activation function at the layer [, 6Z(M) denotes the weights and bias at the

layer [, and ¢ = (5§M), - 6%)).

Design of the Decoder: Reconstructing the new latent state (4 to the targeted output Ry

and predicting the outputs 7 by latent state ( as:
PGy € RVt i g € RMaet ¢ € RVt iy € RVt (3.18)

where V<! is the dimension of the outputs.
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The decoder P with N, layers takes the form:

ha =Pl 6) = M, (08,1 0%,) © M (o) aidn,La) o o 1y (G0,

(3.19)

where HI(D)(JZ(D); 5Z(D)) represents the layer [ of the neural network, [ =1, ..., Ny, crl(D)

represents the activation function at the layer [, 6Z(D) denotes the weights and bias at the

layer [, and ¢ = ((5§D), o (51(\2)).

Similarly, the outputs 7 can be expressed as:

h="PC ) =Hy (060 0 H (o) 305 ) oo HP (¢ o). (3.20)

3.4.1.2 Loss function

As introduced by Makhzani et al. (2015), the encoder, decoder and discriminator of the
hybrid VAE-GAN are trained jointly in the reconstruction phase and the regularization
phase. In the reconstruction phase, the hybrid VAE-GAN updates the encoder Q and
the decoder P to minimize the errors between the reconstructed targeted outputs hy and
targeted outputs 4. In the regularization phase, the adversarial network updates the dis-
criminator D to distinguish the true latent state ¢ (as Eq.(3.15)) from the latent state (; (as

Eq.(3.14)) generated by encoder. The loss functions in two phases are as follows.

Reconstruction loss = With jointing the encoder and the decoder, the autoencoder is

trained using the reconstruction loss as:

Erec(97¢) - th_P(Q(hcbg)?SD)H : (321)
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Adversarial loss = The discriminator is trained to distinguish between the latent states ¢

and (; based the loss function:

La(0,0,0) = =Ecp ) (log D(Q1))) = E¢ympe, (ca(log(1 = D(Q(Ra)))),  (3.22)

while the encoder (generator) tries to fool the discriminator using the following loss func-
tion:

£,(60,0.) = —~Egyrpe e (log(1 — D(Q(R)))). (3.23)
The adversarial loss function is:

Laaw(0,0,9) = =La(0, 6, 9) = Ecpe(c) (10g D(Q(1)))+Eympe, (ca) (108(1=D(Q(a))))-
(3.24)

Hybrid loss = The hybrid VAE-GAN attempts to minimize the reconstruction loss and
maximize the adversarial loss. The hybrid loss can be obtained as:

0 08¢ By (108 D Q1)) By ) (108 (1= D( Q1)) ]| Ba = P(QU1a ). 2)] .

(3.25)
The above Egs.(3.21) to (3.25) show that the hybrid VAE-GAN is intuitively similar to the
VAE, except for the KL divergence penalty of the VAE being replaced by the adversarial
loss. The adversarial training procedure makes the hybrid VAE-GAN more flexible in
choice of the latent variable (, which has been discussed in the work of Makhzani et al.
(2015). The hybrid model is trained using the stochastic gradient descent by performing

alternative updates of each component as Algorithm 3.1.
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Algorithm 3.1 Adversarial training of the hybrid deep adversarial autoencoder.

e Sample {u!, 12, ..., uN=} from the inputs.

« Sample {h}, 13, ..., A=} from the real datasets.

for P=1to Np do

for K=1to Nx do

» Compute the latent state (; in the encoder: (; = Q(hy, 0).
« Compute the reconstructed outputs 714 in the decoder: hy = P(Q(hg, 0), ¢).
» Compute the new latent state ¢ in the encoder: ¢ = Q(u, 0).
 Compute the outputs 7 in the decoder: 7o = P(Q(u, 6), ¢).
» Compute the probability in the discriminator: D(Q(u, 0), Q(hg, 0), 1)

» Update 7 in the discriminator by performing its stochastic gradient ascent:

¢ — ¢ + n- Vw(‘crec<9> QS) + Eadv(ea ¢7 ¢))

end for
» Update 6 in the encoder by performing its stochastic gradient descent:

0+ 60— n- Ve(ﬁrec(ev ¢) + Eadv(e’ Qb, ¢))

* Update ¢ in the decoder by performing its stochastic gradient descent:

¢ < Qb -—n- v¢>(£rec(87 ¢) + »Cadv(ev ¢7 ¢))

end for

3.4.1.3 Offline training and online predictive processes

The hybrid VAE-GAN applied for nonlinear fluid flow modelling consists of the following

three processes (as shown in Fig. 3.3):

(1) Data preparation process: To develop an input-output relationship, the initial and
boundary conditions {yu', 1%, ..., ™=} are chosen as the inputs and the spatiotemporal
distributions of flow variables {%}, i3, ..., h)*} are acted as the outputs, where N, repre-
sents the number of nodes in the domain area (). It is worth noting that the outputs are

collected in the whole timesteps.

(2) Offline training and validation process: Using the input-output data pairs (u, iiz) col-
lected in (1), the hybrid VAE-GAN is trained with the inputs 1, and corresponding out-

puts o, (Where 9, and ¢, denote the training inputs and the outputs, respectively). Once
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the training and validation processes are completed, the relationship between the input-

output pair is determined.

(3) Online predictive process: Given a new series of predictive inputs i € (V\¥y,) (where

¥ is the whole inputs), the predictive outputs h are directly predicted by the hybrid VAE-

GAN.
Offline Training and Validation
(8,.9,) Hybrid VAE-GAN 9\ 9)
" My (5
My e
by New Inputs
Encoder
nAtr Q
5] :
hl‘ll
hy
Discriminator
D
BN
hyy
h\I
Data Preparation Predictive Fluid Fields

Fig. 3.3. The offline training and online predictive processes.

3.5 Numerical examples

In this section, two examples, flow past a cylinder and water column collapse, are used to
illustrate the capabilities of the hybrid VAE-GAN in resolving nonlinear fluid flow prob-
lem governed by the Navier-Stokes equations. The input-output datasets in both examples
were obtained by running the unstructured mesh finite element fluid model (Fluidity)
(Pain et al., 2001) (referred as the original high fidelity model). In Table 3.1, the module
architecture of the encoder, decoder and discriminator used for two numerical examples
are summarized. The reason for choosing the different cases for VAE-GAN training and

validation is that, the online CPU cost used for running the DCGAN is less than 0.5s in
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test cases in Chapter 2, which is very fast enough. My aim in this chapter is to develop
the hybrid VAE-GAN model for large data-driven and accelerate the computation, so I
choose the water column collapse case which has larger datasets (nodes X timesteps x
cases: 19097 x75x45=64,452,375 ) than the tsumani case (7314 x501 x 13=47,636,082)

in Chapter 2.

The dimensional size of the latent state is set to 10 using the trial and error method.
The Adam optimizer is employed to optimize the values of parameters (6, ¢, ), with a
learning rate 7 = 0.0002. With the training and validated input-output pairs vy, and ¢,, in

two examples, the hybrid VAE-GAN are trained using Algorithm 3.1.

Table 3.1: Architectures of Q, P, and D

Module Case 1: flow past a cylinder Case 2: water column collapse
Layer in Encoder Q Output Shape Parameter number | Output Shape Parameter number
InputLayer (50,1,3213) 0 (75,1,19097) 0
HE) (leaky ReLU) (50,1,128) 3,701,504 (75,1,128) 21,999,872
HE) (leaky ReLU) (50,1,16) 18,448 (75,1,16) 18,448
HE) (leaky ReLU) (800) 8,010 (1200) 12,010
OutputLayer (10) 0 (10) 0
Layer in Decoder P Output Shape Parameter number | Output Shape Parameter number
InputLayer (10) 0 (10) 0
HD) (leaky ReLU) (50) 550 (75) 825
HP) (leaky ReLU) (800) 40,800 (1200) 91,200
HP) (leaky ReLU) (50,1,128) 18,560 (75,1,128) 18,560
OutputLayer(Tanh) (50,1,3213) 3,704,589 (75,1,19097) 22,018,841
Layer in Discriminator D | Output Shape Parameter number | Output Shape Parameter number
InputLayer (10) 0 (10) 0
HM)(leaky ReLU) (512) 5,632 (512) 5,632
HM)(leaky ReLU) (256) 131,328 (256) 131,328
HM)(leaky ReLU) (64) 16,448 (64) 16,448
HM)(leaky ReLU) (32) 2,080 (32) 2,080
OutputLayer(Sigmoid) (D) 33 (D) 33
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3.5.1 Case 1: flow past a cylinder

The first case for numerical illustration of proposed methods is a two dimensional flow
past a cylinder. In Fig. 3.4 shows a rectangle with the length = 2.2m and width = 0.41m,
and a cylinder with a radius of 0.05m. The fluid flow simulations are driven by an inlet
velocity from the left boundary of the domain area. The viscosity is 0.5 x 107, and zero
normal flow and no slip boundary conditions are applied to the cylinder and both lateral
sides. The computational domain consists of 3213 nodes. The whole simulation period
was 10s with a timestep of 0.05s. The targeted outputs 74, 50 velocity solution snapshots,
were obtained by running the original high fidelity model at the regularly spaced time

intervals 0.2s.

3.5.1.1 Sensitivity analysis

In this example, the inlet velocity is selected as the input parameter (as shown in Fig. 3.4).
To estimate the sensitivity of results from the hybrid VAE-GAN with respect to the num-
ber of the input-output datasets, three scenarios have been set up, where 200, 100 and
40 input-output datasets are used for scenario_200, scenario_100 and scenario_40 respec-
tively (shown in Fig. 3.4). In scenario_200 and scenario_100, the input parameter (inlet
velocity) is ranged from 0.4 m/s to 0.6 m/s with the Gaussian distribution N'(ji, 02), where
the mean jz is 0.5 m/s and the variance of the distribution o2 is 0.001 m/s. In scenario_40,
the input data is obtained from the linear distribution between 0.4 m /s to 0.6 m/s. As the
Reynolds number varies from 800 to 1200 with the velocity from 0.4 to 0.6 m/s, the flow
changes from laminar flow into turbulent flow, which has fitted the test aim. However, the

inlet velocity could also be set in a wider range if interested.
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Fig. 3.4. The sketch of flow past a cylinder (mesh size ranges from 0.005 to 0.05) and the

settings of boundary velocities.

N, pairs of input and output datasets for training and validation were obtained by run-

ning the high fidelity model. The inputs and targeted outputs J, ¢ can be re-written in a

discretized form in space and time:

0 = [fta; Mo -

1 2
ha,tl ha,tl
1 2
ha,tg ha,tg

1 2
ha,tNt ha,tNt

e

a,ty

hlx

a,ta

BV

aatNt

(3.26)

(3.27)

where y, € R™ represents the input parameter (here, the inlet velocity) while the spa-

tiotemporal distributions of flow variables /i, € R (here, the flow velocity) are acted

as the outputs, the number of nodes over the domain N, = 3213, the number of nodes at

the inlet boundary N, , = 39, the number of time steps N, = 50, and a € (1,..., N,),

where N, represents the total number of the input-output pairs used for training, valida-
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tion and model prediction, N, = 200, 100 and 40 pairs of input-output datasets are setup

for scenario_200, scenario_100 and scenario_40 respectively.

Given a new inlet velocity pu = 0.52 € (9\y,), I will evaluate the accuracy of the hy-
brid VAE-GAN generated with different number of training datasets. The RMSE of
the predictive results from the hybrid VAE-GAN and the original high fidelity model
is shown in Fig. 3.5. It can be noticed that the RMSE values in three scenarios are below
0.25m /s during the whole simulation period. The maximum RMSE values are 0.25m/s,
0.21m/s and 0.14m/s for scenario_40, scenario_100 and scenario_200 respectively. The
corresponding relative error values are shown in Fig. 3.6. It is noted that most of the
relative errors are below (.15 during the simulation period except for some moments
t =2 —3.5sand t = 6 — 8s. It is worth noting that the magnitude and trend of relative
values in scenario_40 are comparable to those in scenario_100 and scenario_200 except
for t = 2 — 3.5s, although the RMSE values in scenario_40 are higher than other two sce-
narios. This means that the hybrid VAE-GAN generated with a small number of training
datasets could provide a reasonably accurate prediction of nonlinear fluid flows by using

the hybrid VAE-GAN.
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Fig. 3.5. The RMSE of velocity between the generated fields and original high fidelity
fields during whole simulational period.
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Fig. 3.6. The relative error of velocity solutions between the generated fields and original
high fidelity fields during whole simulational period.

3.5.1.2 Model prediction

Fig. 3.7 displays the velocity solutions (given the inlet velocity i = 0.52 € (9\y,.)) ob-
tained from the hybrid VAE-GAN in scenario_40 and high fidelity model at time levels
t = 1.8,4,5.6,9.2s. It is shown that there are small visual differences between the hy-
brid VAE-GAN and high fidelity model except for upper and lower edges of the domain
area. The hybrid VAE-GAN can capture the details of the flow very well in comparison to
the high fidelity model. In addition, the magnitude of the spatial velocity is also in good
agreement to the high fidelity model solutions. However, the VAE-GAN fails to capture
the velocity variation on the top and bottom boundaries, which may be explained by that
the values of velocities on boundaries are very small so that the variation led by the inlet

velocity is not captured by the VAE-GAN.
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Fig. 3.7. Comparison of the spatial distribution of velocity fields obtained from the
hybrid VAE-GAN (left) and the original high fidelity model (right) at time levels ¢ =

1.8,4,5.6,9.2s.

3.5.2 Case 2: water column collapse

The hybrid VAE-GAN has been further validated with a case of water column collapse. It

is a benchmark test case for multi-material models, also known as a dam break problem.

The dam-break flow problem has been of great importance in hydraulic engineering and

hydropower generation. Dam-break flows are complex and generally discontinuous with

abrupt variations of flow velocity and water depth (Seyedashraf et al., 2017). The flooding

induced by the dam-break flows causes great loss of human life and property as well as
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damaging the ecosystem in the downstream area.

In this example, the dam-break experiment is conducted in a tank with the length 3.22m,
the height 2m, and the depth 1m (Zhou et al., 1999). The simulated reservoir of water
is held behind a barrier at one end of the tank. When no variations are introduced in the
third dimension, the experiment is reproduced in the horizontal and vertical dimensions
within the domain area (2. Fig. 3.8 shows the mesh in the domain area (2. The densities of
water and air are 1,000kgm 2 and 1kgm 2 respectively. The scalar fields ay, representing
the volume fraction are introduced to distinguish the two materials. As shown in Fig. 3.8,
the interface between the water (the yellow area, a;, = 1) and air (the blue area, a;, = 0) is
delineated by contours at a; of 0.025, 0.5 and 0.975. In this case, the simulation period is
[0, 1.85]s, with a timestep = 0.025s. Thus, the targeted outputs (here, pressure solutions
in time and space) i, were obtained by running the original high fidelity model, with a

unstructured mesh of 19097 nodes.
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Fig. 3.8. The sketch of water collapse experiment, where bottom to up and right to left
have denser meshes. The mesh size ranges from 0.003 to 0.2m.
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3.5.2.1 Model application

In this case, for training the hybrid VAE-GAN, the length L and height  of the tank
are selected as the input parameters (as shown in Fig. 3.9). The length of the tank L is
ranged from 1.2 m to 1.6 m, and the height H of the tank varies from 0.6 m to 1.0 m.
A series of sizes (see Table 3.2) as inputs ;o and the corresponding solution snapshots
hq (a total of 3375 snapshots of 45 pairs of input-output) were obtained by running the
high fidelity model. The training and validated input-output pairs ¥, and ¢, (where

Ng X N¢

g € RN”,hd@ eR ,a € (0,39, Ny, = N, = 75, N; = 19097 in Eqs.(3.26) and
(3.27) are selected for model training and parameter optimization, while the remained

inputs (9\Yy,) (where p, € R™ a € 0, 6], N, = 19097) are used for model prediction.
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Fig. 3.9. The settings of length and height in water collapse experiment.
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Table 3.2: The variation of length and height of the tank in cases

Cases L(m) H(m) Cases L(m) H(m) Cases L(m) H(m)

Al 1.2 0.6 Al6 1.3 0.9 A31" 1.5 0.75
A2 1.2 0.65 Al7 1.3 0.95 A32" 1.5 0.8
A3 1.2 0.7 Al8 1.3 1.0 A33" 1.5 0.85
A4 1.2 0.75 Al19 1.4 0.6 A34 1.5 0.9
A5 1.2 0.8 A20 1.4 0.65 A35 L.5 0.95
A6 1.2 0.85 A21 1.4 0.7 A36 L5 1.0
A7 1.2 0.9 A22" 1.4 0.75 A37 1.6 0.6
A8 1.2 0.95 A23" 1.4 0.8 A38 1.6 0.65
A9 1.2 1.0 A24" 1.4 0.85 A39 1.6 0.7
Al0 1.3 0.6 A25 1.4 0.9 A40 1.6 0.75
All 1.3 0.65 A26 1.4 0.95 A41 1.6 0.8
Al2 1.3 0.7 A27 1.4 1.0 A42 1.6 0.85
Al3 1.3 0.75 A28 1.5 0.6 A43 1.6 0.9
Al4 1.3 0.8 A29 1.5 0.65 Ad44 1.6 0.95
AlS 1.3 0.85 A30 1.5 0.7 A45 1.6 1.0

Note: A" represents the validated datasets.

3.5.2.2 Model prediction

Prediction of spatial nonlinear fluid flows: To evaluate the predictive ability of the hy-
brid VAE-GAN, given the new input p € (¥\¥,,), comparison of the predictive results
from the hybrid VAE-GAN and the original high fidelity model are shown in Fig. 3.10.
It can be seen that the hybrid VAE-GAN predicted the flow fields well, which captures
the most pressure features at time levels ¢ = 0.2,0.65, 1.275,1.675s. Visually, very little
difference between the hybrid VAE-GAN and the original high fidelity model can be no-
ticed. In order to compare the differences between the predictive and original fluid fields,
the absolute error and correlation coefficient of pressure solutions within the computa-
tional domain area €2 are illustrated in Fig. 3.11. It is observed that the absolute errors are
small over the whole domain area at different time levels, and the correlation coefficient
between the hybrid VAE-GAN and the high fidelity model is higher than 0.99. The pre-
dictive results in spatial space suggest the hybrid VAE-GAN is able to obtain reasonable

and accurate solutions in spatial space for nonlinear fluid flows.
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Fig. 3.10. Comparison of the spatial distribution of pressure fields obtained from the
hybrid VAE-GAN (left) and the original high fidelity model (right) at time levels ¢ =
0.2,0.65,1.275,1.675s.
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Fig. 3.11. Differences and correlation coefficients of pressure fields between the hybrid
VAE-GAN and the original high fidelity model at time levels t = 0.2,0.65, 1.275, 1.675s.

Prediction of temporal nonlinear fluid flows: Fig. 3.12 shows the temporal variation of

pressure solution predicted by the two models. Before the water collapse happens, the
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points P1, P2, P5 and P6 are located in the water area (as marked with a blue rectangle
in Fig. 3.9), while other four points P3, P4, P7 and P8 are placed in the area filled with
air. Model performance has been evaluated by comparison of pressure variation in these
detector points. In Fig. 3.12(a), (b), (e) and (f), the pressure values at four points are
slightly increased and then gradually decreased as the water collapse happens. As for
detector P3, it is beyond the scale of water front motions before ¢ = 1.5s, and the pressure
trend in Fig. 3.12(c) is not so obvious. After ¢ = 1.5s, influenced by the overturning water,
the pressure at the detector P3 starts to fluctuate. Compared to detector P3, it can be noted
that the pressure values at detector P4, P7 and P8 are uprising when the water drops down
the horizon into rightward direction. The sequent water experiences dropping, traveling,
rising up along the right vertical wall, and dropping again processes. It can be observed
that the curves of pressure from the hybrid VAE-GAN achieve a good agreement with
those of the original high fidelity model, except for the under-predictions of dropping
again process after ¢ = 1.5s. However, it is also a challenging problem for numerical
simulation when the water hits the right wall and again meets the horizontal free surface

(Park et al., 2009).
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Fig. 3.12. Comparison of the temporal variation of pressure at points ID = 7452, 7596,
9315, 9865, 12798, 13267, 16428, 16524.

To further evaluate the performance of the hybrid VAE-GAN, the correlation coefficient
and RMSE are calculated in the temporal-spatio space. The error analysis of pressure
solutions in the temporal space is shown in Fig. 3.13. It is evident that most of RMSE
values are between Opa and 100pa and the correlation coefficients values are close to
99% during the whole simulation period except for some moments including ¢t = 0.5s
and after ¢ = 1.5s. The water front hits the right wall at ¢ = 0.5s and water drops again
towards the left wall after ¢ = 1.5s, which causes obvious errors as discussed above. The
maximum value of RMSE is 2102pa at ¢ = 1.775s, and the corresponding minimum value
of correlation coefficient is 96%. In light of fluid field prediction in the temporal space,
these results demonstrate that the hybrid VAE-GAN performs well and the predicted fluid

fields are in good agreement with the true fluid fields during the whole process.
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Fig. 3.13. The correlation coefficients and RMSE of pressure between the generated fields
and original high fidelity fields during whole simulational period.

Fig. 3.14 illustrates the model performance in the spatial space. It can be noted that most
values of RMSE are below 500pa in the most domain area €2, except for the area close to
the right wall, where the largest errors exist during the process of water rising up along
the right vertical wall and maximum value of RMSE is 1940pa. In addition, it is clear that
the values of correlation coefficient in most area exceed 0.99, although the correlation
coefficient is negative in some area influenced by the interface of multi-materials. This

can be explained that when the water front strikes the right vertical wall, the water jet
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causes a sudden rise of pressure and air entrainment (Park et al., 2009). The phenomena
is shown in Fig. 3.12(c), where depicts the pressure fluctuation after ¢t = 1.5s. The above
results demonstrate the capability of hybrid VAE-GAN to predict accurate fluid flows.
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Fig. 3.14. The correlation coefficients and RMSE of pressure in time series in the com-
putational domain area (2.

3.5.3 Model accuracy and efficiency of hybrid VAE-GAN

In this section, the model accuracy and computational cost of the hybrid VAE-GAN are
provided for all the case studies. Table 3.3 shows the online prediction accuracy of the
hybrid VAE-GAN at different timesteps. It can be seen that the relative errors are between

0.03 to 0.16 in all the cases.
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Table 3.3: The relative error of variables between the generated fields and original high
fidelity fields during whole simulational period for all the cases.

Timestep 2 10 25 44
Case 1: flow past a cylinder (time interval = 0.25s)

scenario_200 0.03 0.1 0.04 0.11
scenario_100 0.04 0.14 0.05 0.13
scenario_40 0.07 0.14 0.08 0.15

Case 2: water column collapse (time interval = 0.025s) 0.14 0.09 0.14 0.16

The simulations of the hybrid VAE-GAN and the original high fidelity model were pre-
formed on Intel Xeon(R) CPU@ 3.60GHz. Table 3.4 lists the computation time required
for the hybrid VAE-GAN and high fidelity model to simulate the flow past a cylinder and
water column collapse in the online prediction process, where the CPU time required for
the offline training is not included. It can be seen that the CPU time for running the hy-
brid VAE-GAN is reduced drastically by three orders of magnitude in comparison to the

original high fidelity model in two examples.

Table 3.4: Online CPU time required for running the hybrid VAE-GAN and high fidelity
model during the whole simulation period for two cases.

Case Hybid VAE-GAN (Seconds) High fidelity model (Seconds)
Case 1: flow past a cylinder 1 427
Case 2: water column collapse 22 8837

3.6 Conclusion

In this work, a hybrid VAE-GAN method has been, for the first time, used to predict
nonlinear fluid flows in varying parameterized space. For any given input parameters /i,
the hybrid VAE-GAN is capable of predicting accurately dynamic nonlinear fluid flows

and remains highly efficient in simulations since it combines both advantages of VAE and

GAN.

The performance of the hybrid VAE-GAN has been demonstrated by a flow past a cylin-
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der test case and a second case of water column collapse. To evaluate the model accu-
racy, a detailed comparison between the original high fidelity model (Fluidity) and the
hybrid VAE-GAN has been undertaken. The accuracy assessment has also been per-
formed through the correlation coefficient, RMSE and relative error. The numerical sim-
ulations show that the hybrid VAE-GAN exhibits good agreement with the original high
fidelity model, in both space and time. Additionally, a significant CPU speed-up has been

achieved by the hybrid VAE-GAN for all the test cases.

The hybrid VAE-GAN is an efficient and robust tool for simulations of parameterized
nonlinear fluid flows. It provides a wide range of applications, for instance, risk response
management in emergencies and natural hazards (e.g. flooding, dam break, etc), real-time
decision making. In the following chapters, more work will be focused on the predictive
ability for a long lead-time prediction (beyond the trained period) by the hybrid VAE-

GAN and other machine learning models.



CHAPTER 4

Long lead-time streamflow forecasting

using machine learning methods

Long lead-time streamflow forecasting is of great significance for water resources plan-
ning and management in both the short and long terms. Despite of some studies using ma-
chine learning methods in streamflow forecasting, only few studies have been conducted
to explore long lead-time forecasting capabilities of these methods, and gain an insight
into systematic comparison of model forecasting performance in both the short and long
terms. In this work, an artificial neural network (ANN) and a long short term memory
(LSTM), a powerful tool for learning long-term temporal dependencies and capturing
nonlinear relationship, have been adopted to forecast streamflow at daily and monthly
scales for a long lead-time period. For long lead-time streamflow forecasting, a recur-
sive forecasting procedure, which takes the last one-step-ahead forecast as a new input
for the next-step-ahead forecast, is used in the ANN and LSTM forecasting systems. Two
models are trained and validated for streamflow forecasting using the rainfall and runoff
datasets collected from the Nan River Basin and Ping River Basin, Thailand, covering
the period 1974 to 2014. To further explore the impact of parameter settings on model
performance, two parameters, i.e. the length of time lag and the number of maximum

epochs, are examined in the ANN and LSTM models. The main findings are highlighted

81
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here. First, with an optimal setting up of model parameters, both the ANN and LSTM
model can provide accurate daily forecasting (up to 20 days ahead). Second, in com-
parison to the ANN model, the LSTM model exhibits better model performance in long
lead-time daily forecasting, but less satisfactory in multi-monthly forecasting due to lack
of large monthly training dataset. Third, the selection of the length of the time lag and
number of maximum epochs used in both ANN and LSTM modelling are the key for long
lead-time streamflow forecasting at daily and monthly scales. These findings suggest that
the LSTM could be advance in daily streamflow forecasting and thus would be helpful to

assist in strategy decisions in water resource management.

This chapter is derived from and expands upon Cheng et al. (2020a).

4.1 Introduction

The purpose of this chapter is to identify the robust modelling approach from two popular
machine methods, namely ANN and LSTM, especially for the long lead-time forecasting
capability, through assessing both modelling accuracy and precision at daily and monthly
scales. Two models are applied into two realistic cases, the Nan River Basin (NRB) and
Ping River Basin (PRB), two of main subbasins of Chao Phraya River Basin (CPRB),
the heart of Thailand. The main objectives of this chapter are: (1) to investigate the
parameter settings on model forecasting performance at daily and monthly scales, and
enable a screening of the best setting of parameters to attain an accurate model; (2) to
explore the forecasting capabilities of machine learning methods for a long lead-time at
daily and monthly scales; (3) to compare model forecasting results at daily and monthly
scales, provide a deep insight into the quality of model forecast and explore the way in

which various processes are represented.

The remainder of the chapter is organized as follows. In section 4.2, the governing equa-

tions for multi-step-ahead streamflow forecast strategy are briefly formulated, and the
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daily and monthly forecast models (ANN and LSTM) are introduced in detail. Section 4.3
presents the study area-Nan River Basin and model development for streamflow forecast-
ing. Forecasting performance of two models in daily and monthly scales is described in

section 4.4. Finally in section 4.5, conclusions are presented.

4.2 Methodology

In this chapter, the long lead-time streamflow forecasting is conducted using both ANN
and LSTM at daily and monthly scales. The ANN and LSTM models are developed
for forecasting streamflow at several lead-times, such as 1-20 days and 1-12 months. In
the model development, the model for one-step-ahead forecasting is first obtained in the
training process. Then a recursive strategy is adopted in the trained models so that the
multi-step-ahead forecast can be achieved. The following sections provide a detailed
description of the one-step-ahead and multi-step-ahead daily/monthly streamflow fore-

casting strategy.

4.2.1 Multi-step-ahead daily and monthly streamflow forecast strat-

egy
4.2.1.1 One-step-ahead daily and monthly streamflow forecast

In general, a streamflow forecasting model F is used to provide the predictive stream-
flow ;1 in a specified time scale, such as daily or monthly, based on historical climatic
records. It is generally known that streamflow generation processes are influenced by
many factors, including rainfall, evaporation, temperature, etc (Guo et al., 2011). As rain-
fall, a natural process that has a high degree of variability in both time and space, is the key
factor for streamflow, this chapter focuses on developing a streamflow forecasting model

depending on rainfall. Given a series of rainfall observation { R;_ /41, ..., R¢, Riy1} (Where
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M is the length of time lag), an one-step-ahead streamflow forecast can be given as:

@tﬂ = f(RthH’ s Rt, Rt+1)> (4-1)

where @t+1 represents the predictive streamflow at time (¢4 1), R denotes rainfall dataset,

F is a forecasting model.

In order to obtain a satisfactory forecast accuracy, a key problem is how to choose the
length of lagged inputs M in Eq.(4.1). Enough high-quality observed inputs enable the
pattern detection between rainfall and runoff, however, the length of inputs is limited by
availability of measurements in practice. In addition, as the lagged time length M in-
creases, so too does the number of inputs and the complexity of the forecasting model
developed (Bowden et al., 2005). In this chapter, an investigation of impacts of the time
lag length on model forecasting performance is conducted in section 4.4.1.1 and sec-

tion 4.4.2.1.

4.2.1.2 Multi-step-ahead daily and monthly streamflow forecast

The multi-step-ahead time series forecasting can be described as an estimation on future
time series Q,.5, (where h = (1,..,H), H is the total of predictive steps, also called the
lead-time). The most popular forecasting strategy is the recursive (also called iterated)
strategy (Taieb et al., 2010; Bontempi et al., 2012). In this study, to achieve the multi-
step-ahead streamflow forecast, a single forecasting model F is trained to perform an
one-step-ahead forecast in section 4.2.1.1. After the learning process, the multi-step-

ahead streamflow can be predicted using:

~F'(}%t—]w-‘rla --'7Rt7Rt+1>a (h = 1)
Qt+h = f(Rt—M“rh? ceey Rt+17 @\t—‘rl? B @t—‘rh—l)a (h' € {27 s M + 1}) ) (42)
F(Qeerrsn—1, --->@t+h—l)> (he{M~+2,.. H})
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where H is the total of predictive steps, also the length of lead-time, M is the length of
time lag. The last equation in Eq.(4.2) is used for streamflow forecasting when the rainfall
data is not available during the predictive period. In this chapter, the multi-step-ahead

streamflow forecast @t+h at daily and monthly scales is obtained as following steps:

(1) Splitting a series of rainfall and runoff datasets into training datasets (Xiqining: Viraining) €
the training period (7o, 7},) and validation datasets (X,aiidated, Yoatidated) € the vali-
dation period (7, T ). Let Xyqining = { Ri—m+1, -, Ry Risa } (E+ 1) € (1o, T,)

) as inputs, and Viyqining = Q¢+1 as the targeted outputs.

(2) Selecting the time lag length ()M, the number of lagged rainfall records to use as

inputs) to create a combination of inputs and outputs.

(3) Training the forecasting model F by different combination parameters, e.g. the
length of time lag and the maximum epoch number, and selecting the best parameter

combination for one-step-ahead streamflow forecasting.
(4) Selecting the length of lead-time H in Eq.(4.2).

(5) Using the Xyaridated = {Ri—r+1, - R, Rea }, (t— M) € (1,,Tn)) as new in-
puts, to forecast the next-step-ahead streamflow by the trained ANN model in step

(3).

(6) Combining the one-step-ahead streamflow forecast in step (5) and the available
rainfall records as new inputs, and repeating the step (5) to obtain the second-step-

ahead streamflow forecast.
(7) Repeating the steps (6) and (5) to forecast H-step-ahead streamflow in Eq.(4.2)

during (7}, Ty).

In this work, the ANN and LSTM models are selected as the forecasting model F in Eqgs.

(4.1) and (4.2) for daily and monthly streamflow forecasting in a recursive strategy (as
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shown in Fig. 4.1, details in Algorithm 4.1), which is introduced in detail in section 4.2.2

and section 4.2.3 respectively.

Input R

l r+1

R R,
R A
2 Trained Model 0 R,
R, (ANN/LSTM) 1+l °
= R.,
Rt+1 '-Q_ q
New input 22"

Forecast Q
t+2 t+H
Forecasting time
g A A
Trained Model Q cccces
(ANN/LSTM) t+2 O,
Repeat
New input

Fig. 4.1. Model forecasting strategy using a recursive way at daily and monthly scales.
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Algorithm 4.1 Multi-step-ahead forecast using ANN and LSTM at daily and monthly
scales. ANN and LSTM are used for learning the input-output relationship F in Eq.(4.2)

(1) Parameter optimization in training process.

* Obtain the optimal parameters in training process.
* Select the optimal time lag M.

* Select the optimal maximum epoch E.

(2) Multi-step-ahead streamflow forecast process.
* Input X,uidateq: Sample M+1 steps rainfall datasets { Ry_pr11, .., Ry, Riy1}-
* Output Vyuiidateqa: Sample one step runoff dataset ().
* Select the forecasting step .
forh=1to H do
if h = 1 then
* Predict the next-step-ahead streamflow using the trained function F in Eq.(4.2):

Qran = F(Ri—pian, - Ris1).

elseif » < M + 1 then
* Predict the next-step-ahead streamflow using the trained function F in Eq.(4.2):

Qt+h = ]:(Rt—M—f—h, ) Rt+17 Qt+1, ) Qt+h—1)-

else
* Predict the next-step-ahead streamflow using the trained F in Eq.(4.2):

@t+h = ]:(Qt—MJrh—l, s @t+h—1)-

end if
end for N
* Obtain the length-H steps of forecast Q.

4.2.2 Artificial neural network for daily and monthly streamflow fore-

cast

ANN, a mathematical model of biologically inspired system, provides a novel and ap-
pealing solution to the problem of relating input and output variables in complex systems
(Basheer and Hajmeer, 2000). It requires no information about the underlying complex
physical process, while constructing black-box models of complex and nonlinear relation-
ships between the input and output variables. In general, an ANN model consists of three

typical layers. Each layer processes a series of neurons, which are fully connected with
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those of the following layer. As illustrated in Fig. A.1, the first layer is the input layer
that receives the input data. The hidden layer is the information processing section, which
uses weights to achieve nonlinear transformation between the connection links to deter-
mine the output. The output layer receives the processed information from the last hidden

layer and then outputs the result. The ANN model can be mathematically formulated as:

j=1 i=1

where X represents the input value at the neuron ¢, ) is the output value at the neuron
k, o), and o; denote the activation function for the hidden and output layers respectively.
m and n are the number of neurons at the input and hidden layers respectively, w;; is the
weight between the input neuron 7 and the hidden neuron j, wy; is the weight between
the hidden neuron j and the output neuron k, b; and by, are biases of the ;" neuron at the

hidden layer and k'" neuron at the output layer, respectively.

To achieve appropriate performance of ANNSs, the parameters, for example, the number
of neurons, weights and biases between layers and the number of iterations, should be op-
timized. In this study, a four-layer ANN network that consists of one input layer, two hid-
den layers and one output layer is established. The sigmoid function (f(a) = 1/(1 + exp™®))
and the hyperbolic tangent function (f(a) = tanh(a)) are employed between the layers.
Levenberg-Marquardt algorithm (Asadi et al., 2013; Alizadeh et al., 2017; Zhang et al.,
2018) is selected as the optimization algorithm for training the ANN model, which is a
way to adjust the parameters consisting of weights w and bias b between layers. Refer-
ring to multi-step-ahead forecast steps in section 4.2.1.2, the ANN forecasting approach

at daily and monthly scales (as shown in Fig. 4.1) is summarized in Algorithm 4.1.
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4.2.3 Long short-term memory model (LSTM) for daily and monthly

streamflow forecast

The LSTM architecture is composed of special units (called memory blocks) in the re-
current hidden layers. Each memory block contains the self-connected memory cells and
multiplicative units. The memory cells are used to store the temporal state of the net-
works. The multiplicative units, including the input, output and forget gates, controls the
flow of information between the cells. The input gate is responsible for controlling the
flow of inputs into the memory cell, while the output gate conducts the output flow of
cell activations. The forget gate scales the internal state of the cell. Fig. A.2 shows the

information flow through a LSTM cell.

The LSTM transition equations are written below:

fo = o(Wylheor, x5 + b)), (4.4)

is = o(Wilhe_1, zs] + b;), (4.5)

C, = tanh(W[hs_1, 7] + be), (4.6)
Co=f,®Coy+i,0Ch, 4.7)

Oy = o(Wolhs-1,24] + bo), (4.8)

hs = O ® tanh(Cy), 4.9)

where 7, O, and f, are the input, output and forget gates respectively, W;, W,, W; and
W, represent the weights for each gate, b;, b,, by and 0. are the bias terms, o denotes
the logistic sigmoid function, tanh is the hyperbolic tangent function, © is the the scalar
product of two vectors, C represents the cell state, /Cvs is the updated cell state, x5 and A

are the cell input and output respectively.

In this study, the LSTM forecasting approach consists of one input layer, two hidden

layers and one output layer. The LSTM is trained based on truncated Back Propagation
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Through Time (BPTT), which uses a back propagation network to update the parame-
ters in iterations (Werbos, 1990). Referring to multi-step-ahead forecast steps in sec-
tion 4.2.1.2, the LSTM model forecasting at daily and monthly scales similar to that of

the ANN forecasting approach, is described in Fig. 4.1 and Algorithm 4.1.

4.3 Application

4.3.1 Study area

The Chao Phraya River Basin (CPRB), the heart of Thailand, is the center of rice pro-
duction and the region economy (Wichakul et al., 2013). Nan River Basin (NRB) and
Ping River Basin (PRB) were selected as two study sites as shown in Fig. 4.2. The first
study site NRB, as one of major subbasins of CPRB, covers an area of 11,950 km? (Ki-
nouchi et al., 2018). The CPRB, located in the heart of Thailand, is the center of rice
production and the region economy (Wichakul et al., 2013). Nan River Basin (NRB) as
one of major subbasins of CPRB, covers the area of 11,950 km? (Kinouchi et al., 2018).
This basin includes the third largest dam reservoir -Sirikit Dam Reservoir in Thailand as
shown in Fig. 4.2. The function of Sirikit Dam Reservoir is to supply domestic water,
irrigation and power generation. The river flow through the center of Nan province and
drains into the reservoir. The basin is in a subtropical monsoon region, with relatively
abundant rainfall and a humid climate from May to September. The average annual pre-
cipitation over the basin is 900-2000 mm. To determine the relationship between rainfall
and runoff, streamflow into the Sirikit Dam Reservoir and rainfall data from gauges (as
shown in Fig. 4.2) were collected at daily and monthly scales from 1974 to 2014. The in-
troduction and results of streamflow forecasts at the second study site PRB, are provided

in the section A.2.
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Fig. 4.2. Location of the Nan River Basin (NRB) and Ping River Basin (PRB).

4.3.2 Daily and monthly model development

In this study, the ANN and LSTM models are employed to forecast streamflow at daily

and monthly scales. The daily and monthly dataset are split into the separations of training

and validation datasets as shown in Table 4.1. The model inputs are the available observed

rainfall, and predicted streamflow (output) from the previous time levels (t—M +1, ..., t)

(as shown in in Eq.(4.2)). The targeted output is the streamflow at the time level ¢ 4 1.

All datasets were scaled to the range of 0-1 to match the consistency of machine learning-

based models, and rescaled back to the original values after the model simulation (Zhang

et al., 2018).
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Table 4.1: The training and validation datasets at daily and monthly scales.

Training period Validation period
Daily scale 1 January 1974 to 17 November 2007 18 November 2007 to 20 February 2011
Monthly scale January 1974 to March 2004 April 2004 to December 2014

To evaluate the model parameter impact, different setups of model parameters are em-
ployed in the ANN and LSTM models during training period in both daily and monthly
forecasting. The parameters settings used in two models are summarized in Table 4.2.
To demonstrate the model convergence, an example is shown in Fig. A.3. In this case,
the ANN model is applied for streamflow forecasting and the training dataset is 11500
days. The model is trained in 5000 epochs with time lag=10days. The loss between the
predicted and true streamflow is calculated by mean squared error (MSE). In Fig. A.3, it
can be noticed that the ANN model converges as its loss actually moves towards a minima

with a decreasing trend in the whole training process.

Table 4.2: The parameter settings of ANN and LSTM models at daily and monthly fore-
cast.

Time lag length Daily forecast (day) Monthly forecast (month)
1 3 5 10 15 20 25 30 35 40 1 2 3 4 5

Epochs (ANN) 100, 200, 300, 400, 500 100, 200, 300, 400, 500

Epochs (LSTM) 10, 20, 30, 40, 50 10, 20, 30, 40, 50

4.3.3 Model performance evaluation

The performance of the ANN and LSTM forecasting models developed in this study is
assessed using various standard statistical performance evaluation criteria. The statistical
measures used here are the root mean squared error (RMSE), the Nash-Sutcliffe efficiency
coefficient (NSE) (Nash and Sutcliffe, 1970), the coefficient of correlation (CC) (Taylor,
1990), and the mean absolute error (MAE) (Legates and McCabe Jr, 1999). These indi-

cators can be defined as follows:
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(1) Root Mean Squared Error (RMSE):

Q- Q7)
RMSE =\2— (4.10)

(2) Nash-Sutcliffe Efficiency Coefficient (NSE):

> (@ - Q)
NSE=1- |2 — 1, 4.11)
; Q- Q")
(3) Coefficient of Correlation (CC):
> Q- -Q)
CC=—= — = (4.12)
2 —o0
JE @ -0 s -
(4) Mean Absolute Error (MAE):
1 g S o
MAE:EZZI|Q1 _Qi|7 (4.13)

where Q¢ and Q¢ are the " forecasting and observed streamflow respectively, Q" and Q°

are the average forecasting and observed streamflow, n is the number of datasets.

4.4 Results and Discussions

In this section, the observed streamflow in the Sirikit Dam Reservoir is compared with
forecasting streamflow from the ANN and LSTM models, combined with different model

parameters at daily and monthly scales over the validation period.
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4.4.1 Daily streamflow forecast

4.4.1.1 Modelling parameter optimization in daily streamflow forecast

A number of ANN and LSTM modelling cases have been set up with varying parameters
(the length of the time lag and the maximum epoch number). The impact of modelling
parameters used in ANN and LSTM on results is demonstrated in Fig. 4.3 and Fig. 4.4.
As shown in Fig. 4.3, the average RMSE in the boxes is gradually decreased when the
length of the time lag increases from 1 day to 10 days and then remains almost the same
(220m3/s) when the time lag exceeds 10 days in ANN modelling, while the length of
the time lag has a slight effect on results of LSTM modelling. Fig. 4.4 shows that the
average values of RMSE in both the ANN and LSTM models exhibit a rising trend when

the maximum epoch number increases.

The impact of the number of lagged days and epochs used in ANN and LSTM modelling
is further estimated by the map of the RMSE of the forecasting daily streamflow results
shown in Fig. A.4 (where the box is masked from green to blue in Fig. A.4 (a) and (b)). It
is observed that the LSTM model achieves better forecast performance than ANN models.
The lowest and highest RMSE (outlined in red) for ANN modelling are 149.25m3/s
and 271.51 m? /s respectively, while for LSTM modelling, 118.51 m?/s and 199.22m?/s
respectively. The optimal settings of the lagged days and the maximum epoch number
are provided in Table 4.3. The best statistical result of ANN modelling in one-step-ahead
forecast is achieved with the time lag = 10 days and epochs = 200. For LSTM modelling,

the best statistical results are obtained for 25 days and 10 respectively.

Overall, the ANN and LSTM models exhibit different forecasting performance with vary-
ing parameter settings. It can be concluded that (1) an optimal time lag can be selected
to improve the ANN performance, (2) the effects of the length of time lag for the LSTM
model are uncertain in one-day-ahead forecast, and (3) the increase of the number of

epochs deteriorates the ANN and LSTM performance in one-day-ahead forecast.
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Fig. 4.3. Impact of the length of the time lag on streamflow daily forecasting, where the
RMSE of streamflow results using (a) ANN, and (b) LSTM.

(b) 300

(a) 300 , ; .
T T Min~Max
Mean
240 - —" —‘7 T E 240 i
7 =
Zi1sof 1 Zaso} —‘7 T |
2 l | 2 T
I |
120 T Min~Max 120 - J— J_ ]
Mean
100 200 300 400 00 10 " = " =
Epochs Epochs

Fig. 4.4. Impact of the maximum number of epochs on streamflow daily forecasting,
where the RMSE of streamflow results using (a) ANN, and (b) LSTM.

Table 4.3: The optimal parameter settings in daily forecasting.

Time lag (days) Epochs RMSE (m3/s)
ANN 10 200 149.56
LSTM 25 20 118.51

4.4.1.2 One-day-ahead streamflow forecast

Fig. 4.5 shows the daily hydrographs at Sirikit Dam Reservoir in one-day-ahead forecast

from 2007 to 2010 using optimal parameters in Table 4.3. As shown in Fig. 4.5, it can
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be noticed that the forecasting streamflow exhibits good agreement with the observed
streamflow. The streamflow forecast using the ANN and LSTM models could capture the
daily variability, but underestimates the streamflow in the dry season while overestimates
it in the wet season. By using LSTM model, the predicted streamflow shows a reduction
of overestimation in the wet season compared to that using the ANN model, and exhibits
a good match with the observations in Fig. 4.5. A comparison between the ANN and
LSTM models indicates that the LSTM model performs better than the ANN model in
daily streamflow forecasting. For example, the R? is 0.86 for LSTM modelling while it
is 0.76 in 2008 streamflow forecast for ANN modelling. In addition, it is noted that the
number of epochs required for LSTM model convergence is much smaller than the ANN
model while the number of the time lag has little effect on LSTM model results. This
indicates that the LSTM model is more robust and can extract nonlinearity characteristics
of data more efficiently (Zhang et al., 2018) in comparison to the ANN model.
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Fig. 4.5. Comparison of forecasting and observed daily streamflow using the ANN and
LSTM models with the optimal parameters in Table 4.3.
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4.4.1.3 Multi-day-ahead streamflow forecast

The ANN and LSTM models have been further applied to multi-day-ahead streamflow
forecasting. The comparative plots of the forecasting results obtained from the ANN and
LSTM models at the lead-time = 1 day, 2 day, 3 day, 4 day, and 5 day are shown in Fig. 4.6.
It can be observed that a relatively good agreement between the observed and forecasting
streamflow, especially the streamflow peak is achieved at the lead-time = 1 day and 2 day.
With increasing the lead-time, the arrival time of forecasting streamflow peaks becomes
slightly delayed, which is caused by the accumulation of forecast errors. Compared with
low streamflow simulation of the LSTM model from 5 October 2008 to 26 October 2008,
the streamflow peaks of the ANN model are generally higher than observed streamflow. In

addition, the predicted streamflow exhibits abnormal fluctuations in the ANN simulation.

Four indicators, RMSE, NSE, CC, and MAE, are chosen to evaluate the multi-day-ahead
forecast performance during the validation period (from 18 November 2007 to 20 Febru-
ary 2011). The corresponding evaluation of forecasting streamflow results during the
lead-times of 1-20 days is illustrated in Fig. 4.7. It can be seen that the LSTM model
generally outperforms the ANN model with the smaller RMSE and MAE (in Fig. 4.7
(a) and (d)), and higher NSE and CC especially at the longer lead-times (in Fig. 4.7 (b)
and (c)). It is also visible that the predicted accuracy of the ANN and LSTM models
decays as the forecasting horizon extends further in time (i.e. with the increasing lead-
time length). As the lead-time increases from 1 to 20 days, the RMSE and MAE in ANN
modelling increase approximately by 254% and 232% respectively, while in LSTM mod-
elling, the RMSE and MAE increase approximately by 291% and 215% respectively. The
NSE ranges between 0.1 and 0.68 for the ANN model, while between 0.33 and 0.78 for
the LSTM model. The CC decreases from 0.83 to 0.59 for the ANN model and from 0.89

and 0.64 for the LSTM model as the lead-time increases.

The results suggest that the forecasting performance for the LSTM model is better than
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that of the ANN model for long lead-time daily forecasting, which may be explained by
the model structure. For LSTM model, it processes the time series datasets as a sequence
and one element as input at a time, and the past temporal information is stored in the
memory cell, which helps the LSTM model to capture datasets trend and to exhibit more
powerful forecasting capability than the ANN model (Zhang et al., 2018; Kratzert et al.,
2018; Le et al., 2019). This enables a memory mechanism in the LSTM model, where
the network uses information about past calculations from a few past steps to inform the
decision of whether or not this information should be passed along to the next iteration
(Mouatadid et al., 2019). As the LSTM model processes the input data in many time steps,
the input data are used to update a number of parameters in the LSTM internal memory
cell states in every step during a training period. During the prediction period, the memory
cell states depend only on the input at a specific time step and the states from the last time
step (Kratzert et al., 2018). However, the ANN model does not have a temporal memory
and the inputs in the model are assumed to be independent of each other, so that it is
difficult to recognise temporal changes (de la Fuente et al., 2019). Therefore, memory
cells in the model structure help the LSTM model capture datasets trend and exhibit more

powerful forecasting capability than the ANN model.
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model and (b) with the LSTM model.



4.4. Results and Discussions 100

(@) 40 (b),,,

ANN B LST™M ANN §l LsT™
500 f- 0.8

400 |-
0.6

RMSE (mYs)
w
=

200

0.2
100 -

5 10 15 20 1_0 15 20
Lead time (day) Lead time (day)
(c) (d)
1.0 400
ANN LSTM
ANN B8 LsT™ i
300 [
0.8 -
¢
8 ~200
0.6 g
100
e 5 10 15 20 0 5 10 20
Lead time (day) Lead time (day)

Fig. 4.7. Forecast performance with the ANN and LSTM models over the validation
period of year 2007 to 2011 at the lead-times of 1-20 days: (a) RMSE, (b) NSE, (c¢) CC
and (d) MAE.

4.4.2 Monthly streamflow forecast

4.4.2.1 Modelling parameter optimization in monthly streamflow forecast

For optimal setting up of modelling parameters used in ANN and LSTM, I have under-
taken a number of test cases with varying the time lag length and epoch number. The error
estimate of results with different modelling parameters has been plotted in Fig. 4.8 and
Fig. 4.9. As shown in Fig. 4.8, it can be noticed that the average RMSE in the boxes is
diminishing rapidly as the length of the time lag rises from 1 month to 5 months in ANN
modelling, while the length of the time lag has no obvious impact on results in LSTM

modelling. In contrast, the average values of RMSE exhibit a descending trend when the
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maximum number of epochs increases in LSTM modelling, however, there is no obvious

trend of epochs effecting on ANN modelling in Fig. 4.9.

Fig. A.5 shows the map of the RMSE of the forecasting daily streamflow results in ANN
and LSTM modelling. By Comparing Fig. A.5 (a) and (b), it is obvious that the ANN
model is sensitive to the time lag selection while the LSTM model is more susceptible
to the maximum epoch number. For example, in ANN modelling, the RSME of results
is increased from 3800 m?/s (blue box) to 1500 m?/s (yellow box) when the time lag
rises from 1 to 5 months with a fixed maximum epoch number in Fig. A.5(a). Simi-
larly, in Fig. A.5(b), the performance of the LSTM model becomes better when the max-
imum epoch number gradually increases from 10 to 50 with the time lag = 1 month.
The lowest and highest RMSE (outlined in red) for the ANN model are 1660.16 m?/s
and 3738.63 m?/s respectively, while those of the LSTM model are 1698.97 m?/s and
2535.57 m? /s respectively. The highest accuracy statistics of the ANN and LSTM mod-
els at monthly scale are given in Table C.1. The best statistical result of the ANN model
in one-month-ahead forecast is achieved with the time lag = 4 months and epochs = 500.
For the LSTM model, the time lag and maximum epoch numbers are 2 months and 50,
respectively. The results indicate that the ANN model is comparable to the LSTM model

in monthly streamflow forecast.

Overall, for the influence of different parameter settings on the ANN and LSTM model
performance, it can be concluded that (1) increasing the time lag could improve the ANN
model accuracy in one-month-ahead forecast while remain inconspicuous for the LSTM
model, and (2) the increase of maximum epochs could improve the LSTM accuracy but

remains uncertain for the ANN model in one-month-ahead forecast.
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Fig. 4.8. Impact of the time lag on streamflow monthly forecasting, where the RMSE of
streamflow results using (a) ANN, and (b) LSTM.
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Fig. 4.9. Impact of the maximum number of epochs on streamflow monthly forecasting,
where the RMSE of streamflow results using (a) ANN, and (b) LSTM.

Table 4.4: The optimal parameter settings in monthly forecasting.

Time lag (months) Epochs RMSE (m?/s)
ANN 4 500 1660.16
LSTM 2 50 1598.97

4.4.2.2 One-month-ahead streamflow forecast

Fig. 4.10 displays the monthly hydrographs at Sirikit Dam Reservoir in one-month-ahead

forecast from year 2004 to 2012 using the optimal parameters in Table C.1. It is shown
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in Fig. 4.10 that the forecasting streamflow exhibits good agreement with the observed
streamflow. The ANN and LSTM models not only capture the monthly streamflow vari-
ability, but also successfully predict the low streamflow in dry season. During the vali-
dation period (from April of 2004 to December of 2013), the R? is 0.94 and 0.95 for the

ANN and LSTM models, respectively.
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Fig. 4.10. Comparison of forecasting and observed monthly streamflow using the ANN
and LSTM models with the optimal parameters in Table C.1.

4.4.2.3 Multi-month-ahead streamflow forecasting

The ANN and LSTM models have been further applied to multi-month-ahead streamflow
forecasting. Fig. 4.11 gives the comparative plots of the forecasting results obtained from
the ANN and LSTM models at the lead-time = 1 month, 2 month, and 3 month. One
observes a relatively good match between the observed and forecasting streamflow from
two models in the first and second month ahead forecast. Low streamflow is accurately
forecasted, and high streamflow events are also properly captured although the arrival time

of forecasting streamflow peaks is slightly delayed in multi-month-ahead forecasting.



4.4. Results and Discussions 104

~—~
-
g

50000 v T v T T T v T
i —— Observed stream flow Lead time =1 month
40000

30000
20000

=SS

0
01/06/2004 01/06/2006 01/06/2008 01/06/2010 01/06/2012

Lead time =2 month Lead time =3 month

Streamflow(m?/s)

P |

Date
(®) 50000 ' , - . - . : .
- —— Observed streamflow Lead time =1 month
40000 Lead time =2 month Lead time =3 month n
30000 -

Streamﬂow(m3/s)

=Y NN

01/06/2004 01/06/2006 01/06/2008 01/06/2010 01/06/2012

Date

Fig. 4.11. Forecast performance at lead-times 1, 2 and 3 months: (a) with the ANN model
and (b) with the LSTM model.

Again, four indicators are used to evaluate the multi-month-ahead forecast performance
during the validation period (from April of 2004 to December of 2014). The results from
these indicators for the forecast performance at the lead-times of 1-12 months are illus-
trated in Fig. 4.12. It is seen that as the lead-time length increases from 1 to 12 months,
the RMSE and MAE of results in ANN modelling increase approximately by 499% and
457%, respectively, while in LSTM modelling, approximately by 442% and 425%, re-
spectively. Bearing in mind that NSE < 0 indicates the model forecasts are unreliable, It
can be seen that the LSTM model can perform accurately streamflow forecast only for a
one-month-lead period (afterwards, NSE < 0), while the ANN model is able to forecast-

ing streamflow up to 2 months ahead (Fig. 4.12(b)). The CC of forecasting streamflow
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in both the ANN and LSTM models rapidly decreases from 0.97 to < 0.20 for the first
3-month predictive period. Both model performance and forecast reliability is diminished
as the lead-time increases as shown in Fig. 4.12. The main reason for this could be the
autocorrelation, which decreases in time series, making time series much less predictable

with rising the lead-time (Liu et al., 2014).

It is noticed that the LSTM gradually fails to capture flow peaks in some occasions in the
third month ahead forecast. In contrast to its good performance in long lead-time daily
forecasting, the LSTM model fails in multi-month-ahead forecasting. The reason for this
is that in this case study, the number of observed monthly datasets available is much
smaller than that of daily datasets. For accurate prediction in LSTM, a large number of
datasets is required for learning the long-term dependencies between the input and output
datasets during the training process. This finding is similar to that of Kratzert et al. (2018),
where the authors found that the data intensive nature of the LSTMs was a potential barrier

for applying them in data-scarce problems.
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Fig. 4.12. Forecast performance with the ANN and LSTM models at lead-times of 1-12
months: (a) RMSE, (b) NSE, (c) CC and (d) MAE.

4.5 Conclusion

In this study, a recursive forecasting framework has been developed, to explore the long
lead-time forecasting capabilities of the ANN and LSTM models at daily and monthly
scales. The impact of the selection of parameters (the length of time lag and the number of
maximum epochs) on model performance is also explored in ANN and LSTM modelling.
The proposed models have been applied to a realistic case study, the Nan River Basin
(NRB), as one of major subbasins of the Chao Phraya River Basin (CPRB) in the heart of

Thailand. The main findings are listed as follows:

(1) In daily streamflow forecasting, the LSTM model outperforms the ANN model up
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to 20 days ahead. The forecasting streamflow achieves a relatively good agreement

with the observed streamflow, especially for the streamflow peak.

(2) In monthly streamflow forecasting, the situation becomes reverse in the LSTM
model, where the forecasts of the ANN model turn out to be better with the increase
of lead-time up to 12 months ahead. High streamflow events could be properly cap-

tured by the ANN model, except for a slight flow peak delayed.

(3) The length of time lag and the number of epochs exert great impacts on model
forecasting performance at daily and monthly scales. This indicates that parameter
optimization at different time scales could be effective to enhance the long lead-time

forecasting accuracy of the machine learning models in the short and long terms.

Overall, our study shows that the LSTM method is superior to the ANN model in the
daily streamflow forecasting for a long lead-time. This could provide an insight to water
resource managers to infer daily river discharge ahead in realistic hydrological applica-
tions. While for monthly streamflow forecast, the forecasting accuracy of both models
is still restricted over two or three months ahead. This could be a subject of future re-
search efforts. Providing additional climatic factors into the presented models such as
temperature and humidity, or developing hybrid models such as machine learning meth-
ods combined with data assimilation, would improve model accuracy in monthly stream-
flow forecast for a long lead-time. In the following chapters, the machine learning with

multiple inputs and combined with data assimilation are going to be presented.



CHAPTER 5

A real-time flooding forecasting using
deep convolutional GAN and

application to Denmark

Real-time flood forecasting is crucial for supporting emergency responses to inundation-
prone regions. Due to uncertainties in the future (e.g. meteorological conditions and
model parameter inputs), it is challenging to make accurate forecasts of spatiotemporal
floods. In this work, a real-time predictive deep convolutional generative adversarial
network (DCGAN) is developed for flooding forecasting. The proposed methodology con-
sists of a two-stage process: 1) dynamic flow learning and 2) real-time forecasting. In
dynamic flow learning, the deep convolutional neural networks are trained to capture the
underlying flow patterns of spatiotemporal flow fields. In real-time forecasting, the DC-
GAN adopts a cascade predictive procedure. The last one-timestep-ahead forecast from
the DCGAN can act as a new input for the next timestep-ahead forecast, which forms
a long lead-time forecast in a recursive way. The model capability is assessed using a
100-year return period extreme flood event occurred in Greve, Denmark. Results indicate
that the predictive fluid flows from the DCGAN and the high fidelity model are in a good

agreement (the correlation coefficient > 97% and the mean absolute error < 0.008m) for

108
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a lead-900 timestep forecast. This is an important step towards real-time flow forecasting
although further evaluation of the DCGAN performance is required in complex realistic

cases in the future.

This chapter is derived from and expands upon Cheng et al. (2021).

5.1 Introduction

In this work, a deep convolutional generative adversarial network (DCGAN) is proposed
to tackle challenges presented by the long lead-time flooding forecasting. GANs are ca-
pable of processing high-dimensional datasets and producing high-resolution images (Liu
et al., 2019; Ledig et al., 2017; Choi et al., 2018; Isola et al., 2017). Recent progress in
deep learning has shown that GAN-based techniques are promising for spatiotemporal-
based applications such as trajectory prediction, events generation and time-series data
imputation (Gao et al., 2022). Cheng et al. (2020c¢) first introduced DCGAN for pre-
dicting spatiotemporal flow distributions. This work mainly focused on simulations of
parameterized nonlinear fluid flows for a training period. It was shown that the complex

features of flow dynamics were captured by the adversarial networks.

In this work, further implementation of the DCGAN has been presented for long lead-time
flood forecasting in the future (beyond the trained period). The capability of the DCGAN
has been evaluated for a realistic flooding event in Denmark. The main features of the

predictive DCGAN are:

* An efficient DCGAN architecture, consisting of deep convolutional neural net-
works, learns rich distributions from the high-dimensional spatiotemporal datasets

and yields a low computation cost for predicting spatiotemporal floods.

* A cascade predictive implementation of the DCGAN, provides accurate predictive

results for a long lead-time, which highlights the potential in complex and mas-
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sive applications. During dynamic flow learning, the spatiotemporal flow features
of historical high-dimensional flow fields are deeply exploited by the deep con-
volutional neural networks, thus capturing the underlying flow patterns. During
real-time forecasting, the forecast process follows a cascade manner, which means
that the last one-timestep-ahead predictive solution is used as a new input for the

next step forecast.

* Having the capability of exploring the flood propagation process over a urban area.

The chapter is organized as follows. The governing equations for flood forecast prob-
lems are briefly formulated in section 5.2. The real-time DCGAN for flood forecasting is
introduced in detail in section 5.3. Section 5.4 demonstrates the predictive performance
of the DCGAN using flood events in Greve, Denmark as a realistic test case. Finally in

section 5.5, conclusions are presented.

5.2 Spatiotemporal flood forecasting problem

In traditional computational dynamic models, the parameterized set of partial differen-
tial equations (for example, the Navier Stokes or shallow water equations) are used for

resolving flood dynamics problems as
R(U, p,x,t) =S, (5.1)

where R is the nonlinear model operator, U represents the variables to be predicted (for
example, velocity, pressure, water depth etc.), « is the spatial coordinate system, ; denotes
the uncertainty parameters, boundary and initial conditions, ¢ is the time and S denotes

the source term.

The spatiotemporal flood forecast process, is a way to learn from the historical dataset

U € R'~>Pr and predict the future flow solution U € R'~+7*Pr on the spatial space (where



5.3. Deep convolutional GAN for real-time flood forecasting 111

Table 5.1: The definition of variables used in this work.

Variable Definition

Dr Total number of nodes in a grid in the computation domain §2.
X Locations of nodes in the computation domain Q, X = (Xy,..., X, ,..., X, ).
T Lead time length of the predictive variable solutions.
K Previous time length of the historical variable solutions.
U Variable solutions at temporal and spatial spaces.
U Variable forecast during the lead time period (ty, txr).
U, Variable solutions obtained by the generator during the training process.
Uy Real dataset used to distinguish it from the generated data U, during the training process.
1 Input dataset, containing previous length-K time series of variable solutions.

Output dataset, containing the one-timestep-ahead predictive variable solution.

7 is the lead timestep, /N represents the number of timesteps, p, is the total number of
nodes in the computation domain €2). Given the solutions/dataset at the previous length-
K time series of variable solutions {U,|i = 1, ..., K'}, the forecast of length-7 time series

of variable solutions {U,,|i = 1, ..., 7} can be expressed mathematically as:
Utyars oo Utnr = P (Ut o Unyy 1) (5.2)

where P represents a dynamic forecast model for the fluid flows expressed in Eq.(5.1),
U,, is the variable spatial solution at time step ¢,, ; as the conditional input is used to
improve the forecast accuracy. In this work, the dynamic predictive model P will be

represented by a real-time predictive DCGAN, which will be introduced in section 5.3.

The variables used in the following sections are defined in Table 5.1.
5.3 Deep convolutional GAN for real-time flood forecast-
ing

The main objective of this work is to develop a real-time predictive DCGAN tool for

spatiotemporal flood modelling. To achieve this objective, a two-stage process is adopted
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(shown in Fig. 5.1):

* Dynamic flow learning. During the training process, the dynamic model P in
Eq.(5.2) is represented by the DCGAN which combines the generator G and dis-
criminator D modules. Given the training input-output datasets (/" O*"), the spa-
tiotemporal flow features and dynamic patterns of historical floods are deeply ex-
ploited by the DCGAN. Once the training process is finished, an optimal dynamic

system P is obtained aiming to learn the flow features in time and space (the details
of the training process, see section 5.3.1).

* Real-time forecasting. The real-time forecast adopts a cascade manner for predict-
ing the flow evolution over time. The last one-timestep-ahead forecast from the

DCGAN can act as a new input for the one-timestep-ahead forecast, which forms

a long lead-time forecast in a recursive way (the details of the forecasting process,

see section 5.3.2).

«—— Dynamic learning e Real-time prediction ——
(K+1) ™ step | - s
‘ Length-K inputs, .

e | iy

{0\ i g A A i
f 1 \ ! \ / \ { \
| i '{ \ f \ [ f \
I J \ J J ! !
I, | ‘ \ f | \ |
I || P "‘, | EL | 1 |
b | (F+E+1\"step \
| il ! \,‘ \k‘.‘ E‘I \"" | iﬁ‘ J
| iI | II I"‘- J T e ".\)Jh ".‘“ ![ W‘. )
‘ 2 ‘ \J (N+K+2) ®step \J \

f Y
b — =l “¢¢ —— prediction

; Le"ngth—lK inputs | ; <
L t(N+c)

!
0 cecece tN

Fig. 5.1. The schematic diagram of the dynamic flow learning and forecast processes

(taking the wave as an example)
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5.3.1 Dynamic flow learning of DCGAN

A DCGAN consists of two modules, a generator GG and a discriminator D (Goodfellow
et al., 2014). As shown in Fig. 5.2, the generator is responsible for generating spatiotem-
poral distributions of data U, from a random distribution /. The discriminator is respon-
sible for distinguishing the real data U, from the generated data U, by making a binary
decision. Therefore, the dynamic model P is represented by the two modules in the DC-

GAN (P = (G, D)).
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Fig. 5.2. Illustration of the dynamic flow learning system: a deep convolutional GAN
(DCGAN), which consists of a generator and a discriminator. The generator and discrim-
inator are composed of convolutional layers and full-connected layers. The combination
of the loss functions in two modules forms the adversarial training.

Generator network: 1 use a deep neural network F, that takes the inputs I with length- K

timesteps {U;, X),oy Uy, (X)), ..., U, (X), u}. As shown in Fig. 5.2, the genera-

—K+1 (
tor consists of deep convolutional layers, and each hidden layer is followed by an activa-
tion function (e.g, the rectifier non-linearity (ReLLU), the hyperbolic tangent function, and

the sigmoid function) (Zhong et al., 2019). The convolutional layers are able to capture
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the spatial and temporal dependencies in a flood field by using filters. Filters often extract
certain types of features from the inputs, and can represent spatially localized interactions
(Weyn et al., 2020). The batch normalization (Ioffe and Szegedy, 2015) is used which
stabilizes learning by normalizing the output values retain a mean of 0 and standard devi-
ation of 1. During the training process shown in Fig. 5.2, the parameters 1) (weights and

bias in the neural network) in the generator are updated to minimize the loss function L:

L = Erpnllog(l — D(G(1)))], (5.3)
where p;(I) is a prior distribution for the inputs /.

Discriminator network: The discriminator takes as its inputs a generated forecast U,

and a targeted output (i.e. real data) O (O = Uy = Uy, ., (X)). The generated and

ntl
targeted datasets in the discriminator are processed using deep convolutional layers and
full-connected layers, and each hidden layer is also followed by an activation function and
batch normalization similar to the architecture used in the generator. The output layer is
densely connected to the final hidden layer which yields a number between 0 and 1. The

output D(U;) = 1 means that the targeted outputs Uy, are accepted by the discriminator

while D(G(1)) = 0 means that the generated forecasts U, are rejected.

In the model training process, the parameters ( (weights and bias in the neural network)

in the discriminator are updated by maximizing L, as:
LD = Euyparav 108 D(Ua)] + Erp,(nllog(1 — D(G(1)))], (5.4)

where pgqi,(Uy) is the probability data distribution for the targeted outputs Uy.

Combining the loss functions L4 in Eq.(5.3) and £ in Eq.(5.4), the objective function

for the DCGAN can be expressed as:

mGin mgXE(G, D) = EUdedam(Ud)UOg D(Ud)] + EINPI(I) [10g<1 - D(G(I)))] (5.5
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In practice, gradient-based methods, for example the adaptive Moment Estimation (Adam)
optimizer and RMSprop (Tieleman and Hinton, 2012), are used to optimize the loss func-
tion £(G, D). The model architecture and parameters of the DCGAN are described in
detailed in Table 5.2 applied to flood prediction problems in this work. After completing
the dynamic learning process of the DCGAN, the parameters in the generator and dis-
criminator are optimized. The flood fields U in the lead-time steps can then be predicted

by the DCGAN.

Table 5.2: Architecture and model parameter setting of the DCGAN

Module Layer

Input

Conv2D, leaky ReLU (o = 0.2)
Generator G Conv2D, leaky ReLU (o = 0.2)

Conv2D, leaky ReLU (o = 0.2)
Conv2D, leaky ReLU (o = 0.2)
Output, Tanh

Input

Conv2D, leaky ReLU (o = 0.2)
Conv2D, leaky ReLU (o = 0.2)
Conv2D, leaky ReLU (o = 0.2)
Conv2D, leaky ReLU (o = 0.2)

Full connected, leaky ReLLU (o = 0.2)
Output (1), Sigmoid

Discriminator D

Parameter Setting

filter size 3x3

batch normalization momentum=0.8
batch size 10

optimizer Adam

learning rate; momentum 2x107%,0.5
epochs 500

5.3.2 Real-time forecast of DCGAN

Once the DCGAN used for representing the dynamic model P is generated during the dy-

namic learning process, the one-timestep-ahead forecast of fluid field U can be obtained.
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For the one-timestep-ahead flood forecast in Eq.(5.2) can be rewritten as:

Utn+1 (X> =G (Utanqul <X>7 X) Utn (X)a ,LL) : (56)

To further achieve the long lead-time forecast of floods, a cascading deployment is used
as shown in Fig. 5.3. It starts with the one-timestep-ahead forecast {U,, (X)|n = K +
1}, given the inputs [ € R'%*Pr containing K — timesteps historical data {U; (X)|n =
1,..,K}. Afterwards, in the following one-timestep-ahead forecast {U, (X)|n = K +
2,...}, the previous predicted solution {U, (X)|n = K + 1,...} will be included in the

inputs. Given the previous length-K timesteps, the forecast of length-7 timesteps in Eq.

(5.2) or Eq.(5.6) can be rewritten as:

(X), o Up (X), Ty, (X)), ﬁtnﬂ,,l(){),u) <K
e ([Z (X, os Un o (X), T, (X, u) > K
(5.7)

where i = (1, ..., 7), and the historical flow datasets (U, , Uy, (X)) are used when

n—k4i’

© < K, while all the inputs originate from the predicted solution at the previous timesteps

when ¢ > K (beyond the training period).
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Fig. 5.3. Illustration of the real-time forecast of the DCGAN. The forecast of flood fields
employs a cascade manner, i.e. the last one-timestep-ahead forecast from the DCGAN
can act as a new input for the next step-ahead forecast, which forms a long lead-time
forecast in a recursive way.

5.3.3 Model evaluation

To assess to performance of the DCGAN model developed in this study, different sta-
tistical evaluations including the root mean squared error (RMSE), the Nash-Sutcliffe
efficiency coefficient (NSE), the coefficient of correlation (CC), the mean absolute error
(MAE), the mean magnitude of relative error (MMRE), Nash-Sutcliffe efficiency ratio

(NSER)), and the percentage of accuracy-precision (PAP) (Heidaryan, 2019) are used.
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The Nash-Sutcliffe efficiency coefficient and percentage of accuracy-precision are de-

fined as
> (U = Uy’
NSE=1- | — | (5.8)
;(Ué - Ui)
2
2 (7 2
‘ , Ui —UY)
2 | [ 1&|Ui—U; 2 (U~ Ui
paP =100 1- V2 I e —t I N GE)
2 n Ul n i = 2
=1 d (Ug— Uy

-
Il

where U! and U} are the i'" forecasting and observed flows respectively, and Uy, is the
average observed flow. The MMRE and NSER vary between 0 and +o0, with accept-
able levels of performance between 0 and 1. The PAP ranges from 0O to 100, while zero

indicates both poor accuracy and precision (Heidaryan, 2019).

The forecasts are also analyzed in terms of their distributions by using the Q-Q plot, which
is a visual method comparing the values of observations in the predictive distribution on
the x-axis and the uniform distribution on the y-axis to examine the reliability of the
forecasting distribution. If the plot follows a 1:1 line, it means that the flood forecasts are
perfectly reliable. The advantage of Q-Q plot is that it can illustrate different aspects of

forecasts including under- or over-estimated predictive uncertainty (Xu et al., 2017).

5.4 Application and results

5.4.1 Study area

To assess the long lead-time predictive capability of the DCGAN model, it has been ap-
plied to a flood event in the northeastern part of Greve, Denmark. As shown in Fig. 5.4,

Greve is a coastal city connected to the Baltic Sea, with elevations between 12.76 to
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—2.1m in the study domain area. It is potentially affected by flood disasters induced by
extreme sea-level events along its coast. For example, an extreme historical flood in Kgge
Bay occurred in 13th October 1760, with a maximum water level of 3.7m (Berbel Roman,
2014). Considering the impact of climate change in the next 100 years, future climate
change conditions should be taken into account to estimate the future extreme sea-level
(Hu et al., 2019b). Therefore, a 100-yr return period extreme water level event (2100
upper sea-level flood event in Berbel Roman (2014)) was used in this work, to predict the

expected changes in future sea surges (as shown in Fig. 5.5).

12°16'0"E 12°18'0"E 12°20'0"E 12°22'0"E 12°24'0"E
55°37'0" N+
F55°36'0"N
55°36'0"N+
F55°35'0"N
55°35'0"N+ "
Elevation
o High : 12.76
N -LOW:-Z.I
Py 55°34'0"N
W
55°34'0"' N+ ! i 0 380760 1520 2280 3,40
o Meters
S
12°16'0"E  12°18'0"E  12°20'0"E  12°22'0"E  12°24'0"E

Fig. 5.4. Study area in Greve, Municipality of Denmark (left side see Hu et al. (2019b))

In this study, the training datasets and reference solutions (referred as the real/original
water depths) are obtained from the simulation results by running the high fidelity model
- MIKE 3 FM, which is a software tool for modelling unsteady three-dimensional free

surface flows (MIKE21 and MIKE3 Flow Model, 2009). As shown in Fig. 5.5, the model
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domain representing the coastal area in Greve (Denmark) has a size of 2.3 x 7.5km.
The unstructured mesh consists of a total of 39290 points. An extreme seawater level
event with a maximum value 3.08m is used as the input boundary condition along the
coastal line. No normal flow boundary conditions were applied to other boundaries.
Courant-Friedrichs—Lewy (CFL) number is 0.8 and drying and wetting depths are 0.01m
and 0.03m respectively. The total simulation time was 24h with a timestep At = 1s. The
simulations started from a ’static’ state. To illustrate the DCGAN capability for uncer-
tainty analysis and forecast, section 5.4.2 performs a sensitivity analysis by the DCGAN
with respect to different incoming waves along the coastline, while section 5.4.3 demon-

strates the forecasting capability of the DCGAN for a long lead-time.
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Fig. 5.5. Unstructured mesh of study area and extreme sea water level along the coastal
line, where the mesh is composed by 25203 elements, 38437 faces, 13235 nodes and 2
sections (triangular and rectangular).
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5.4.2 Uncertainty quantification

In this section, to evaluate model uncertainty in spatiotemporal flood modelling, I consider
different flood events of observed and predicted floods using different incoming waves.
As shown in Fig. 5.5, 15 types of input parameters (incoming waves) range from —30%
to +30% of the water level in 2100 upper sea-level flood event are generated using a
Gaussian distribution N (fi,c?). For example, the mean i is 2.18 m and the variance of
the distribution o2 is 0.047m at t = 6h in Fig. 5.6(b). Att = 12.5h in Fig. 5.6(c), the
water levels in 15 types of incoming waves are obtained from the Gaussian distribution

between 1.632m to 3.147 m.
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Fig. 5.6. Different types of incoming waves obtained from the Gaussian distribution of
the extreme sea water level (the solid line representing the 2100 upper sea flood level in
Fig. 5.5) from 0 to 24h. (a) represents 15 types of incoming waves, and (b) and (c) are the
Gaussian distribution of water depths at t = 6h and 12.5h, respectively.

Given a set of incoming waves (in Fig. 5.6), the corresponding solution snapshots U (a
total of 145 snapshots sampled at an equal time interval of At = 10min from 0 to 24h,
N = 145, p, = 39290) are obtained by running the high fidelity model. In model training

and validation processes, a predictive DCGAN is constructed by using the training and
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validated input-output pairs. I use the first 12 types of incoming waves as the training
inputs I'", while the corresponding training outputs O'" are the collection of the solution
snapshots for each type of incoming waves. During the online predictive process, given
a set of new inputs /7", the predictive analysis is undertaken by the DCGAN. Here the
inputs /P"¢ are the last three types of incoming waves (wave 13, 14 and 15) shown in

Fig. 5.6.

For a given input € IP" (wave 13), Fig. 5.7 presents the comparison of water depth
obtained from the DCGAN and the original high fidelity model at ¢ = 5,9, 14, 18h. It is
worth noting that the predicted flow fields from the DCGAN attain a good agreement to
those from the high fidelity model at different time levels. The basic flow physics is clearly
captured, and the shape of the water depth is predicted quite well, especially in urban areas
(as shown in the rectangles in Fig. 5.7). In addition, a relatively good correspondence is
observed between the predicted depth of DCGAN and those of the original high fidelity
model: the correlation coefficient of results at time levels t = 5,9, 14, 18k achieves values
beyond 97% shown in Fig. 5.8. Table 5.3 further summarizes the statistical metrics for
model performance. It can be seen that the values of MMRE and NSER at different time

levels are below 0.25, and the PAP values are beyond 82.

The results indicate that the DCGAN is able to obtain accurate simulations of spatiotem-
poral distribution during a fixed simulation period for given varied boundary conditions.
The spatiotemporal flow features have been faithfully represented as the flow evolves,
and the magnitude of predicted water depth during the simulation period is in a good
agreement with the reference water depth. The promising results obtained show that the
DCGAN is able to detect the underlying functional mapping through pattern extraction,
confirming results obtained in the work of (Leinonen et al., 2019; Zhong et al., 2019; Li
et al., 2018). Leinonen et al. (2019) suggested that the DCGAN has potential to solve
probability distribution problems in which the random fields have complex spatial struc-

tures.
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Fig. 5.7. Comparison of the spatial distribution of predictive water depth obtained from
the DCGAN and the original high fidelity model at ¢ = 5, 8, 14, 18h. Here the rectangles
regions are the urban cities with dense buildings.
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Fig. 5.8. The correlation coefficients of water depth solutions between the DCGAN and
the original high fidelity model at different time levels: (a) ¢t = 5h, (b) t = 8h, (¢)

t = 14h, and (d) t = 18h.

Table 5.3: Statistical metrics for water depth solutions between the DCGAN and the
original high fidelity model at t = 5, 8, 14, 18h.

Time CC MMRE NSER PAP
t=5h 0.97 0.06 0.24 82.5
t=8h 0.97 0.14 0.05 89.4
t=14h 0.98 0.09 0.04 93

t=18h 0.99 0.21 0.01 85.1

5.4.3 Real-time flooding forecast

In this section, I further test the forecasting ability of DCGAN in future events that is

beyond the training time. In this case, given the incoming waves (2100 upper sea-level
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flood event shown in Fig. 5.5), the corresponding solution snapshots U (a total of 2881
snapshots sampled at an equal time interval of At = 30s from 0 to 24h) are obtained by
running the high fidelity model. In the study scenario, the solutions at first 1800 timesteps
from Os to 15h are selected as the training datasets, while the remaining datasets from
t1s01 = 15.01h to togg; = 24h are prepared for one-timestep-ahead forecast (as shown in

Flg 51, tN = t1800 and tN+7- = t2700>.

To evaluate the predictive ability of the DCGAN, a comparison between the predicted
water depth of the DCGAN and the high fidelity model has been undertaken. Fig. 5.9
depicts the temporal variations of the water depth at eight points within the computational
domain area 2. It can be observed that a relatively good agreement exists between the
predictive and original water depths from ¢ = 15.02h to ¢ = 23h. The water depths at
eight detectors have the same variation tendency as the incoming waves from ¢ = 15.02h
to t = 23h in Fig. 5.5. The DCGAN results of the water depth at detectors P5 and P6
along the coastline are very close to those from the high fidelity model although minor
differences (< 0.005m) between results at peaks are noticed. It can be seen that the water
depths at detector P1 obtained from the DCGAN have a slight difference from that of
original high fidelity model after ¢ = 21h. This due to the fact that the detector P1 is
located at the channel, thus having a larger water depth even though the level of incoming
wave reduces. In addition, there may exist an arrival time lag at detectors if the impact
of buildings is taken into account in the flooding simulations (Hu et al., 2019b). The
promising results obtained show that the proposed DCGAN can predict the time series of

floods reasonably well in comparison to the high fidelity model.
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Fig. 5.9. Comparison of the temporal distribution of predictive water depth obtained from
the DCGAN and the original high fidelity model at eight observed points, where the water
depth from the high fidelity model is taken as the real (original) depth while the predictive
depth is referred as the results from the DCGAN.

To depict the spatial distribution of nonlinear fluid fields during the forecasting period
(from 15.01h to 23h), the areas marked with rectangles in Fig. 5.7 are selected to show
the visible changes as the flood propagates over the urban area. The spatial distribution of
the predicted water depth at time ¢t = 15.5,17.9,22.8h is shown in Fig. 5.10. Again very
little difference between the results from the DCGAN and the original high fidelity model
can be visually noticed at these time steps. The underlying flow pattern is captured well by
the predictive DCGAN, especially in complex topographic features, including buildings
and channels. The absolute error of the water depth predicted by the DCGAN is also
illustrated in Fig. 5.10, in which the high fidelity model is taken as the reference solution.

It can be noticed that most of absolute errors are smaller than 0.01m over the whole
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domain area at time steps ¢ = 15.5,17.9,22.8h. The influence of buildings is observed
that the absolute errors increase around buildings when the incoming wave rises from

t = 15.5h to 17.9h. However, it relieves when the water depth declines from ¢ = 17.9h

to 22.8h.
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Fig. 5.10. Comparison of the spatial distribution of predictive water depth obtained from
the DCGAN and the original high fidelity model at time steps ¢ = 15.5,17.9,22.8h.

To further demonstrate the forecasting capability of the DCGAN, the error analysis is
carried out by four indicators, i.e. Root Mean Squared Error (RMSE), Nash-Sutcliffe
Efficiency Coefficient (NSE), Coefficient of Correlation (R), and Mean Absolute Error
(MAE) for a long lead-time forecast. The corresponding evaluation of forecasting nonlin-
ear flow results during the lead-times from 15.01A to 23A is illustrated in Fig. 5.11. It can
be seen that the values of RMSE and MAE range from 0 to 0.15 and 0 to 0.08, respectively

(in Fig. 5.11 (a) and (c)). It is worth to mention that values of NSE and R are beyond 0.97
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and 0.98 respectively (in Fig. 5.11 (b) and (d)). The maximum values of RMSE and MAE,
as well as the minimum values of NSE and R, occur when the water level of incoming
wave attains its peak around ¢ = 18h. This suggests the flood forecasting accuracy is
highly correlated with the incoming waves, which exhibits a descending trend when the
water level of the incoming wave increases. It is also noted that the forecast reliability
diminishes after ¢ = 21h. The reason for this is that the forecasting results have a smaller
inundation as the incoming wave decays after ¢t = 21h, and the water depth in most parts
of study area decreases to some extent, and may even reach dry conditions. Again, it
proves that the flood forecasting accuracy is sensitive to the boundary conditions, i.e. the

incoming sea level (Hu et al., 2019b).
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Fig. 5.11. Forecast performance with the DCGAN during the long lead-time of the com-
putational domain area €2: (a) RMSE, (b) NSE, (c) MAE and (d) R.

In Fig. 5.11, it can be seen that there is no obvious trend of increasing forecast error with
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rising the lead-time while the statistical error analysis exhibits a close connection with
incoming waves. One of the reasons for this is the inclusion of boundary conditions in
the inputs at each predictive time step. The use of the boundary conditions (acting as the
flood event driver) in the DCGAN, could improve the flood predictions at long lead-time
series and mitigate the cumulated forecast error problem. This finding is similar to that
of Chattopadhyay et al. (2020), where authors found that the driven variables included in
weather forecast patterns could achieve higher accuracies and longer lead-time prediction
with use of deep learning methods. While the inclusion of boundary conditions in deep
learning leads to a better model performance (Boucher et al., 2020), there is often a lack
of information on boundary conditions in a realistic application. To tackle this issue,
inverse uncertainty quantification techniques can be used for estimation and calibration
of boundary conditions. The boundary conditions for limited area simulations (LAS) are

usually obtained from a global model or a large-scale model containing the area of LAS.

Overall, the results obtained suggest that the DCGAN is a powerful tool in flow pattern
generalization and in nonlinear flow forecasting beyond the training period. In future re-
search work, the trained DCGAN could also be incorporated into data assimilation tech-
niques, which can effectively improve the predictive accuracy along with the real-time

driving forcing (Irrgang et al., 2020).

5.5 Conclusion

Real-time forecasting is of great significance for better decision-making in flood disasters.
In this work, a real-time DCGAN predictive modelling tool for flood forecasting has
been developed. This tool has the capabilities of dynamic learning and real-time forecast.
The DCGAN can be used to compress the high-dimensional flood fields into the low-
dimensional features, and then recover these latent states into the original ones. This

process extracts the fluid flow features and learns the dynamic flow patterns.
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The proposed approach is assessed with two scenarios, one focuses on uncertainty quan-
tification of inflow boundary conditions and the other on evaluation of long lead-time
predictive performance of the DCGAN tool. It has been applied to flood events within
Greve, Denmark. The results show that the DCGAN is able to capture the complex flow
features and explore the flood propagation process over the urban area. It exhibits an over-
all good agreement with the original high fidelity model in simulations of spatiotemporal

flow distribution for a lead-900 timestep forecast.

Overall, the proposed tool enables rapid and accurate long lead-time forecast of dynamic
flows and has great potential for real-time forecasting and management, e.g. flood haz-
ard mitigation and advanced management of policy responses to flood disaster, effective
water resource management, and irrigation management decisions. The next chapter will
present the ConvLSTM, DCGAN and VAE-GAN capabilities in hourly and daily ozone

prediction in spatial and temporal spaces.



CHAPTER 6

Spatiotemporal hourly and daily ozone
forecasting in China using GAN and

ConvLSTM

Efficient and accurate real-time forecasting of national spatial ozone distribution is crit-
ical to the provision of effective early warning. Traditional numerical air quality models
require a high computational cost associated with running large-scale numerical simula-
tions. In this chapter, firstly, I systematically analyse the hourly and daily spatiotemporal
predictive performances using convolutional long short term memory (ConvLSTM) and
deep convolutional generative adversarial network (DCGAN) models over the Beijing-
Tianjin-Hebei region, China. Secondly, I introduce a hybrid model (VAE-GAN) combining
a generative adversarial network (GAN) with a variational autoencoder (VAE) to learn
the dynamic ozone distributions in spatial and temporal spaces. The VAE-GAN model
can not only decipher the complex nonlinear relationship between the inputs (the past
states/ozone and meteorological factors) and outputs (ozone), but also provide ozone fore-
casts for a long lead-time beyond the training period. Results show that (1) the machine
learning-based models achieve better spatiotemporal ozone concentration prediction per-

formance with multiple meteorological conditions. The ConvLSTM model demonstrates

131
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the practical feasibility of identifying high ozone concentration distribution and capturing
spatiotemporal ozone variation patterns at a high spatial resolution (here 15km x 15km).
(2) VAE-GAN achieves a reasonable accuracy in the prediction of both the spatial and
temporal evolution patterns of hourly and daily ozone fields, as compared to the Nested
Air Quality Prediction Modelling System (commonly used in China), the reanalysis data
and observations during the validation period. Thus, the VAE-GAN is a cost-effective tool
for large data-driven predictions, which can potentially reinforce air pollution prediction

efforts in providing risk assessment and management in a timely manner.

This chapter is derived from and expands upon Cheng et al. (b) and Cheng et al. (c).

6.1 Introduction

In this work, firstly, I have quantified the uncertainty and heterogeneity of spatiotemporal
ozone prediction using two machine learning models, i.e. convolutional LSTM (ConvL-
STM) (Shi et al., 2015) and deep convolutional generative adversarial network (DCGAN)
(Goodfellow et al., 2014) over the Beijing-Tianjin-Hebei (BTH) region, China. In the
quantification framework, model sensitivity analysis is performed, which reveals the im-
portance of selecting multiple meteorological factors and model architecture in spatiotem-
poral ozone prediction. I systematically explore the predictive capabilities of both ma-
chine learning-based methods for a whole year at hourly and daily scales, and conduct un-
certainty analysis in spatial and temporal spaces. The comparisons are further conducted
with physical modelling data and monitoring datasets at high spatial (15&km x 15km) and

temporal (hourly and daily) resolutions.

Secondly, I have developed a spatiotemporal VAE-GAN for hourly and daily ozone fore-
casting. I use convolutional networks in the VAE-GAN model to improve its scalability
for large data-driven modelling and implement a recursively forecasting strategy in the

model architecture for achieving the long lead-time forecast. Overall, the VAE-GAN
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model developed in this study can: 1) learn and classify the dynamic ozone features using
high-dimensional datasets; 2) decipher the complex nonlinear relationship between the
present states and future events among all training samples; 3) provide accurate hourly
and daily ozone forecast in a long lead-time beyond the training period. By using high-
resolution reanalysis data, it shows that the VAE-GAN can represent both the spatial and
temporal variability of ozone concentration. To our best knowledge, this is the first pro-
posal of the VAE-GAN for hourly and daily ozone forecasting using a combination of

dynamic learning and real-time forecasting strategy.

In this work, the ConvLSTM, DCGAN and VAE-GAN model have been applied to hourly
and daily forecasting of ozone concentrations with a high spatial resolution (15km x
15km) across China. The datasets are collected from the air quality reanalysis datasets
during 2013-2019. The accuracy of the machine learning models have been evaluated
by comparing the results with those obtained from both the physical air quality model
(NAQPMS) and observations at monitoring stations. The remainder of this chapter is
organized as follows. Section 6.2 provides the details of datasets used in this study. Sec-
tion 6.3 introduces ConvLSTM and DCGAN architecture and prediction workflow, and
the quantification of the uncertainty and heterogeneity of spatiotemporal ozone prediction.
Section 6.4 presents the VAE-GAN architecture and forecasting workflow, and model per-
formance analysis of ozone forecasting capabilities in spatial and temporal spaces. Finally

in section 6.5, conclusions are presented.

6.2 Data

6.2.1 Reanalysis data

Ground-level ozone has become a severe pollutant in major urban areas of China (Zhan

et al., 2018). Our objective is to develop an efficient and accurate machine learning tool
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for providing an interactive ozone map over China, which shows real-time (hourly/daily)
ozone concentrations with a high spatial resolution across China. However, there are only
1436 monitoring stations over China, which are sparse and heterogeneous. It is obvious
that the monitoring data is not enough to represent the spatial distribution of ozone on a
high spatial scale. Therefore, I select the 7-year Chinese air quality reanalysis (CAQRA)
dataset for our training and validation purposes (Kong et al., 2021). The CAQRA dataset
from 2013 to 2019 was produced by assimilating surface observations at 1436 monitoring
stations into the Nested Air Quality Prediction Modeling System (NAQPMS). Such com-
bination could be the optimal way by which physical modelling results from the NAQPMS
can provide dynamic understanding from the governing equations, while monitoring data

may find unexpected patterns not provided by physical modelling.

The CAQRA dataset contains six pollutants (PM 5, PM;(, SO5, NO,, CO and ozone) and
meteorological factors (temperature, humidity and wind speed) at the high spatial (15km
x 15km) and temporal (hourly) resolution, which are publicly accessible at Science Data
Bank (ScienceDB). Each ozone map or meteorological map across China has a high spa-
tial resolution with a total node number of 47, 232. The ozone concentration over China
varies in both spatial and temporal spaces. For example, as shown in Fig. 6.1, it can be
noted that the distributions of average hourly ozone concentration in June and December
of 2018 are heterogeneous, exhibiting significant seasonal variations. This can be ex-
plained by the fact that ozone production is tightly correlated with meteorological condi-
tions, such as ambient temperature, sunshine radiation and humidity, causing the variation
of emitted intensity of atmospheric pollutants in different seasons (Bloomer et al., 2010).
The high ozone concentration in June is closely related to the enhanced photochemistry
reaction due to high temperature and strong solar radiance in Summer (Kong et al., 2021).
To demonstrate the performance of our proposed model with seasonal variations, I choose
the months of June and December as representing Summer and Winter while exhibiting

hourly spatiotemporal ozone forecasts in the following section 6.4.1.
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Fig. 6.1. Spatial distribution of the average hourly temperature and ozone concentration
in China. (a) and (b) June; (¢) and (d) December in 2018.

6.2.2 Monitoring and physical modelling data

The objective of this study is to develop a machine learning-based ozone forecasting
model, which will be accurate and more efficient than existing air quality models. For
comparison purposes, the Nested Air Quality Prediction Modelling System — NAQPMS
(commonly used in China, here referred to as the physical model) is chosen. The NAQPMS
model is driven by the hourly meteorological fields produced by the Weather Research and
Forecasting (WRF) model, and the aqueous-phase chemistry and wet deposition are simu-
lated based on the Regional Acid Deposition Model (RADM) mechanism in the Commu-
nity Multi-scale Air Quality (CMAQ) model. The emissions of air pollutants considered
in the NAQPMS model include the monthly anthropogenic, biomass burning, biogenic

volatile organic compound (BVOC), marine VOC, soil NOx and lightning NOx emis-
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sions. More details of the NAQPMS configuration are introduced in Kong et al. (2021).
The hourly physical modeling dataset at the high spatial (15km x 15km) and temporal
(hourly) resolutions is generated from the NAQPMS in June of 2018, which has the same
spatial and temporal resolutions as the reanalysis data (CAQRA dataset). I compare the
VAE-GAN results with those from the NAQPMS, where the monitoring measurements
are used as the reference data. Hourly monitoring of ozone data is published by the China
National Environmental Monitoring Centre (CNEMC). The hourly ozone observations

are collected from 1436 stations in June of 2018 (Kong et al., 2021).

6.3 Spatiotemporal ozone simulation

6.3.1 Method
6.3.1.1 ConvLSTM

The ConvLSTM model can effectively encode spatial information while also retaining the
ability to process temporal data. It has the CNN structures in both input-to-state and state-
to-state transitions of a LSTM architecture. A traditional LSTM architecture is composed
of special units (called memory blocks), and each memory block has the self-connected
memory cells and multiplicative units. The memory cell is specially used to save temporal
states of the network, and the units (including the input, output and forget gates) are
responsible for updating or discarding historical information between cells. The input
format in traditional LSTM model is a vector but not suitable for spatiotemporal data. The
spatial information is lost in the process that feature map flattened into one dimension.
For a ConvLSTM model, the use of CNN structure can process the spatial information
through feature transformation and extraction in the convolution layer (Barzegar et al.,

2020). Therefore, a ConvLSTM is very effective development of LSTM for processing
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spatiotemporal predictive task. The ConvLSTM can be formulated as

Jfs=0(Wys* Xs+ Wiy s Hey + WepoCs_y +by), (6.1)
s =Wy x Xs + Wiy x He 1+ We0Cs1 + 1), (6.2)
C, = tanh(Wae % X, + Wie % He 1 + be), (6.3)
Co = fy0Csy +is0Cs, (6.4)
Os = 0(Wao * Xy + Wi ¥ Hs1 + Weo 0 Cs + by), (6.5)
Hs = O o tanh(Cy), (6.6)

where 75, O, and f; are the input, output and forget gates respectively, W;, W,, Wy and
W, represent the weights for each gate, ;, b,, by and b, are the bias terms, o denotes the
logistic sigmoid function, tanh is the hyperbolic tangent function, C, represents the cell
state, C, is the updated cell state, X; and H are the cell input and output respectively. The
difference between the ConvLSTM and traditional LSTM is that all the inputs, cell states,
hidden states, and gates in the ConvLSTM are 3D tensors. In addition, the operator ‘x’

[3

stays instead of the vector multiplication. ‘x’ is the convolution operation and ‘o’ denotes

the Hadamard product.

In this study, the ConvLSTM predictive model is built consisting of one input layer, two
convolutional LSTM layers and one convolutional layer. The Leaky rectified linear unit
(Leaky ReLU) activation function (f(z) = max(az, z)) is employed between the layers.
The network has 3 batch sizes and runs 20 epochs. The ConvLSTM network and our
whole workflow were implemented in Keras (Gulli and Pal, 2017), an open-source ma-

chine learning framework.

6.3.1.2 DCGAN and LDCGAN

The original DCGAN consists of two modules, a generator G and a discriminator D

(Goodfellow et al., 2014). As shown in Fig. 6.3, the discriminator D, is fed with sam-
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ples from “real” data O, and “fake” data (the reconstructed samples) O created by the
generator G: (’3 = G(X). Here, the real samples O, are a series of ozone maps (re-
ferred to as targeted outputs) and X is model inputs, i.e., meteorological factor maps.
The discriminator D tries to distinguish the O from O, by making a binary decision. In
contrast, the generator G aims at fooling the discriminator D into labelling (5 as a sample
O,. Mathematically, this translates into the following minimization-maximization loss

function Lpcaan:
N MAX B0y~ pyo1a(00) 108 P(Oa)] + By () [log(1 = D(G(X)))],  (6.7)

where px(X) is a prior distribution for the input dataset X', and pgqus.(Oy) is the corre-

sponding probability data distribution for the targeted outputs O,.

In practice, the minimization-maximization loss function in Eq.(6.7) is solved in two

steps. First one maximizes the loss function in the discriminator D as:

LD = E0impiara(00)[108 D(Oa)] + Exnpyx)[log(l = D(G(X)))], (6.8)

while keeping the parameters of G(X') fixed to current values.

Second, one minimizes the loss function in the generator G:

Lg = Expy(x)llog(l = D(G(X)))]. (6.9)

In the LDCGAN model, the loss function in the generator G consists of two terms:
L6 = Exeprolog(l = DG(X)] + ABo,psnion |G(X) — OalZ, (6.10)

where the hyperparameter ) is the L2 objective weight.
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The final objective of LDCGAN is:

min max Looaan + ABopina©0a)|G(X) = Oull5 (6.11)

In this study, both DCGAN and LDCGAN models are implemented by using the U-net
architecture in the generator G. The U-Net convolutional neural network consists of two
parts: an encoder and a decoder. The encoder transforms the inputs X into a compact
latent feature representation. The decoder adopts a sequential symmetric expanding path
to increase the resolution of the generated ozone maps. The encoder process consists of
the repeated application of 3x3 convolutions with a stride of 2 for downsampling, each
followed by a batch normalization layer (Ioffe and Szegedy, 2015) and Leaky rectified
linear unit (Leaky ReLU) activation function. The decoder performs a deconvolution
process, which is formed by a 2x 2 upsampling and 3 x3 convolution with a stride of 2.
For details of U-net architecture, see Jiang et al. (2021). The discriminator D uses five
hidden convolutional layers, each using a densely connected layer with a Leaky ReLU
activation function. The output layer is densely connected to the final hidden layer with
a sigmoid activation function. Specifically, our networks are trained using the Adam
optimizer and the weights in the networks are updated after computing the combined loss
of each batch. The batch size of the networks is 3 and both models run 1000 epochs for

training the network.

6.3.2 Results

6.3.2.1 Data processing

In this study, the Beijing-Tianjin-Hebei (BTH) region is chosen as our study area since
it is a densely populated area and has high ozone concentrations. The hourly spatiotem-
poral ozone fields and meteorological conditions are extracted with a spatial resolution

15km x 15km over the BTH region during the period between the years 2013-2018,
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where the datasets in the periods of 2013 to 2017 and 2018 are used for model training

and validation, respectively.

Meteorology variations and climate change influence the chemistry and transport path-
way of ozone concentration (Lu et al., 2019). Here I choose three highly ozone-related
factors as predictors, i.e. temperature, humidity and wind (Zhan et al., 2018). Tempera-
ture and humidity can alter the partitioning and efficiency of chemical reactions and dry
deposition, and therefore modulate ozone production and loss. Wind speed and direction
are contributed to the spatiotemporal patterns of transported ozone precursors. Here, |
explore the impacts of meteorological factors (as inputs &X’) on the spatiotemporal het-
erogeneity of ozone distribution O: O = F(X). Fig. 6.2 plots the importance variation
of three meteorological factors using the random forest model (Breiman, 2001) in pre-
dicting the ozone concentrations at hourly and daily scales, respectively. It can be noted
that ozone concentration is influenced notably by temperature. The temperature weights
in hourly and daily prediction range from 0.7 to 0.9 in a spatial scale, which are higher
than humidity and wind weights over the BTH region. In contrast to daily prediction, the
humidity in hourly ozone prediction exhibits higher importance over the BTH region. It
is found that in the north of the BTH region, the V wind velocity component (parallel to
the latitude) takes a higher proportion than that of the U wind velocity component (par-
allel to the longitude), thus assuming higher-relative importance in ozone concentration

prediction, which is in consistent with the findings in Ma et al. (2021b).
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Fig. 6.2. Variable importance plot using the random forest model in predicting the ozone
concentrations over the BTH region at hourly and daily scales, respectively.

A schematic diagram of the proposed machine learning framework for hourly and daily
ozone forecasting using ConvLSTM, DCGAN and LDCGAN is shown in Fig. 6.3. These
predictive models were assessed by computing the correlation coefficient (R), Root Mean
Squared Error (RMSE) and the cumulative distribution formula (CDF) from the probabil-

ity density function.
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Fig. 6.3. Schematic of real-time ozone concentration predictive strategy by using Con-
vLSTM, DCGAN and LDCGAN. (a) Selection of the spatiotemporal meteorological
variables (including temperature, humidity and wind velocity) over the BTH region as
model inputs and ozone as model output. (b)(c)(d) Architectures of the ConvLSTM,
DCGAN and LDCGAN models for ozone prediction. The LDCGAN model is an im-
proved version of the DCGAN model with an additional loss function, details shown in
section 6.3.1.2. (e) Uncertainty and heterogeneity analysis of spatiotemporal ozone pre-
diction in the model validation period.

6.3.2.2 Model sensitivity analysis

A number of case studies have been set up for sensitivity analysis of spatiotemporal ozone

prediction in terms of the choice of machine learning methods and meteorological condi-
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tions. The corresponding results and error analysis are plotted in Fig. 6.4. The meteoro-
logical factors are considered in case 1 (temperature), case 2 (temperature and humidity)
and case 3 (temperature, humidity and wind velocity), where ConvLSTM, DCGAN and
LDCGAN are used. LDCGAN is an improved version of DCGAN with an extra loss
functional term (L2 norm), which ensures that not only the probability distribution, but

also the predicted results fit into the ’true’ values.

I have first quantified the role of meteorological factors on spatiotemporal ozone concen-
tration prediction. Our results reveal that temperature plays the dominant role in mod-
ulating the spatiotemporal variability of ozone concentrations in the BTH region. The
humidity and wind velocity could also be attributable to larger spatiotemporal variations
(shown in Fig. 6.4(c)). With adequate humidity as well as sunlight over the BTH region,
the ozone photochemical chain reaction initiates easily while the variations in surface
ozone loading could be regulated largely by wind (Ma et al., 2021a). It can also be seen
that there is an overall decline trend of RMSE values with multiple meteorological in-
puts (Fig. 6.4(a)). The mean RMSEs decrease from 37.8ug/m3 and 36.2ug/m3 (case 1)
to 31.2ug/m? and 32.5ug/m? (case 3) for the ConvLSTM and LDCGAN respectively
while for the DCGAN the mean RMSEs are reduced by 5.7% when both the temperature

and humidity are included in the model inputs.

Comparative performance of the ConvLSTM, DCGAN and LDCGAN models has been
further evaluated. Among the three models, the ConvLSTM model yields the lowest
RMSE of 31.2ug/m? (Fig. 6.4(a)) and highest correlation coefficient of 0.9 (Fig. 6.4(b)).
The highest correlation coefficient shown in the Taylor diagram (Fig. 6.4(b)), is 0.8 (case
2) in DCGAN and 0.82 (case 3) in LDCGAN respectively. Regarding the cumulative dis-
tribution of RMSEs (Fig. 6.4(c)), it is shown that the RMSEs of 80% points are smaller
than 37ug/m? (case 3) for ConvLSTM, 43ug/m? (case 2) for DCGAN, and 41ug/m?
(case 3) for LDCGAN respectively. We can see that the LDCGAN (an improved version

of DCGAN with an extra loss functional term) has improved the accuracy of predicted re-
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sults in comparison to DCGAN. The RMSE:s in the spatial distribution of hourly-averaged
ozone concentrations (the left columns in Fig. 6.4(c)) have been reduced, thus better cap-
turing the spatial characteristics at a high spatial resolution (15km x 15km) as well as the

temporal variation (Fig. 6.4(a)).

In general, our results reveal the predictive power of machine learning-based models in-
creases with a combination of meteorological factors along with an improved model ar-
chitecture. Both the ConvLSTM and LDCGAN models provide an improvement in the
reduction of predictive errors by considering temperature, humidity and wind velocity
as model inputs. This proves the importance of meteorological factors (Fig. 6.2) in the

formation mechanism of ozone (Ma et al., 2021b; Wang et al., 2020c).
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Fig. 6.4. Performance evaluation of the three machine learning models in: (a) and (b)
temporal (hourly) variation of spatial-averaged predicted ozone concentrations, and (c)
spatial distribution of hourly-averaged predicted ozone concentrations at a high spatial
resolution of 15km x 15km, which are assessed by RMSE, the standard deviation, corre-
lation in Taylor diagrams and cumulative density functions (CDF) for the RMSE, where
multiple meteorological factors are considered in case 1 (temperature), case 2 (tempera-
ture and humidity) and case 3 (temperature, humidity and wind velocity).
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6.3.2.3 Spatiotemporal ozone prediction analysis

6.3.2.3.1 Hourly ozone prediction analysis

Hourly variation of spatial-averaged ozone concentrations predicted by the ConvLSTM,
DCGAN and LDCGAN models in 2018 are depicted in Fig. 6.5. It can be noticed that in
Fig. 6.5(a), the ozone prediction using the ConvLSTM, DCGAN and LDCGAN models
could capture hourly ozone variability and exhibit a good match with the reanalysis data.
Among these machine learning-based models, the ConvLSTM model can better capture
the peak of ozone concentrations (e.g. 22-30 of March). It can be also noticed that the
LDCGAN achieves the promising predictive accuracy of the mean ozone concentrations,

but has the limitation in capturing high ozone concentration variations.

The error analysis has been undertaken and the corresponding results are plotted in Fig. 6.5(b)
and (c). It further indicates that the ConvLSTM model performs better than the DCGAN
and LDCGAN models in hourly ozone prediction. For example, the correlation coefficient
1s 0.89 for ConvLSTM modelling while it is 0.78 for both DCGAN and LDCGAN mod-
elling in hourly ozone prediction in 2018. Fig. 6.5(c) shows that the range of bias (from
—15ug/m3 (10" percentile) to 34ug/m3 (90" percentile)) in the ConvLSTM model is
smaller, compared to those predicted by the DCGAN and LDCGAN models, which have
the bias range of —43ug/m? and —41ug/m? (10" percentile) to 36ug/m? and 26ug/m3
(90" percentile) respectively. However, the ConvLSTM model has a higher median value
of bias (12ug/m?) than the DCGAN and LDCGAN models. This is because an overes-
timation of low ozone concentrations predicted by the ConvLSTM model leads to a high

average bias.

Spatial heterogeneity patterns of temporal-averaged predictive hourly ozone concentra-
tions in four seasons of 2018 are depicted at a high spatial resolution of 15km x 15km
in Fig. 6.6. It can be seen that the three machine learning-based models could largely

capture the season characteristics as shown in Fig. 6.6(a). Photochemical production of
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ozone in Summer (April to June) and Autumn (July to September) is much stronger (Wang
et al., 2020a) than that in Winter. This can clearly be seen from the ozone concentrations
predicted by all models which are high in Summer and Autumn and low in Spring and
Winter. Compared to the reanalysis data, the predicted ozone concentrations exhibit com-
parable spatial variations. Fig. 6.6(b) presents the quantitative analysis between the ozone
concentrations predicted by the machine learning-based models and reanalysis data from
the spatial and heterogeneity perspectives. It is visible that the relative errors of results
in four seasons from the ConvLSTM model are slightly lower in comparison to the other
two machine learning-based models. The relative error of results from the ConvLSTM
model mostly ranges from —10% to 10% except for some peak values in the central areas
of the BTH region. In general, the ConvLSTM exhibits the best performance, especially
in Summer and Spring (having a small relative error, see Fig. 6.6(b) while the LDCGAN

can predict better in terms of the yearly-averaged ozone.
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Fig. 6.5. Temporal variation of hourly predictive ozone concentration and uncertainty
analysis in 2018 by the ConvLSTM, DCGAN and LDCGAN models. (a) Temporal vari-
ation of spatial-averaged variation hourly ozone concentration over the BTH region using
three machine learning-based models and reanalysis data (as reference). (b) Correlation
coefficients of predictive results from the three machine learning-based models compared
to the hourly reanalysis data in 2018. (c) Biases of predictive results from the three ma-
chine learning-based models compared to the hourly reanalysis data in 2018.
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6.3.2.3.2 Daily ozone prediction analysis

Fig. 6.7 gives the comparative plots of the daily ozone prediction results obtained from
the ConvLSTM, DCGAN and LDCGAN models. One can see a relatively good match
between the observed and predictive ozone from the three models. In comparison to the
DCGAN and LDCGAN model, the ConvLSTM models not only capture the daily ozone
concentration variability, but also can better predict the high ozone concentration, espe-
cially in Summer (e.g. the red line match well with the black line from 19 June to 27
June in Fig. 6.7(a)). During the validation period of 2018, the correlation coefficient is
0.91, 0.65 and 0.73 (Fig. 6.7(b)) for the ConvLSTM, DCGAN and LDCGAN models,
respectively. In terms of result bias, the ConvLSTM model achieves the smallest median
value of 0.91ug/m? (Fig. 6.7(c)). Fig. 6.8 presents the spatial distribution of daily ozone
prediction in the four seasons as well as the whole year. As discussed above, all machine
learning-based models could capture the season characteristics especially in Summer and
Autumn in Fig. 6.8(a), Again, among these models, the ConvLSTM model has the small-
est residuals in four seasons over the BTH region, except for an underestimation of ozone
concentrations in the south of the BTH region in Summer. It is worth mentioning that
the relative errors in Fig. 6.8(b) from the three models mostly range from —5% to 5%

throughout the whole year.
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Fig. 6.7. Same as Fig. 6.5, except for daily ozone concentration prediction.
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6.3.2.4 Machine learning-based ozone prediction in comparison to physical air pol-

lution modelling and observations

6.3.2.4.1 Comparison with physical air pollution modelling in spatial and temporal

spaces

To further analyse the spatiotemporal uncertainty of ozone prediction, the predicted ozone
concentrations in June of 2018 from the ConvLSTM, DCGAN and LDCGAN models are
compared to those from the Nested Air Quality Prediction Modelling System (referred to
as the physical model) without data assimilation (Kong et al., 2021). Again, the Chinese

air quality reanalysis (CAQRA) dataset is used as the ’true’ reference in this section.

Fig. 6.9(a) shows the RMSEs of spatial-averaged predicted ozone concentrations in the
whole month of June in 2018. It can be noticed that the results from the physical model
(grey line) have higher RMSEs (highest 83ug/m?) in the day time than that of the Con-
vLSTM models. This means that the ConvLSTM model exhibits the better predictive per-
formance of spatiotemporal ozone concentrations than the physical model over the BTH
region in June of 2018. To further evaluate the model performance at the spatial scale, the
spatial distribution of predicted ozone concentration over the BTH region at 12:00 on day
13 of June in 2018 is plotted in Fig. 6.9 (b). It can be noted that the ozone concentrations
are higher in the south region, while a lower concentration is in the northwest region. The
physical model, as well as DCGAN and LDCGAN models, fail to capture the high ozone
concentration distribution in the BTH region. By contrast, the ozone spatial distribution
from the ConvLSTM model is in good agreement with that of the reanalysis data, which

captures the heterogeneity of ozone distribution over the BTH region.
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Fig. 6.9. The spatial distribution and RMSE of predictive results from the ConvLSTM,
DCGAN and LDCGAN and physical model compared to the reanalysis data in the pre-
dictive period of June in 2018. (a) RMSE of predictive results from the three machine
learning-based models and physical model compared to the hourly reanalysis data in June
of 2018; (b) The predictive ozone distributions using ConvLSTM, DCGAN, LDCGAN
and physical model compared to the ozone field from reanalysis data on 12:00 13 June of
2018. Note that the spatial resolution is 15km x 15km.
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6.3.2.4.2 Comparison with physical air pollution modelling and observations at

monitoring stations

The performance of the ConvLSTM, DCGAN and LDCGAN models in spatiotemporal
prediction is further evaluated by comparing the predicted ozone concentrations with the
monitoring data over the BTH region. Here, the monitoring data is used as ’true’ reference
in error estimation in this section. Fig. 6.10 shows the time series of hourly predicted
and monitoring ozone concentrations in June of 2018 in the main cities over the BTH
region. It can be seen that the predicted ozone by the ConvLSTM model is largely in
good agreement with observations during the predictive period in June of 2018. It is
noticed that the physical model underestimates the hourly ozone concentrations in June

in most cities.

The error analysis of ozone concentrations has been carried out using the correlation co-
efficient and RMSE indicators shown in Fig. 6.11, where the wind rose maps are used to
present the overall model performance on daily ozone prediction in June for each city. It
can be seen that the reanalysis data achieve the best performance among all the results due
to that it has combined the observations with physical modelling results by data assimila-
tion techniques. By comparing modelling results, it is noted that the RMSEs of predicted
results from the physical model are much higher than that of the machine learning-based
models (Fig. 6.11(b)) although higher correlation coefficients in physical modelling are
achieved in most cities except for Beijing, Chengde and Tangshan (Fig. 6.11(a)). Among
the three machine learning-based models, our results show that the performance of the
ConvLSTM model in the eleven cities is better than that of the DCGAN and LDCGAN
models. Again, it is found that a well-trained machine learning-based model has cap-
tured the spatiotemporal characteristics of the ozone concentration variation and is able

to provide accurate prediction.
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Fig. 6.10. Ozone time series comparison at the eleven main cities (Beijing, Tianjin,
Zhangjiakou, Chengde, Langfang, Tangshan, Baoding, Cangzhou, Shijiazhuang, Xing-
tai and Hengshui) over the BTH region in the predictive period of June 2018, where the
station observations at the eleven main cities are used as the 'true’ references.
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Fig. 6.11. Error analysis of results from the reanalysis data, physical model, ConvLSTM,
DCGAN and LDCGAN models, where the observations in June of 2018 are taken as ref-
erences (true values). (a) Correlation coefficient and (b) RMSE of predictive results from
reanalysis data, physical model, ConvLSTM, DCGAN and LDCGAN models compared
to the monitoring observations in eleven cities over the BTH region.

6.4 Real-time forecasting

6.4.1 Methods

Ozone forecasting involves nonlinear, strong coupling and heterogeneous problems (Su
et al., 2020). As investigated by Zhan et al. (2018), the key ozone-related meteorological
variables are the temperature, relative humidity, wind speed, evaporation and sunshine
duration. Among these meteorological conditions, the daytime surface temperature is
an important driver of ozone episodes. A high temperature can accelerate the chemical
kinetic reaction and emissions of the natural components of ozone increase (Bloomer
et al., 2009; Yin et al., 2019; Gu et al., 2020). This work thus focuses on developing an
ozone forecasting model depending on temperature. The impact of other meteorological

factors (such as humidity and wind speed) is also explored in section 6.4.2.

Given a series of ozone observations {O;_,, ..., O;} (where p is the length of historical

time steps) and the temperature data 7}, at the predictive time level (¢ + 1), an one-step-
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ahead ozone forecast can be expressed mathematically as:
Ori1 = F(Orp, -, O, Tia), (6.12)

where Oy, = (5t1+1, o 6f+1= o 5?1’“1) (k € (1, My,), My, is the number of points in the
study area) represents the predictive ozone concentration at time level (¢ 4+ 1) and F is a
forecasting model. In this work, the VAE-GAN-based ozone forecasting model is selected
as the forecasting model F. A schematic diagram of the proposed VAE-GAN framework

is presented in Fig. 6.12.
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Fig. 6.12. Schematic of real-time ozone forecasting. The architecture consists of two
processes: dynamic learning and real-time forecasting. In real-time forecasting process,
one-step ozone forecast can be obtained by a direct prediction for one-step (hourly/daily)
lead-time. To get forecasts for a long lead-time, a recursive strategy is adopted, which
uses the last one-step ozone forecast as a new input to predict the next-step ozone con-
centration.
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6.4.1.1 Dynamic learning

Given a large historical dataset O = {O;_,,...,O;} € RE+FV*Me (where p + 1 is the
historical time length and M}, is the number of nodes) over the whole China area, it is
challenging to efficiently predict the ozone concentration in spatial and temporal spaces.
Here the variational autoencoder (VAE) machine learning technique, used in a wide va-
riety of applications (Gonzalez and Balajewicz, 2018a), is introduced with the scope of
dimensionality reduction. The architecture of VAE (including an encoder Q and a de-
coder P) in the VAE-GAN model is used to identify low-dimensional representations of
ozone concentration maps as they evolve in time. In comparison to traditional reduced or-
der models (ROMs) using proper orthogonal decomposition (POD) (Xiao et al., 2019b),
the VAE has a nonlinear activation function for its nonlinearly weighted input, thus better

representing the nonlinear physical processes (Cheng et al., 2020b).

A GAN consists of two modules: a generator G and a discriminator D. The generator
is designed to produce solutions from a random dataset while the discriminator is tasked
to discriminate the real samples from the generated solutions. The VAE-GAN is a prob-
abilistic autoencoder that uses the GAN framework as a variational inference algorithm
(Makhzani et al., 2015). In the hybrid VAE-GAN (as shown in the middle column of
Fig. 6.12), the inputs x and the real solutions Oy (the targeted outputs) are fed into the en-
coder Q, which transforms the high-dimensional datasets into low-dimensional represen-
tations ¢ and (, respectively. The discriminator D then discriminates the low-dimensional
representations ¢ and (; in an efficient way. The latent states (; and ( are then transformed
into the reconstructed samples @ (the reconstructed outputs) and real solutions 9) (the

predicted outputs) respectively in the decoder P.

For the encoder, I use a deep convolutional neural network (CNN) where the model in-
puts are the meteorological conditions (temperature 7;,; at the predictive time level) and

historical ozone dataset O while the targeted outputs are the ozone concentrations O, at
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the predictive time level. The CNNs exhibit superior performance in extracting the high
nonlinearity and chaotic nature from the inputs with a two-dimensional structure (Bolton
and Zanna, 2019). The encoder has four convolutional layers followed by one densely
connected layer. Each hidden layer is followed by a Leaky rectified linear unit (Leaky
ReLU) activation function to extract feature maps from inputs. To avoid dimensionality
loss of the edges of images, the padding operation is applied in convolutional layers. Af-
ter the hidden layers, the fully connected layer is applied to further reduce the dimension
of features from its previous layer and find the most task-relevant features for inference.
This hierarchical convolutional feature learning acts as nonlinear model reduction, which
finally transfers the inputs x and targeted output O, into the low dimensional latent states
¢ and (, respectively. It is shown in Table 6.1 that the size of datasets on ozone spatial
distributions is reduced from 47, 232 to 64 in the latent space, i.e. a decrease of three

orders of magnitude.

The discriminator is then used for distinguishing the real latent state (; from the gener-
ated latent state ( at the reduced space. The latent states ( and (; are processed using
five hidden layers, each using a densely connected layer with a Leaky ReLLU activation
function. The output layer is densely connected to the final hidden layer with a sigmoid
activation function (Mosser et al., 2017; Lee and You, 2019), to yield a number between
0 and 1 representing the probability that the ( is a fake sample created from inputs x (as

opposed to a targeted output O,).

For the decoder, it is a reverse process for reconstructing the latent states ¢ and (; to the
high-dimensional states O and @. The decoder has four hidden layers including one
densely connected layer and three convolutional layers, each layer followed by a Leaky
ReL.U activation function. The final layer uses a tanh activation (Mosser et al., 2017; Lee

and You, 2019) with outputs O and ai shown in Table 6.1.
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Table 6.1: Architecture of encoder, decoder and discriminator in the VAE-GAN.

Module Layer

Input (47232)

Conv2D, leaky ReLU (o = 1)
Conv2D, leaky ReLU (a = 1)
Conv2D, leaky ReLU (o = 1)

Full connected

Output (64)

Input (64)

Full connected, leaky ReLLU (o = 1)
Conv2D, leaky ReLU (o = 1)
Decoder P Conv2D, leaky ReLU (o = 1)
Conv2D, leaky ReLU (o = 1)
Conv2D, Tanh

Output (47232)

Input (64)

Full connected, leaky ReLU (o = 1)
Full connected, leaky ReLLU (o = 1)
Full connected, leaky ReLU (o = 1)
Full connected, leaky ReLU (o = 1)
Full connected, leaky ReLLU (o = 1)
Full connected, Sigmoid

Output (1)

Encoder Q

Discriminator D

Now the question is how can we train a forecasting model? The VAE-GAN is intuitively
similar to variational autoencoders, with the key difference that the VAE-GAN replaces
the Kullback-Leibler divergence penalty of VAEs with the adversarial loss described be-
low (Makhzani et al., 2015). The training process involves the minimization of recon-
struction loss between the reconstructed outputs O and targeted ones Oy, as well as the
maximization of adversarial loss in distinguishing between the latent states ( and (4. The

reconstruction loss jointing the encoder and the decoder is expressed as:

Lree(0,0) = ||04 — P(Q(04,6), 6)

: (6.13)

and the adversarial loss jointing the encoder, decoder and discriminator is calculated as:

Laao(0.6.) = Egrpe 0108 D(Q(1))) + Egympe, o (lo(1 — D(Q(O))),  (6.14)
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where 6,1, ¢ represent the parameters in the encoder Q, discriminator D and decoder P,

respectively.

Typically, the VAE-GAN uses the hybrid loss (L. + L.4,) as the objective minimization-

maximization function as follows:

min max Egpe(c) (108 D(Q(1)))+ Eimpe, (¢ (108(1-D(Q(0a))) +[|Oa = P(Q(0u:0), 0)]| -
(6.15)

The model can be minimized and maximized by stochastic gradient descent with back-
propagation. This means that the loss function derivation is propagated throughout the
network using the chain rule to update the model parameters 6, ¢, 1. In this work, I
choose the adaptive moment estimation (Adam) as an adaptive stochastic gradient descent
(SGD) algorithm, which has been proven to be efficient for different types of deep net-
works. Once the training process is completed, the model parameters (including weights

and bias) are saved for real-time forecasting.

6.4.1.2 Real-time forecasting

The multi-step-ahead time series forecasting can be described as an estimation of future
time series {Oyy1, ..., Oy g }. Referring to the work of Cheng et al. (2021), the multi-
step-ahead ozone forecasting process can be summarized as consisting of the following

algorithmic steps:

(1) The forecasting model of VAE-GAN is trained to perform a new one-step-ahead

forecast 6t+1 during the predictive period (t + 1 € (ts,tn));
(2) Selecting the new input temperature 7, 5 at predictive time level (¢ 4 2);

(3) Using the one-step predicted @H and temperature 7;., as new inputs, to fore-
cast the next-step-ahead ozone concentration at predictive time level (¢ + 2) by the

trained model;
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(4) Repeating steps (1-3) for H times at the multi-step forecasting strategy as shown in

Fig. 6.12;

(5) Finally, the length-H timesteps of forecasts at point k (k € [0, M}]) are obtained as

5 _ ) AQPHOE s Ol s Oy ThY), - (€ {200p 1)
t+h — —~ —~ .
{Qap}(Of—p-i—h—l? "'702_}1_177;]3%), (h c {p + 2, ,H})

I use the Python library Keras (Gulli and Pal, 2017) with the TensorFlow 1.1.0 (Abadi,
2016) backend for all experiments of the proposed model. The performance of the VAE-
GAN model developed in this study is assessed using the root mean squared error (RMSE),

coefficient of correlation R, normalized mean bias (NMB) and normalized mean error

(NME) (Emery et al., 2017) which are defined as follows:

N 2
> (05 = O4y)

Jj=1

RMSE = ¥ , (6.16)
N . =
Z_:l (O] - O)(Odj - Od)
R— NJ— —— 7 (6.17)
~ =~ 2
\/Z(O]—O) \/Z<Ody—0d)
j=1 7j=1
N
; (Oj = Ouay)
NMB ="— %100, (6.18)
Z Oda
j=1
N
; |0 = Oul
NME = ——————x100, (6.19)
Oy,
j=1

where the subscript j represents the pairing of /V targeted ozone concentration O, and
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predictions O by points ([0, My]) and time ([t s, tn]), and the overbars signify means over

points and/or time.

6.4.2 Results

6.4.2.1 Data processing

During the training and validation processes, the input and output datasets are pre-processed
by a Standard Scaler normalization method (Buitinck et al., 2013). The ozone concen-
tration and meteorological factors are scaled to a specific interval prior to training the
VAE-GAN model. In this study, the description of the training and validation datasets in

hourly and daily ozone forecasting is provided in Table 6.2.

As shown in Table 6.2, I select the reanalysis datasets in 2017 for model training and
2018 for validation in hourly ozone forecasting (in section 6.4.2.2 and section 6.4.2.3).
During the validation period, the reanalysis data is used for initializing ozone forecast-
ing. I compare the forecasting results with the reanalysis data, monitoring observations
and results from the physical model-NAQPMS in the six regions of whole China (North,
Northeast, Southwest, Southeast, Northwest, and Central) as well as highly-populated
regions (Jing-Jin-Ji, Yangtze River Delta and Pearl River Delta) (in section 6.4.2.2 and
section 6.4.2.3). In daily ozone forecasting, I use the reanalysis data from the year 2013
to 2017 for model training and the reanalysis data from the year 2018 to 2019 for model

validation (in section 6.4.2.4 and section 6.4.2.5).
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Table 6.2: Summary of training and validation datasets used in hourly and daily ozone
forecasting (where the model inputs are the meteorological conditions (temperature, hu-
midity and wind speed) and the ozone concentrations at the last time level while the
targeted outputs are the ozone concentrations at the predictive time level.)

Scale Training dataset Validation dataset

Reanalysis data (June and December of 2018)
) Reanalysis data
Hourly forecasting Monitoring data (June of 2018)
(June and December of 2017)
Physical modelling data (June of 2018)

Daily forecasting ~ Reanalysis data (2013-2017) ~ Reanalysis data (2018-2019)

6.4.2.2 Hourly ozone forecasting analysis over China in summer and winter

In this section, I demonstrate the trained VAE-GAN model has the capability of capturing
the details of the spatial distribution of ozone concentrations over China. For this pur-
pose, the post-processed reanalysis dataset with a high spatial resolution (15km x 15km)
is thus chosen as the ’true’ reference during the validation period (see Table 6.2). The
trained VAE-GAN is used for hourly ozone forecasting in June and December 2018. A
comparison between the predicted ozone concentrations and reanalysis data as well as the

corresponding error estimation are carried out in the followings.

6.4.2.2.1 Spatiotemporal hourly forecasting of ozone concentration

The spatial distribution of hourly ozone concentrations in June and December in 2018
is shown in Fig. 6.13. It can be seen that the VAE-GAN model captures a large part
of the spatial distribution of ozone concentration at lead-times ¢ = 30, 60/ in June and
December, respectively. It is noted that the ozone concentration in June is higher than
that in December. This can be explained by the fact that a high temperature leads to in-
creased convection, unstable atmosphere stratification, and increased precipitation, which
are beneficial to the diffusion and deposition of ozone (Yan et al., 2021). By contrast,

the low temperature in December causes a surface inversion, and the height of the atmo-
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spheric mixed layer is low, which is not conductive to vertical convection. Compared
to the reanalysis data, in June, the predicted ozone concentration is somewhat underesti-
mated over the central of China at different lead-times, while slightly overestimated over

the North-east and South-east area close to the North Pacific Ocean.

The last column of Fig. 6.13 shows the residual maps between the ozone distributions
predicted by the VAE-GAN and reanalysis data. Table 6.3 indicates that the mean resid-
ual varies from —12.4ug/m?> (June) and —6.91ug/m?* (December) at the lead-time of
t = 30h to —5.88ug/m? (June) and —1.34ug/m? (December) at the lead-time of ¢ = 60h
respectively. It is found that 10% and 90% residuals in June are higher than those in De-
cember, that is, the predicted results using the VAE-GAN have lower accuracy in June in
comparison to that in December. This may be caused by the complex and high ozone het-
erogeneity in the spatial distribution in June. Overall, the trained VAE-GAN has captured
the spatial characteristics of ozone concentrations for given new inputs at a lead-time
beyond the training period. Although a discrepancy between the predicted ozone concen-
trations and reanalysis data, the VAE-GAN is able to provide the same level of accuracy as
that of the physical model-NAQPMS. To improve the predicted accuracy during the high
ozone episode (> 160ug/m?), the convolutional long short-term memory (ConvLSTM)

approach is introduced to the VAE-GAN model. For details, see B.1.
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Fig. 6.13. Comparison of the spatial distribution of ozone fields obtained from the VAE-
GAN model (left) and the reanalysis data (middle) at lead-times of 30h and 604 in June
and December in 2018.
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Table 6.3: Residuals of ozone fields between the VAE-GAN model and the reanalysis
data at the lead-times ¢ = 30, 60/ in June and December in 2018.

. June December
Indicators
Lead-time =30h  Lead-time =60h  Lead-time =30h Lead-time = 60h
Mean residual (ug/m?®) -12.4 -5.88 -6.91 -1.34
90th percentile (ug/m3)  13.95 23.44 8.92 15.09
10th percentile (ug/m?)  -40.81 -32.30 -24.58 -18.39

6.4.2.2.2 Error analysis of hourly ozone forecasting

Further error analysis of hourly ozone forecasting is carried out through the RMSE and
correlation coefficient. The temporal variations of spatial-averaged RMSEs and correla-
tion coefficient of hourly predictive results from the VAE-GAN are shown in Fig. 6.14.
It can be noticed that the spatial-averaged RMSE values in June and December in 2018
are generally around 22ug/m?> and 13ug/m? during the entire forecasting period. The
corresponding correlation coefficient values are shown in Fig. 6.14(b). It can be seen that
the ozone concentration predicted by the VAE-GAN model shows a good correlation with
the reanalysis data over a long lead-time. Most of correlation coefficients are around or
beyond 0.6 during the forecasting period in June. In addition, it is worth noting that the
magnitude of correlation coefficients in December is close to 0.9. This indicates that the

VAE-GAN performs better in hourly ozone forecasting in December.

Fig. 6.15 illustrates the spatial distribution of temporal-averaged RMSE:s. It can be noted
that most of the temporal-averaged RMSEs are below 20ug/m? in June and 16ug/m?
in December, except for the North-east areas where the largest errors exist due to com-
plex factors including human activities, meteorology and industries influencing the ozone
concentration. From the cumulative distribution of temporal-averaged RMSEs in both
months (Fig. 6.15(¢)), it is shown that the temporal-averaged RMSEs of 80% points are
smaller than 25ug/m?. In addition, it is clear that the mean values of temporal-averaged

RMSEs are 17.23ug/m? and 9.88ug/m? for June and December respectively.
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Fig. 6.14. The spatial-averaged RMSEs and correlation coefficients of ozone concentra-
tion between the VAE-GAN and the reanalysis data in June and December in 2018.
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Fig. 6.15. The spatial distribution of temporal-averaged RMSEs and the comparison of
the cumulative density functions (CDF) for the temporal-averaged RMSEs in June and

December in 2018.
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6.4.2.3 Comparison of hourly ozone forecasting between VAE-GAN and the physi-
cal model-NAQPMS

In this section, to further demonstrate the forecasting performance of the VAE-GAN, the
predictive accuracy of the VAE-GAN is evaluated with an existing air quality physical
model, that is, the Nested Air Quality Prediction Modelling System-NAQPMS, which is
commonly used for real-time pollution forecasting in China. The comparison of ozone
results obtained from the VAE-GAN and NAQPMS has been undertaken through (1) the
spatial distribution and temporal variation of ozone concentrations over China, where
the reanalysis data is considered as the ’true’ reference; and (2) ozone concentration at

monitoring stations, where the monitoring measurement is used as the ’true’ reference.

6.4.2.3.1 Spatiotemporal distribution of ozone forecasting compared to physical

modelling

The spatial distribution of hourly ozone forecasting results obtained from the VAE-GAN
and physical model-NAQPMS at lead-times ¢ = 40, 60h is plotted in Fig. 6.16. It can
be seen that the VAE-GAN and physical model-NAQPMS exhibit almost the same level
of acceptable performance for hourly ozone forecasting. Compared with the physical
model-NAQPMS, the VAE-GAN can better capture the spatial characteristics of high

ozone concentrations in densely populated areas in China.

From Fig. 6.16, it can be noted that the spatiotemporal distributions of ozone concen-
trations have a high spatial heterogeneity across China. For further analysis of temporal
variation, the whole country is thus divided into six regions: the North China Plain (NCP),
Northeast China (NE), Southwest China (SW), Southeast China (SE), Northwest China
(NW), and Central China (shown in Fig. 6.17). Fig. 6.17 shows the spatial-averaged RM-
SEs of predicted results in six regions during the predictive period of June in 2018. It

is noted that the predicted results from both the physical model and VAE-GAN have a
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low value of RMSE (below 30ug/m?) in the NW region. The highest RMSE of pre-
dicted ozone concentration occurs in the NCP region (Fig. 6.17(c)), which is consistent
with the findings in Zhan et al. (2018). The spatial heterogeneity of ozone concentra-
tions in summer is associated with the spatial pattern of humidity conditions. The drier
condition in the NCP region leads to a high-level accumulation of ambient ozone. The
predicted ozone concentrations from both the physical model-NAQPMS and VAE-GAN
are underestimated in the NCP, thus resulting in the highest RMSE. However, the VAE-
GAN model generally performs better than the physical model-NAQPMS in the NCP
region, which can be seen in Fig. 6.16. In other regions (including NE, Central, SE and
SW regions), the performance of the VAE-GAN model is comparable with the physical
model-NAQPMS.

Reanalysis data Physical Model-NAQPMS VAE-GAN Model
Original O fug/m®  Modelling O3 [ug/m?3] Predicted O3 [ug/m?3]
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Fig. 6.16. Comparison of the spatial distribution of ozone fields obtained from the VAE-
GAN model (right), physical model-NAQPMS (middle) and the reanalysis data (left) at
lead-times ¢ = 40, 60/ in June of 2018 respectively.
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Fig. 6.17. The spatial-averaged RMSE of predictive results from the VAE-GAN and
physical model-NAQPMS during predictive period of June in 2018. There are six regions:
the North China Plain (NCP), Northeast China (NE), Southwest China (SW), Southeast
China (SE), Northwest China (NW), and Central China (refer to Kong et al. (2021)). The
reanalysis data is used as true’ reference.

6.4.2.3.2 VAE-GAN-based ozone forecasting compared to physical modelling and

observations at monitoring stations

The performance of the VAE-GAN in spatiotemporal forecasting is further evaluated
by comparing the predicted ozone concentrations with those from the physical model-
NAQPMS and the observations at monitoring stations. Here I choose three study re-
gions in China: Jing-Jin-Ji (JJJ), Yangtze River Delta (YRD) and Pearl River Delta region
(PRD) (shown in Fig. 6.18), which are densely populated regions in China. Fig. 6.18

shows the time series of hourly predicted and monitoring ozone concentrations during
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22-30 June of 2018 in the major cities located in the three regions. It is noted that the
ozone concentration is gradually increasing in the morning and reaches a peak at noon,
and has a low value during the night time. This can be explained as follows. The formation
of ozone is involved in the processes of photochemical reactions, advection, entrainment,
and deposition. The entrainment of ozone into the atmospheric boundary layer greatly
contributes to the increase of ozone concentration at day time (Freire et al., 2017), while
due to the stable nocturnal boundary layer caused by radiative cooling at night time, the
surface ozone concentrations typically reach a minimum level by nitrogen oxide titration

and dry deposition (Liu et al., 2020a).

It can be seen that the predicted ozone by the VAE-GAN model is largely in good agree-
ment with observations during the predictive period (22-30 June in 2018). It is noticed
the VAE-GAN performs better than the physical model-NAQPMS in Shanghai, Nanjing,
Hangzhou, Hefei in the YRD region. The discrepancy between the VAE-GAN predicted
results and observations occurs when the peak values of ozone drastically increase at day
time due to large uncertainties in traffic, emission inventory and meteorological condi-
tions. To better capture the peak, the VAE-GAN-LSTM model is introduced in B.1. In
Fig. B.1, the predicted ozone shows a reduction of underestimation in the ozone peaks
compared to that using the VAE-GAN model, and exhibits a good match with the obser-
vations in cities with high ozone concentrations, such as Beijing, Tianjin, Shijiazhuang,

Nanjing and Hefei.

The performance of the machine learning-based modelling and the physical model has
further been evaluated using the statistical error indicators and the corresponding results
are shown in Table 6.4. The ozone concentrations predicted by the VAE-based models
mostly have a smaller value of RMSE, NMB and NME than that from the physical model-
NAQPMS in most of regions in China. The NMB and NME values of predicted results in
the JJJ and YRD regions largely lie within +22% and 25% respectively for the VAE-GAN
and VAE-GAN-LSTM models, while those are beyond +35% (NMB) and 35% (NME)
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for the physical model-NAQPMS. The performance of the VAE-GAN model is thus com-
parable or better than that of the physical model-NAQPMS in the JJJ and YRD regions.
In the PRD region, the ozone concentration mostly has a low value of < 100ug/m?3 com-
pared to that in the JJJ and YRD regions. The variation of ozone in the PRD region is
linked to summer monsoon (Shao et al., 2009) which has not currently been considered
in the machine learning-based models, but in physical modelling. This can explain why
the performance of the physical model is better than the VAN-based models in the PRD

region.

Generally speaking, the VAE-GAN model developed in this study is relatively reliable
when used for ozone forecasting during a long lead-time. Our results suggest that the well-
trained VAE-GAN has captured the spatiotemporal characteristics of the ozone concen-
tration variation. In comparison to the physical model-NAQPMS, the VAE-GAN model
can provide a high efficient ozone forecast while the same level of accuracy is achieved.
This highlights the potential of the VAE-GAN model to be applied in conjunction with

many real-time applications, for example, early warning for air pollution emergencies.
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Fig. 6.18. Ozone time series at the cities in three densely populated regions (Jing-Jin-
Ji, Yangtze River Delta, and Pearl River Delta) using the observations, reanalysis data,
physical model-NAQPMS, VAE-GAN and VAE-GAN-LSTM models.
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Table 6.4: Error analysis of results from the reanalysis data, the physical model-
NAQPMS, VAE-GAN and VAE-GAN-LSTM models where the observations in June of
2018 are taken as references (true values).

. Correlation Coefficient RMSE (ug/m?)
one
. Physical model VAE-GAN| . Physical model VAE-GAN
Reanalysis VAE-GAN Reanalysis VAE-GAN
(NAQPMS) -LSTM (NAQPMS) -LSTM
Beijing 0.98 0.83 0.52 0.57 20.02 63.38 43.34 57.98
Jing-Jin-Ji Tianjin 0.97 0.91 0.68 0.76 18.62 72.33 56.93 53.55
Shijiazhuang| 0.97 0.75 0.50 0.34 13.09 50.39 40.81 46.28
Shanghai 0.97 0.83 0.55 0.56 9.68 38.56 34.97 39.52
. Nanjing 0.95 0.74 0.58 0.37 22.12 29.64 35.89 42.68
Yangtze River Delta
Hangzhou 0.95 0.79 0.54 0.58 13.24 32.41 33.05 40.29
Hefei 0.99 0.83 0.58 0.48 6.98 30.21 42.25 46.38
Guangzhou 0.98 0.82 0.42 0.36 10.90 18.18 18.66 18.64
Pearl River Delta  Shenzhen 0.68 0.46 0.27 0.23 11.82 17.73 17.05 17.54
Zhuhai 0.49 0.37 0.33 0.52 42.13 52.11 21.59 19.31
NMB (%) NME (%)
Zone
. Physical model VAE-GAN| . Physical model VAE-GAN
Reanalysis VAE-GAN Reanalysis VAE-GAN
(NAQPMS) -LSTM (NAQPMS) -LSTM
Beijing 12.18 -45.58 -18.30 23.29 12.88 45.58 23.95 29.23
Jing-Jin-Ji Tianjin -5.65 -46.85 -22.62 0.87 9.38 46.85 28.29 22.76
Shijiazhuang| -6.23 -44.04 -18.88 -11.96 8.69 44.04 21.96 19.25
Shanghai -3.70 -34.30 -18.68 -3.07 6.94 34.69 23.86 19.60
. Nanjing -26.95 -29.85 -37.45 -22.40 26.95 30.44 37.78 25.66
Yangtze River Delta
Hangzhou -3.75 -24.21 -14.98 7.24 10.09 26.27 21.77 24.10
Hefei -4.87 -42.93 -48.18 -46.01 5.45 42.93 48.18 46.01
Guangzhou | 21.88 -4.26 -59.48 -60.34 21.88 14.50 59.48 60.34
Pearl River Delta  Shenzhen -2.91 0.52 -56.91 -63.20 291 242 56.91 63.20
Zhuhai 2242 27.09 -13.13 -7.46 23.99 28.83 14.63 11.82

6.4.2.4 Daily ozone forecasting analysis over China

In this section, the capability of the VAE-GAN is further demonstrated in daily ozone
forecasting of the year 2018 in JJJ, YRD and PRD regions. The reanalysis datasets are
split into the training dataset from the year 2013 to 2017 and the predictive dataset in

2018.

Fig. 6.19 shows the temporal variation of spatial-average daily ozone concentrations over
the JJJ, YRD, and PRD regions during the 2018 predictive period. As shown in Fig. 6.19,

it can be noticed that the predicted ozone concentration exhibits good agreement with the
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reanalysis data in the JJJ and YPR regions. In the PRD region, the VAE-GAN model
captures the daily variability, but overestimates the ozone in the summer. This could
be explained by the responses between the meteorological conditions and ozone. In the
regions of JJJ and YRD, the daily variation of ozone concentration shows the seasonal
variation (an inverse U-shaped trend, which is highly related to the temperature) (Yang
et al., 2020), where the highest and lowest ozone concentrations occur in Summer and
Winter respectively. However, the trend of the ozone seasonal variation is weak in South
China, including the PRD region. This is due to the warmer temperatures throughout the
year and the Asian Summer monsoon, which brings cloudy and raining weather, marine
air and strong deep convection and other unfavorable factors for ozone formation and
accumulation (Lu et al., 2018; Yang et al., 2020; Ma and Yin, 2021). It is a challenge
in existing air quality models when taking into account these complex meteorological
factors. This can be seen in Table 4 that a poor correlation-prevails (average 40%) be-
tween the predicted results and monitoring data in the PRD exists for both the proposed
VAE-GAN and physical model-NAQPMS models. Coupling of the complex meteorolog-
ical conditions (e.g. monsoon) into the VAE-GAN training process will be explored to

improve predictive accuracy in future studies.



6.4. Real-time forecasting 179

(a) JIJ
—~ 200
.g Reanalysis | — 150
g ‘s
T 150 E
2 =100t
-t @
~ =]
E 2
£ 100 g :
8 E s0}- e
5 - 1
S 50 T ‘
= E |
° 0 1 '
N 0 50 100 150
o 0 L 1 1 Ivsi 3
01/01/2018 01/05/2018 29/08/2018 27/122018  Reanalysis ozone (ug/m’)
Time
(b) YRD
—~ 200
-.E_ Reanalysis ,,150
= —— VAE-GAN |3
T 150 )
= ~100}-
N 2
- =
£ 100 S
=]
g 3 ol
: -
) E
= A : : :
S 0 L ‘ . .
N ] 39 70 101 132
o 0 L 1 1 . 3
01/01/2018 01/05/2018 29/08/2018 27/1272018  Reanalysis ozone (ug/m’)
Time
(c) PRD
~ 200
-g Reanalysis | 150
2 ——VAE-GAN |z
= 150} E.
£ 10t S
® T s}
g z
S 50} g
= &
(=] 0
N 0 31 62 93 124
o 0 N i . 1 N . . 1 . " . 1 » 3
01/01/2018 01/05/2018 29/08/2018 27/12/2018  Reanalysis ozone (ug/m’)
Time

Fig. 6.19. A comparison of the temporal variation of spatial-average daily ozone concen-
trations from the VAE-GAN model and the reanalysis data in 2018.

Fig. 6.20 shows the spatial distribution of temporal-average daily ozone concentrations
over the predictive period (the whole year of 2018). The predicted results from the VAE-

GAN are generally comparable to the reanalysis data in JJJ, YRD and PRD regions. It



6.4. Real-time forecasting 180

can be seen that the VAE-GAN model captures a large part of the spatial distribution of
ozone concentrations. To further evaluate the VAE-GAN results, the relative errors of the
predicted results over the three regions are presented in Fig. 6.21. Reasonable predictive
accuracy is largely achieved with a low relative error of around +10%. Overall, the VAE-
GAN model skilfully captures the spatial and temporal variation of ozone concentration

during the predictive period.
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Fig. 6.20. A comparison of the spatial distribution of temporal-average daily ozone con-
centrations from the VAE-GAN model and the reanalysis data in the JJJ, YRD and PRD

regions.
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Fig. 6.21. A relative error histograms of the temporal-average daily ozone concentrations
between the VAE-GAN model and the reanalysis data over the whole year of 2018. The
blue bins aggregate the respective grid points over three regions. Numbers on top of the
bins are percentage values with respect to the total number of grid points. Yellow numbers
indicate the area proportion of the globe, where values of relative error are within the
+10% interval.

6.4.2.5 Impact of meteorological factors

In our study cases described above, the temperature is considered as one of model inputs
since it is the top ozone-related meteorological condition. As known, other meteorologi-
cal factors (relative humidity and wind speed) are also important in ozone formation and
accumulation. For example, low humidity causes a reduction of cloud cover which con-
tributes to photochemical reaction (Chen et al., 2020b). A high wind speed has a negative
impact on ozone concentration by transporting and cleaning air pollutants out of the study
areas (Wang et al., 2020c). In this section, two deep learning models (the VAE-GAN and
the deep convolutional GAN (DCGAN)) are used for quantifying the impact of the me-

teorological factors on daily ozone forecasting during the validation period of 2018 and
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2019. The model inputs are the meteorological conditions (temperature, relative humid-
ity and wind speed) at the predictive time level and historical ozone concentrations while
the targeted output is the ozone concentration at the predictive time level. The reanalysis
datasets are used for training and validation purposes: the training datasets compassing
the time period between years 2013 and 2017 and validation datasets from 2018 to 2019.
The densely populated JJJ region in China is selected as the study area. I estimate the per-
formance of the VAE-GAN and DCGAN models in daily forecasting with consideration
of: (1) no meteorological factors (no met); (2) temperature (temp); (3) temp + relative

humidity (rh), and (4) temp + rh + wind).

The spatial-averaged RMSEs of predicted ozone concentrations are plotted in Fig. 6.22(a)
while the predicted daily ozone concentrations are shown in Fig. 6.22(b). It is shown
in Fig. 6.22(b) that without the introduction of the meteorological factors, both of the
VAE-GAN and DCGAN models fail to capture the temporal variation of daily ozone

concentrations from the year 2018 and 2019.

In DCGAN modelling, it is clearly seen in Fig. 6.22(a) that the more meteorological
factors are included in the model inputs, the smaller the spatial-averaged RMSEs of daily
ozone results. The DCGAN reaches its best performance when the impact of temperature,

relative humidity and wind speed is considered.

In VAE-GAN modelling, the introduction of temperature plays a crucial role in improving
the accuracy of ozone forecasting. The VAE-GAN with the consideration of temperature
performs best among all the study cases. The VAE-GAN achieves the lowest RMSE value
of 23ug/m? in daily ozone concentration prediction in the JJJ region from the year 2018 to
2019. In Fig. 6.22(b), it can be noted that by comparing with the reanalysis data, the VAE-
GAN model can better represent the peaks of ozone concentrations than the DCGAN
model. However, it is also noticed that in contrast to the DCGAN model, the RMSE of
predicted results is decreased when more meteorological factors (relative humidity and

wind speed) are considered in the model inputs. This is due to the limitation of the VAE-
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GAN model. For multiple variable inputs, the quality of generated outputs suffers from
the generator (decoder P) attempting to cover all data manifolds in the data space, thus
leading to a poor model performance (Pandeva and Schubert, 2019). Overall, with only
one input for prediction, the VAE-GAN performs better than the DCGAN. However, with
multi-inputs, the DCGAN could perform better than one input and the VAE-GAN exhibit
a descending trend with more inputs. Therefore, the choice of the model could depend on
the categories of inputs. Coupling of multiple meteorological inputs with the VAE-GAN

will be investigated in our future work.

Overall, the temperature or other meteorological factors play a dominant role in improving
the accuracy of ozone forecasting, e.g. reducing uncertainties and accumulative error with

every step of ozone forecasting.
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Fig. 6.22. Predictive daily results from the cases of VAE-GAN and DCGAN model
with/without the introduction of the meteorological factors into the model inputs, where
the densely populated JJJ region in China is selected as the study area and the predictive
period is from the year 2018 to 2019. Note that in the case of no meteorological factors
the models only take the last-timestep ozone as the model input.
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6.5 Conclusions

In this work, 1 systematically analyse the hourly and daily performances of the ConvL-
STM, DCGAN and LDCGAN modelling. In addition, a machine learning-based fore-
casting framework is implemented for efficient and accurate real-time (hourly and daily)
ozone forecasting in China. A hybrid deep learning VAE-GAN approach is proposed
to better explore the spatial and temporal features of ozone concentrations, where GAN
has the capability of learning hierarchical feature representations of ozone concentra-
tions while VAE is used for dimensionality reduction and avoiding model collapse. The
hybrid VAE-GAN model consists of both adversarial training and real-time forecasting
processes, which narrow the gaps between the generative and targeted ozone fields from
the past to future states and provide accurate ozone forecasts for a long lead-time beyond

the training period in a recursive way.

In our ConvLSTM, DCGAN and hybrid VAE-GAN ozone modelling, the training and
validation datasets consist of hourly reanalysis datasets at a high spatial resolution of
15km x 15km across China from 2013 to 2019. Our results illustrate that the machine
learning-based prediction exhibits excellent spatiotemporal performance over most of the
BTH region in different seasons. In particular, the VAE-GAN model has captured the spa-
tial and temporal evolution patterns of ozone concentrations during the predictive period
of 2018 and 2019 in comparison to the reanalysis data, observations and physical model-
NAQPMS. The VAE-GAN model can provide a high efficient ozone forecast while the
same level of accuracy is achieved compared to the physical model-NAQPMS. However,
it is also noticed that a low predictive accuracy of ozone concentrations occurs in some
local regions where the daily variation of ozone concentrations exhibits volatility. In the
following chapter, we will present a more comprehensive forecasting scheme to improve
the predictive accuracy by combining the ConvLSTM and DCGAN with data assimilation

techniques for uncertainty reduction.



CHAPTER 7

Ensemble Kalman filter for
GAN-ConvLSTM based long lead-time

forecasting

Data-driven machine learning techniques have been increasingly utilized in accelerating
nonlinear dynamic system prediction. However, machine learning-based models for long
lead-time forecasts remain a significant challenge due to the accumulation of uncertainty
along the time dimension in online deployment. To tackle this issue, ensemble Kalman
filter (EnKF) has been introduced to machine learning-based long term forecast models
to reduce the uncertainty of long lead-time forecasts of chaotic dynamic systems. Both
the deep convolutional generative adversarial network (DCGAN) and convolutional long
short term memory (ConvLSTM) are used for learning the complex nonlinear relation-
ships between the past and future states of dynamic systems. Using an iterative Multi-
Input Multi-Output (MIMO) algorithm, the two-hybrid forecast models (DCGAN-EnKF
and ConvLSTM-EnKF) are able to yield long lead-time forecasts of dynamic states. The
performance of the hybrid models has been demonstrated by a Lorenz 96 model. Our
results show that the use of EnKF in ConvLSTM and DCGAN models successfully cor-

rects online model errors and significantly improves the real-time forecasting of dynamic

187
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systems for a long lead-time.

This chapter is derived from and expands upon Cheng et al. (a).

7.1 Introduction

In this work, I propose a hybrid data assimilation and machine learning-based long lead-
time forecast framework (M + Eparnr mode). The convolutional LSTM (Con-
vLSTM, Shi et al. (2015)) and deep convolutional GAN (DCGAN, Goodfellow et al.
(2014)), acting as the dynamic surrogate model M, , are used for efficient calculation
of ensembles as well as long term forecasts. The EnKF will be introduced for reducing the

model error £p 44 prr.. The main contributions of the work can be summarized as follows:

* A Multi-Input Multi-Output (MIMO) forecasting architecture is built in the DCGAN-
ConvLSTM framework, which can make multi-step forecasts of temporal/dynamic

information or prediction of any target variable.

* ConvLSTM and DCGAN both consist of convolutional LSTM layers, which can
learn long term dependency by LSTM and extract time-invariant features using con-
volutional layers. Thus, the two algorithms are powerful enough to efficiently and

accurately exploit the intrinsic dynamics of the high-dimensional dynamic system.

* A recursively MIMO forecasting strategy is developed to make long lead-time fore-

casts of any target variable.

e Importantly, the EnKF based DCGAN-ConvLSTM framework enables real-time
assimilation of observations into the machine learning-based forecast models, which
allows us to minimize model errors and determine uncertainties, thus improving the

accuracy of forecasts.
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This chapter is organized as follows. In section 7.2, the details of an EnKF are briefly
introduced. The EnKF based GAN-ConvLSTM forecasting architecture for long lead-
time forecasting is presented in detail in section 7.3. Detailed comparisons between model

forecasts appear in section 7.4. Finally, the conclusion is provided in section 7.5.

7.2 Ensemble Kalman filter

EnKF is a Monte Carlo implementation of the Bayesian update problem, which uses en-
sembles of stochastic realizations (state vectors) for approximating the states of a dynamic

system. State matrix consists of all the state vectors in the ensemble as:

X(t) = (X(t), ..., (1), ..., Xn (1) e R”™, (7.1)
where X (t) is the state vector of the dynamic system, the subscript k is the number of
the state vector in the ensemble, the subscript N, represents the length of the state vector,

the subscript V. is the size of the ensemble.

EnKF-based data assimilation consists of two steps, prediction and update. In the pre-

diction step, the forecast model is performed on each ensemble member independently:

Xl (t) = M(XP(ts-1)) + Exlto-r), (7.2)

where M is a forecast model representing the dynamic system, X¢ (¢, 1) € R™ is the
background vectors of all model states for the £ ensemble member, and £ (t,) denotes
the white noises for the forecast model at time ¢,. The introduction of noises E(ts)
enables EnKF to correctly propagate the uncertainty engaged in the system, which avoids
a divergence of the systems due to a low variance with observation in propagation process

(Burgers et al., 1998). The ensemble mean of forecasting vectors of all model states at



7.2. Ensemble Kalman filter 190

time ¢, is defined as:

_ 1 &
Xl(t,) = 5 2 X (t). (7.3)
€ k=1

An estimate of the model error covariance P/ is then computed as:

xf ) — X )Xl ) — & @) (7.4)
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In the update step, given the observation Z(¢,) each ensemble is then updated by:
X () = X[ () + K(1)[2(t) — HAL(8)), (75

where H is the operator that converts the model states to observation space (Clark et al.,

2008), and the Kalman gain is calculated by:
K(ts) = (ps o Pf<t8))HT[H(Ps ° Pf(tS))%T +R(t:)] (7.6)

where R = 0°Z is the observation error covariance matrix, and o denotes a Schur product
(an element-by-element multiplication). Here, the localization techniques are applied to
ensemble assimilations (Blum et al., 2009; Falchetti and Alvarez, 2018; Greybush et al.,
2011; Petrie, 2008). The operation pj is the correlation coefficient based on distance (the
localization radius which is space and time dependent) so that remote observations are

removed. The (posterior) error covariance matrix P%(t,) is estimated by:

Pe(ty) = [1 — K(t)H]P!(t,). (7.7)
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7.3 Long lead-time forecasting using hybrid machine learn-

ing models and EnKF

In this work, I aim at developing a machine learning-based model for the long lead-time
forecast. In current machine learning models, it is still challenging to keep the predictive
accuracy beyond the training period, not to mention long lead-time forecasts. Here a
hybrid machine learning-based EnKF (ML-EnKF) framework is introduced to reduce the

cumulative error in a long term forecast. The main procedures are described below:

(1) The DCGAN and ConvLSTM models are first trained for efficient nonlinear dyn-

camical prediction (section 7.3.1, M ;1 mode);

(2) The trained DCGAN and ConvLLSTM models are then used for long lead-time fore-
casts by a recursively way, where the last ensemble multiple-time step-ahead fore-
cast/output are used as new inputs for the next time step-ahead ensemble forecasts

(in section 7.3.2, M1, mode);

(3) The EnKF data assimilation approach is further incorporated into the DCGAN and
ConvLSTM models for reducing forecasting uncertainty of dynamic features at fu-

ture time instants (in section 7.3.3, M1, + Epay i, mode).
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Fig. 7.1. Illustration of a hybrid model combining ensemble data assimilation and Con-
vLSTM and DCGAN models for long lead-time forecasting. (a) Spatiotemporal dynamic
features are used for Multi-Input Multi-Output (MIMO) forecast. (b) Architectures of the
ConvLSTM and DCGAN models for MIMO forecast. (c) Extension of forecasting hori-
zon integrating ConvLSTM and DCGAN with EnKF in a recursively MIMO strategy.
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7.3.1 Multi-Input Multi-Output (MIMO) forecast using ConvLSTM
and DCGAN

In this sub-section, the DCGAN and ConvLSTM models are trained for representing the
physical dynamics shown in Eq.(7.2) (M1, mode). These machine learning models have
replaced the physic models (M, sica) as a forward surrogate model. For long lead-time
forecasting, I adopt a Multi-Input Multi-Output (MIMO) strategy (Taieb et al., 2012) as

shown in Fig. 7.1(a). The MIMO forecasting is an estimation on future time series:

[X(tor1), s X(torr)] = Murp[X i), - - . X (L)), (7.8)

where M 1, is a machine learning forecasting model, X represents the state variables, the
inputs are the state values from the previous time steps (ts_ps41, - - -, ts), M is the length
of time lag while the outputs are the forecasts at the lead-time steps ((ts11,...,ts1n) €
(to,tn,)), H denotes the total predictive time steps. Here the ConvLSTM and DCGAN
models acting as forecasting model M, are used for learning the input-output relation-

ship.

Given N, pairs of multi-inputs and multi-outputs (X7, Xp) € (Zy, Oy,) used for ConvL-

STM and DCGAN training purpose, the training input data X7 is :

Ng X M X Ny

L X1 € R (7.9)
while the corresponding output datasets X are:
Ot Xo e R (7.10)

In this study, the ConvLSTM forecasting model consists of one input layer, two convolu-
tional LSTM layers and two convolutional layers. The rectified linear unit (Leaky ReLU)

activation function is employed between the layers. With respect to the DCGAN forecast-
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ing model, the generator G has one input layer, one convolutional LSTM layer and two
convolutional layers. The discriminator D uses three hidden convolutional layers, each
using a densely connected layer. The output layer is densely connected to the final hid-
den layer with a sigmoid activation function. Specifically, both ConvLSTM and DCGAN
models are trained using the Adam optimizer and the weights in the networks are updated

after computing the combined loss of each batch.

7.3.2 Long lead-time forecast using ConvLSTM and DCGAN

In this sub-section, the long lead-time forecasts are obtained from the trained ConvL-
STM and DCGAN in a recursively MIMO strategy (M, mode). Once the ConvLSTM
and DCGAN training processes are completed, one can find the relationship between the
input-output pairs (X7, Xp). By using the trained ConvLSTM and DCGAN models as
shown in Fig. 7.1(b), the H-step predictive solutions beyond the training period [to, tn;,, |

for any input data X; € (Z/Z;,) can be obtained in Eq.(7.8).

A recursively MIMO forecasting strategy (Cheng et al., 2020a) is here developed to make
long lead-time forecasts, as shown in Fig. 7.1(c). The forecasts are given in Algorithm 7.1:
where M M1 represents the trained forecasting model, ¢(¢ € (1, ®)) is the length of steps

using the MIMO strategy.
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Algorithm 7.1 Multistep MIMO forecasts using ConvLSTM and DCGAN.
(1) One MIMO step forecasting process.

* Set the length of time lag M and forecasting time step H.

* Obtain the optimal parameters in training process.

» Sample M steps datasets from the initial time ¢ during the validation period
(ENer s )

* Make H-step ensemble forecasts in one MIMO step strategy by ConvLSTM and
DCGAN models.

(2) Long lead-time forecast process.
* Select the iteration length ®.
forp=1t0 ® do
if » = 1 then
* The next multisteps-ahead is obtatined by the trained function Moy as:

Maurn[X (tsnis), ..., X (L))

else if H¢ < M then
* The next multisteps-ahead is obtatined by the trained function Moy as:

A

Mo (X (ts—p—2tH(-1));s - - - X (Ls), X(tsi1), - X (tsrro-1)))-

else
* The next multisteps-ahead is obtatined by the trained function Moy as:

A

Mo, [i(ts—M+1+H(¢—1))7 o Xt m(9-1))]-

end if
end for

~

* Obtain the length-® x H multisteps of ensemble forecasts X'.

7.3.3 Extension of forecasting horizon integrating ConvLSTM and

DCGAN with EnKF

In the sections above, the DCGAN and ConvLSTM models have been developed for
efficient forecasts. However, the performance of the trained machine learning forecasting

models decays as the predictive horizon ® extends beyond a few time steps. To reduce



7.3. Long lead-time forecasting using hybrid machine learning models and EnKF 196

the cumulative error in long lead-time forecasts, I here introduce the data assimilation
technique (the EnKF approach) to the ConvLSTM and DCGAN models in the online

forecasting process (M1, + Epayarr, mode), as shown in Fig. 7.1(c).

As stated in section 7.2, the EnKF is a sequential ensemble data assimilation technique.
Given the background state X° ( X® = [X(t,_pr41), - - ., X(t,)]), the initial ensembles at

time ¢, (ts € (tn,,,tn,)) are generated by:

XP(ts) = X°(ts) + e, (7.11)
where ¢ is randomly obtained from a Gaussian distribution N'(X?,0?), k € (1, N,) and
N, is the size of the ensemble.

The forecast matrix in Eq.(7.2) from trained machine learning-based models at time % is

defined by

~ 4 Ng X Ne

X(t) = (X (ts), . X (), .. X e, (t)] €R (7.12)

Given the observations Z and the forecast ensemble /fkf , the forecast results 23,? can be

updated by following the steps shown in Algorithm 7.2:
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Algorithm 7.2 Multistep MIMO forecasts using ConvLSTM and DCGAN and EnKF.
Set the iteration length ®.
Set the length of the time lag M and forecasting time step H in one MIMO step.

Set the ensemble sample size N..
(1) Inputs:
 Generate the ensembles X' at the initial forecast time .

¢ Set observations Z.
e Set X/(t,) = X°(t,)

for p=1t0o ® do
(2) Prediction step:
* Get the dynamic features from the trained models in Eq.(7.2):
X (tn,) = Mun (X7 (ty, ).

« Obtain the model error covariance P/ in Eq.(7.4).
fori=1to 4 do
(3) Update step:
e Calculate the Kalman gain K (¢;) in Eq.(7.6).
» Update the ensemble of states X “(t;) in Eq.(7.5).
» Update the error covariance matrix P*(t;) in Eq.(7.7).
end for
end for
* Obtain the updated length-® x H multisteps of forecasts xe.

7.4 Numerical examples

In this section, our two-hybrid ConvLSTM-EnKF and DCGAN- EnKF models are tested
with a one-level variant of the Lorenz 96, which has been commonly used as a prototypical
test case in data assimilation (Brajard et al., 2020; Pawar et al., 2020; Gagne et al., 2020;
Rao and Sandu, 2016). The Lorenz 96 model is defined on a periodic one-dimensional
domain by the following set of ordinary differential equations:

dXx,
dt

= (Xr—l—l - XT‘—Q)XT—l - Xr + F (713)



7.4. Numerical examples 198

where X, is the scalar state variable measured along a circle of constant latitude of the
earth divided into N, equal sized sectors, r € [0, N,|, Xy, = Xo, Xn,-1 = X1, XN, 2 =
X, N, = 40. The external forcing F' = 12 is chosen as a strongly supercritical value to

make the system sufficiently chaotic.

7.4.1 Model setup

A long “truth” run of the physical Lorenz 96 model (referred to as physical modelling-
L.96) is performed to generate the datasets for training and validating the ConvLSTM-
EnKF and DCGAN-EnKF models. The “truth” run is integrated for 200 MTUs using a
time step ot= 0.01 MTU. Outputs from the first 180 MTUs are used for training, and the
remaining 20 MTUs are used for validation. Therefore, I assess the performance of the

trained models for temporal integration during the period [180, 200] MTUs.

The performances of two trained models developed in this study are assessed using the
root mean squared error (RMSE), and correlation coefficient (R) which are defined as

follows:

LN 2
> (X — Xay)

— J=1
RMSE = I : (7.14)

Xd] X )
R = (7.15)

\/gj X \/Z ng—)fd)

where the subscript j represents the pairing of N targeted states X; and forecasts X by

HMZ

points ([0, N,]) and predictive period ([ty,,,tn,]), and the overbars signify means over

points and/or time.
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7.4.2 One MIMO step forecast

Fig. 7.2 illustrates a series of forecasts from the trained ConvLSTM and DCGAN models
in one step MIMO modelling. Here I use the last 60-time-step variable values as known
inputs and obtain 30-time-step-ahead forecast of all state variables (/V,, = 40). The ’true’
results or references are computed using the physical modelling-LL96. The true values
are obtained by physical modelling-L.96. As shown in Fig. 7.2, the forecasts of state
variables (X5, X3, X6 and X33) from ConvLSTM and DCGAN models could capture the
physical dynamics and match well with the true values at the lead-times (180.6 — 180.9
MTUs). It can be noted that the ConvLSTM model performs better than the DCGAN
model in one step MIMO forecasting where the correlation coefficients of ConvLSTM
results are higher than 0.97 except for X35. This can be further confirmed in Fig. 7.3,
which compares the forecasts of all state variables from both the trained machine learning
models during the lead-times (180.6 — 180.9 MTUs). It can be noticed that the residuals

(bottom panel) in Fig. 7.3 of the ConvLSTM are smaller than those of the DCGAN model.
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Fig. 7.2. One step MIMO forecasts of X5, X5, X6 and X3, state variables conducted
by the ConvLSTM and DCGAN models, where the length of the known time series (for
inputs) M = 60 (0.06 MTU) and the predicted time series H = 30 (0.03 MTU), i.e.,
30-time-step-ahead forecasts.
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Fig. 7.3. Comparison of the trajectories (top panel) and residuals (bottom panel) of all
state variables between the physical modeling-1.96, the ConvLSTM and DCGAN models
for the lead-times 180.6 —180.9 MTU, where the results from the physical modelling-L.96
is considered as ‘references’.

The accuracy of results from the ConvLSTM and DCGAN models has further been es-
timated during different predictive periods (shown in Fig. 7.4 and Fig. 7.5), where the
references are computed using the physical modelling-L.96. In Fig. 7.4, it can be seen that
the residuals from both the ConvLSTM and DCGAN models are mostly smaller during
these predictive periods. Fig. 7.5 shows the RMSEs of results from both the ConvLSTM
and DCGAN models for four predictive periods. The box plots depict the median, the
25th and 75th percentiles and the minimum and maximum computed over four predic-
tive periods. The bias of mean values is less than —0.16 and —0.56 for the ConvLSTM
and DCGAN models respectively at different predictive periods. Again, the ConvLSTM
model attains a good agreement with the results from the physical modeling-L.96 than that

of the DCGAN model. The ConvLSTM model can better detect the underlying functional
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mapping through pattern extraction and long term dependency learning.

40

ConvLSTM-L96

Time period Physical modelling-L96
for inputs  #
5 ®
5
o
-
)
—
] 16
=
S
@
— St
1812
=
=
=
)
bl
%
—
\
!
—
)
—
181.8 181.9 182
=
=
=
-
o
)
—
L)
=
v
)
-

182.7

32

24|

16

DCGAN-L96

N 40_‘
324
|
24
<
16
8-
| —
L L — L L
1812 1813 1814 1815 181.2 181.3 1814 181.5
MTU
4 3 2 1 0 1 2 3 4 -4 2 -1 0 1 2 3 4
“ e
32
24
———— A ————
16
—
| ————
8
|
[
L m
1818 1819 182 182.1 1818 1819 182 182.1
4 3 2 1 0 1 2 3 4 -4 2 1 0 1 2 3 4
40
32t
—
24+
- A ————————
D | - -
— 16 -
8+ 8L
L L L L
182.4 182.5 182.6 182.7 182.4 1825 v 182.6 182.7

[ T T T T B B B
4 -3 2 1 0 1 2 3 4

'
4 -

' ' ' ' ' 0 T
2 -1 0 1 2 3 4

Fig. 7.4. Residuals of all states from the ConvLSTM and DCGAN models in comparison
to those from the physical modeling-1.96. Left column: full state trajectory from the phys-
ical modelling-1.96; the difference of results between the machine learning model and
physical modelling-1.96: middle column-ConvLSTM and right column-DCGAN, where
the data at the last-60-step time instances (shown in the left) as inputs while the corre-
sponding forecast periods are 181.2 —181.5 MTU, 181.8 —182.1 MTU, and 182.4 —182.7

MTU.
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Fig. 7.5. The RMSE of predicted all states from the ConvLSTM and DCGAN models for
the lead-time periods, 180.6 — 180.9 MTU, 181.2 —181.5 MTU, 181.8 — 182.1 MTU, and
182.4 — 182.7 MTU.

7.4.3 Long lead-time forecasts with ML-EnKF

In this section, I further demonstrate the forecasting performance of the ConvLSTM and
DCGAN models combined with EnKF in multi-step-MIMO forecasting. The EnKF is
introduced for improving the accuracy in long term forecasting. The forecast period is
[180.6, 183.6] MTU. In MIMO forecast (in Eq.(7.8)), the total forecasting time steps in
one iteration/step are set to H = 30 while the length of previous time steps for inputs
is M = 60 (where the time step size is 0.01 MTU). The iteration number ¢ of multi-
step MIMO is 10, i.e. the long term forecast period (300-steps-ahead) is 10 x (0.01 x
30) = 3 MTUs. The initial conditions X" are the state variable values from 180 MTU (in
Algorithm 7.2). Given a perturbation (randomly drawn from a Gaussian distribution with
a zero mean) to the initial variable X’ (in Eq.(7.11)), the initial ensembles are generated,
where the ensemble sample size is 50 (/V, = 50). Each ensemble member is integrated in

time using the trained ConvLSTM and DCGAN models.

In ML-EnKF models, the forecasts at the lead-time steps (i.e., X7 (tsi1y-- -, tsep) in Al-

gorithm 7.2) are obtained from the trained ConvLSTM and DCGAN models. For the
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next-MIMO-step forecasting, the inputs are the forecasts X/ (ts) at the previous time
steps (ts_nr+1,---,ts), which are updated using the EnKF whenever an ongoing se-
quence of observations are available. In comparison to the true values (from physical
modeling-1.96), the performance of the ConvLSTM-EnKF and DCGAN-EnKF are eval-

uated through:

(1) the forecast state variables during the lead-time period using the ConvLSTM and
DCGAN, where the inputs are the updated forecast results using EnKF (hereafter

referred to ConvLSTM-EnKF1 and DCGAN-EnKF1);

(2) the updated forecast results during the lead-time period, where both outputs and
inputs in the ConvLSTM and DCGAN models are updated using EnKF (hereafter
referred to ConvLSTM-EnKF2 and DCGAN-EnKF2). At this step, the outputs
(forecast states) from ConvLSTM-EnKF1 and DCGAN-EnKF1 are further updated

using EnKF.

As shown in Fig. 7.6, the trajectories of X5, Xg, X4 and X3, predicted using the ConvLSTM-
EnKF1 and DCGAN-EnKF1 follow the trend of the true ones during the whole lead-times
(180.6 — 183.6 MTU). It can be observed that a relatively good agreement exists between
the forecasts and true values and small differences can be noticed at forecasting steps. In
general, the underlying dynamic pattern is captured well by the predictive ConvLSTM-
EnKF1 and DCGAN-EnKFI1. During the 300-steps-ahead forecasting period, the corre-
lation coefficients of four state variables are between 0.79 and 0.98 for the ConvLSTM

and between 0.8 and 0.95 for the DCGAN respectively.

To further demonstrate the forecasting capability of the hybrid models, the error analysis
is carried out by the RMSE and correlation coefficient of predicted state variables. As
shown in Fig. 7.7, it can be noticed that the RMSEs of forecasting states are reduced when
the inputs for the ConvLSTM and DCGAN models are updated with EnKF. For example,

the RMSEs of the ConvLSTM and DCGAN models have a rising trend (with a maximum
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value of 8) during the predictive period [180.6, 183.6] MTU in Fig. 7.7(a), while for the
ConvLSTM-EnKF1 and DCGAN-EnKF1 the values fluctuate between 0 and 4 except
for the initial 30-step forecasts (180.6 — 180.9 MTU). The correlation coefficients of
ConvLSTM-EnKF1 and DCGAN-EnKF1 are around 0.75 — 0.9, while without EnKF, the
correlation coefficients are down to 0.2. The introduction of EnKF to the ConvLSTM and
DCGAN models has mitigated the cumulated forecast error problem in recursively MIMO
forecasting. This can be seen in Fig. 7.7(b) that the mean RMSE of the ConvLSTM model
decreases from 5.88 to 1.82 after the observations are assimilated using EnKF, while that
from the DCGAN model declines from 6.35 to 2.36. The mean correlation coefficients of

the ConvLSTM-EnKF1 and DCGAN-EnKF1 models are 0.92 and 0.86 respectively.
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Fig. 7.6. The trajectories of X5, X5, X165 and X3, predicted using the ConvLSTM-EnKF1
and DCGAN-EnKF1, where the length of the known series is M = 60 (0.06 MTU) and
the predicted series is ® x H = 300 (3 MTU), i.e., 300-steps-ahead forecasts.
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Fig. 7.7. The RMSEs and correlation coefficients of the ConvLSTM, DCGAN,
ConvLSTM-EnKF1, and DCGAN-EnKF1 models during the forecasting period of
180.6—183.6 MTU, where (a) the spatial-averaged RMSEs and (b) the temporal-averaged
RMSE:s. Note that EnKF are not introduced in the ConvLSTM and DCGAN models while
EnKF is used for updating the inputs in ConvLSTM-EnKF1 and DCGAN-EnKFI.

The accuracy of forecast states during the lead-times can further be enhanced by updat-
ing the outputs from the ConvLSTM-EnKF1 and DCGAN-EnKF1 using EnKF. Fig. 7.8
depicts the forecasts of X5, Xg, X4 and X35 from the ConvLSTM-EnKF2 and DCGAN-
EnKF2 during the whole lead-time (180.6 — 183.6 MTU). Visually, very little differ-
ence between the true values and results from the ConvLSTM-EnKF2 and DCGAN-
EnKF2 can be noticed. The results demonstrate that the two-hybrid ConvLSTM-EnKF
and DCGAN-EnKF models have successfully captured dynamic features and provide ac-
curate long lead-time forecasts. This can serve as a promising tool by using the hybrid
ML-EnKF model to efficiently forecast complex dynamic systems for realistic applica-

tions.
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A Taylor diagram in Fig. 7.9 is employed for further assessment of results between

the ConvLSTM, ConvLSTM+EnKF1, ConvLSTM+EnKF2, DCGAN, DCGAN+EnKF1,

DCGAN+EnKF2 and physical modelling-L.96 for X5, Xg, X4, and X3, state variables

during the forecasting period of 180.6 —183.6 MTU. It can be noticed that the results from

the hybrid models (i.e., ConvLSTM+EnKF1, ConvLSTM+EnKF2, DCGAN+EnKF1, DC-

GAN+EnKF2) have a higher correlation coefficient than that of the ConvLSTM and

DCGAN models (orange and cyan points), for example, close to 1.0 for the ConvL-

STM+EnKF2 and DCGAN+EnKF2 (green and yellow points).
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Fig. 7.8. Same as Fig. 7.6 except for using the ConvLSTM-EnKF2 and GAN-EnKF2
models, where both inputs and outputs obtained from the trained machine learning models
are updated using EnKF.
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Fig. 7.9. Tylor diagrams representing correlation coefficient together with the standard de-
viation difference for proposed ConvLSTM, ConvLSTM+EnKF1, ConvLSTM+EnKF2,
DCGAN, DCGAN+EnKF1, DCGAN+EnKF?2 for (a) X5 (b) X5 (¢) X4, and (d) X3, state
variables during the forecasting period of 180.6 — 183.6 MTU.

To further compare the performance of the hybrid ML-EnKF models, the trajectories of
full states from ConvLSTM-EnKF1, ConvLSTM-EnKF2, DCGAN-EnKF1 and DCGAN-
EnKF2 models are presented in Fig. 7.10(a). It can be seen that the predictive maps from
the four models attain a good agreement to that of the physical modeling-L96. The differ-
ences of forecast states between the machine learning models and physical modeling-1.96
are illustrated in Fig. 7.10(b)-(e). It can be noticed that the differences are quite small over
the whole domain, especially for ConvLSTM-EnKF2 and DCGAN-EnKF2 models. The
bias of ConvLSTM-EnKF2 and DCGAN-EnKF2 models is hardly visible, which suggests

the ConvLSTM-EnKF2 and DCGAN-EnKF2 models are capable to obtain accurate long
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lead-time forecasts for complex physical dynamics.
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Fig. 7.10. Comparison of 300-step-ahead forecast trajectories of full states between the
ConvLSTM-EnKF1, ConvLSTM-EnKF2, DCGAN-EnKF1 and DCGAN-EnKF2 models
with physical modelling-1.96 during the forecasting period of 180.6 — 183.6 MTU.
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7.5 Conclusions

In this work, a hybrid ML-EnKF framework has first been developed for long lead-time
forecasts of nonlinear dynamic systems (M y;;, + Epasar, mode). The ConvLSTM and
DCGAN have been trained for learning the complex nonlinear relationships between the
past and future states, and then used as the dynamic surrogate model in long term forecasts
based on an iterative MIMO algorithm. During each iteration MIMO forecast stage, the
trained machine learning models are used for multiple time-step-ahead forecasts while the
forecast results are updated using EnKF whenever the observations are available during
the online forecast process. In comparison to traditional ENKF approaches, the trained
ConvLSTM and DCGAN models are used for efficient calculation of ensembles, rather

than a physical-informed model which requires a high computational cost.

The performance of the hybrid ConvLSTM-EnKF and DCGAN-EnKF models has been
demonstrated by a Lorenz 96 model. To evaluate the model forecasting capability, a de-
tailed accuracy assessment has been performed through the correlation coefficient and
RMSE. Our results illustrate that the ConvLSTM model can better capture temporal dy-
namics in a high-dimensional nonlinear system and predict accurate dynamics than the
DCGAN model. In addition, the use of EnKF in ConvLSTM and DCGAN models signif-

icantly reduces forecast errors along with lead-times.

Overall, the hybrid ML-EnKF (M, + Epasar mode) is an efficient and reliable tool
for real-time forecasting of dynamic systems. Compared to physical models, the use
of machine learning approaches can reduce the computational cost by several orders of
magnitude, thus speeding up forecast and data assimilation processes significantly. It has
a promising potential for a wide range of applications, for instance, flooding and real-time
air pollution forecasting. The accuracy and efficiency of the proposed ML-DA forecasting

model applied to realistic and complex applications will be the subject of our future work.



CHAPTER S8

Conclusion and Future work

8.1 Conclusions

In this thesis, I have developed a deep convolutional generative adversarial network (DC-
GAN) for predicting spatiotemporal flow distributions. This model has been further de-
veloped by combining a variational autoencoder (referred to as VAE-GAN) for predicting
large data-driven nonlinear fluid flows in spatial and temporal dimensions. Addition-
ally, a real-time predictive machine learning model, i.e., artificial neural network (ANN),
long short term memory (LSTM), DCGAN, VAE-GAN, ConvLSTM has been developed
for basin streamflow, urban flooding, and national air pollution forecasting problems re-
spectively. Finally, a unique integrated data assimilation-based machine learning model
framework has been developed by introducing an ensemble Kalman filter (EnKF) to GAN

and ConvLSTM (GAN-ConvLSTM).

In Chapter 2, a DCGAN has been proposed for nonlinear spatiotemporal fluid flow pre-
diction for the first time. In deep convolutional networks, the high-dimensional flows can
be converted into the low-dimensional “latent” representations. The complex features of
flow dynamics can be captured by the adversarial networks. The DCGAN is applied to

prediction of spatially-temporally-coherent and high-dimensional nonlinear fluid flows in
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two test cases of Hokkaido tsunami with different incoming waves along the coastal line.
It is demonstrated that the results from the DCGAN are comparable with those from the
original high fidelity model (Fluidity). The spatiotemporal flow features have been rep-
resented as the flow evolves, especially, the wave phases and flow peaks can be captured
accurately. In addition, the results illustrate that the online CPU cost is reduced by five

orders of magnitude compared to the original high fidelity model simulations.

In Chapter 3, I have further developed a hybrid deep adversarial autoencoder (VAE-GAN)
by integrating generative adversarial network (GAN) and variational autoencoder (VAE)
for predicting large data-driven fluid flows in spatial and temporal dimensions. By using
a VAE, high-dimensional inputs are compressed into the low-dimensional representations
by nonlinear functions in a convolutional encoder. Then the predictive fluid flows re-
constructed in a convolutional decoder contain the dynamic fluid flow physics of high
nonlinearity and chaotic nature. In addition, the low-dimensional representations are ap-
plied to the adversarial network for model training and parameter optimization, which
enables a fast computation process. The capability of the hybrid VAE-GAN is illustrated
by varying inputs on a flow past a cylinder test case as well as the second case of water
column collapse. Results show that this hybrid VAE-GAN has successfully captured the

spatiotemporal flow features with CPU speed-up of three orders of magnitude.

In Chapter 4, an artificial neural network (ANN) and a long short term memory (LSTM)
have been adopted to forecast streamflow at daily and monthly scales for a long lead-
time period. A recursive forecasting framework has been developed in the ANN and
LSTM forecasting systems, which takes the last one-step-ahead forecast as a new input
for the next-step-ahead forecast. Two models are trained and validated for streamflow
forecasting using the rainfall and runoff datasets collected from the Nan River Basin and
Ping River Basin, Thailand, covering the period 1974 to 2014. The main findings are
highlighted here. First, with an optimal setting up of model parameters, both the ANN

and LSTM model can provide accurate daily forecasting (up to 20 days ahead). Second,
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in comparison to the ANN model, the LSTM model exhibits better model performance
in long lead-time daily forecasting, but is less satisfactory in multi-monthly forecasting
due to the lack of a large monthly training dataset. Third, the selection of the length of
the time lag and number of maximum epochs used in both ANN and LSTM modelling
are the key to long lead-time streamflow forecasting at daily and monthly scales. Our
study shows that the LSTM method is superior to the ANN model in the daily streamflow

forecasting for a long lead-time.

In Chapter 5, a real-time predictive DCGAN has been developed for flooding forecasting
in Denmark. It has also been implemented under the framework of a recursive forecasting
strategy. The model capability is assessed using a 100-year return period extreme flood
event occurred in Greve, Denmark. Results indicate that the predictive fluid flows from the
DCGAN and the high fidelity model are in a good agreement (the correlation coefficient
> 97% and the mean absolute error < 0.008m) for a lead-900 timestep forecast. This
is an important step toward real-time flow forecasting although further evaluation of the

DCGAN performance is required in complex realistic cases in the future.

In Chapter 6, I further presented efficient and accurate real-time forecasting of national
spatial ozone distribution by using machine learning models developed here. First, I have
systematically analysed the hourly and daily spatiotemporal predictive performances us-
ing ConvLSTM and DCGAN models over the Beijing-Tianjin-Hebei region, China. Sec-
ondly, I have introduced a hybrid model VAE-GAN to provide ozone forecasts for a long
lead-time beyond the training period. Results demonstrate that the machine learning-
based models achieve better spatiotemporal ozone concentration prediction performance
with multiple meteorological conditions. The ConvLSTM model demonstrates the prac-
tical feasibility of identifying high ozone concentration distribution and capturing spa-
tiotemporal ozone variation patterns at a high spatial resolution (here 15km x 15km).
In addition, VAE-GAN has achieved a reasonable accuracy in the prediction of both the

spatial and temporal evolution patterns of hourly and daily ozone fields, as compared
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to the Nested Air Quality Prediction Modelling System (commonly used in China), the

reanalysis data and observations during the validation period.

In Chapter 7, the ensemble Kalman filter (EnKF) has been introduced to machine learning-
based long term forecast models to reduce the uncertainty of long lead-time forecasts of
chaotic dynamic systems. Both the deep convolutional generative adversarial network
(DCGAN) and convolutional long short term memory (ConvLSTM) are used for learn-
ing the complex nonlinear relationships between the past and future states of dynamic
systems. Using an iterative Multi-Input Multi-Output (MIMO) algorithm, the two-hybrid
forecast models (DCGAN-EnKF and ConvLSTM-EnKF) are able to yield long lead-time
forecasts of dynamic states. The performance of the hybrid models has been demonstrated
by a Lorenz 96 model. Our results show that the use of EnKF in ConvLSTM and DCGAN
models successfully corrects online model errors and significantly improves the real-time

forecasting of dynamic systems for a long lead-time.

8.2 Future Work

While the newly developed GANs and their applications have been validated in numerous
idealistic and realistic cases in this thesis, there remain some further developments and

possible extensions.

8.2.1 Combining machine learning with physical models

Despite the great progress of GANSs in predicting spatiotemporal physics problems in this
thesis, large datasets for training purposes are not always available for scientific problems.
In this thesis, GANs are capable of learning the underlying relationships from datasets,
however, they are difficult to provide accurate predictions owing to extrapolation or ob-

servational biases. The physics-informed machine learning (Karniadakis et al., 2021;
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Kashinath et al., 2021) is a new research topic that can integrate neural networks with
mathematical models. It would also be interesting to develop a physical-informed GAN
based on the physical models, which can automatically satisfy the physical invariants
for better accurate and efficient prediction. For example, taking the established physi-
cal equations as a subnetwork and coupling it with machine learning (Han et al., 2018),
adding physical equations and accounting for different initial/boundary conditions into
the machine learning acted as additional loss functions for model prediction (Raissi et al.,
2019), and constructing the residual in the loss function using automatic differentiation
for the integer-order operators in the form of time- and/or space-fractional derivatives
(Pang et al., 2019). The physical-informed machine learning seamlessly integrates noisy
data and physical models, and implements them with neural networks or other regression
networks (Cai et al., 2022). This hybrid approach also combines the strengths of neural
networks for rich representation learning, physics embedding and automatic differentia-
tion to approximate the solution of system variables (Chen et al., 2021). In addition, the
network architectures of the hybrid approach could be designed specifically which can
satisfy some of the physical invariants for better accuracy, faster training and improved

generalization (Karniadakis et al., 2021).

8.2.2 Machine learning for problems with multi-inputs

Machine learning requires a set of input predictors for prediction. When a single pre-
dictive variable is of interest, the prediction process using machine learning may involve
one-to-one or many-to-one methods depending on the predictors. For example, the in-
fluence of meteorological factors on ozone prediction and forecasting has been discussed
in Chapter 6. The DCGAN model performed better with given temperature, humidity
and wind as model inputs. However, it can be also noted that the performance of the
VAE-GAN model becomes worse with multi-meteorological factors. For multiple vari-

able inputs (many-to-one), the quality of generated outputs suffers from the generator
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(decoder P in VAE-GAN) attempting to cover all data manifolds in the data space, lead-
ing to a poor model performance (Pandeva and Schubert, 2019). Multi-modal distribution
learning would be a good choice for the GANs when dealing with many-to-one predic-
tion problems (Sharma and Hamarneh, 2019; Chartsias et al., 2017). The multi-modal
GANSs can take multiple modalities of available information as input and synthesize one
sequence, which use additional loss functions to constrain bias and uncertainty of predic-

tions.

8.2.3 Realistic applications

It has a promising potential of the GANs extended for a wide range of realistic applica-
tions in geo- and environmental sciences, for instance, climate change, urban environ-
ment, renewable energy and optimal sensor location. In these applications, the spatiotem-
poral structure of data acts as a prevalent feature in geoscience applications, for example,
remote sensing images. Therefore, it will be interesting to apply the GANs to spatiotem-

poral prediction for these applications.

Another possible extension of the GANSs is the combination with data assimilation. As I
have developed the EnKF data assimilation with the ConvLSTM and DCGAN model in
Chapter 7, the hybrid forecasting ML-EnKF model of sequentially updating the forecasts
with the incoming observations is not restricted to EnKFs. In the future, I may instead
employ other nonlinear filtering methods such as four-dimensional variational (4D-Var)
data assimilation; similarly, making accurate forecasts is not restricted to the ConvLSTM
and DCGAN models but may employ other machine learning models. It would be inter-
esting to combine machine learning and data assimilation to improve the accuracy and

efficiency of forecasting in realistic and complex applications.
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8.2.4 Machine learning for unresolved subgrid parametrization

Considering a general prediction problem of large and complex spatiotemporal systems
(e.g., earth climate and atmosphere), parameterization physical models are usually used
to present the unresolved small-scale processes, for example, k£ — e turbulent modelling,
and parameterization schemes for cloud microphysics. However, the inaccuracies persist
in the parameterization and the interaction with other processes due to the complexity of
the physical systems. Machine learning is a promising approach for unresolved subgrid
parameterization of high-dimensional spatiotemporal systems (Rasp et al., 2018; Yuval
and O’Gorman, 2020). Machine learning can be trained at different grid sizes (global,
regional, national, city or street scales) without the need to change the physical closure
assumption. In the future, GANs have a great potential to perform spatiotemporal pre-
diction across a range of scales and provide insights into the scale dependence of the

parameterization problem.
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APPENDIX A

Long lead-time daily and monthly
streamflow forecasting using machine

learning methods

A.1 Supplementary information related to structure of

ANN and LSTM models

Input R Output Q
=
: R1 : QH—]

I

1
: Rz : } Neuron explanation
R
e ! e (Y wx, +b)

. | 5
: : Ws.)‘s zi:wixi +blo
: Rr+1 I
Lo

w1+lxr+l

Fig. A.1. A typical three-layer feedforward artificial neural networks.
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Fig. A.2. The structure of the cell connection in the Long Short-Term Memory (LSTM)
neural network.
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Fig. A.3. Loss variation in the ANN model training process.
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Fig. A.4. The map of the RMSE of daily forecasting streamflow varying with the number
of time lag and epochs in (a) ANN modelling, and (b) LSTM modelling.
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Fig. A.5. The map of the RMSE of monthly forecasting streamflow varying with the
number of time lag and epochs in (a) ANN modelling, and (b) LSTM modelling.

A.2 Multi-day-ahead streamflow forecast at PRB

A.2.1 Study area

The second study site PRB, as one of major subbasins of CPRB, covers the area of 26,300
km?. The PRB covers substantial portions of Tak and Kamphaeng Phet provinces, but

only a small part of the Nakhon Sawan province. The Bhumibol Dam reservoir discharge
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a significant amount of water to supply domestic and industrial use, irrigation and envi-
ronmental purposes as shown in Fig. 4.2. The basin is in a subtropical monsoon region,
with relatively abundant rainfall and a humid climate from May to September. The aver-
age annual precipitation over the basin is about 1200 mm. To determine the relationship
between rainfall and runoff, streamflow into the Bhumibol Dam reservoir and rainfall data

from gauges were collected at daily and monthly scales from 1975 to 2014.

A.2.2 Multi-day-ahead streamflow forecast

The ANN and LSTM models have been further applied to multi-day-ahead streamflow
forecasting in PRB. To evaluate the forecasting performance, the comparative plots of the
forecasting results obtained from the ANN and LSTM models at the lead-time = 1 day, 2
day, 3 day, 4 day, and 5 day are shown in Fig. A.6. It can be observed a relatively good
agreement between the observed and forecasting streamflow especially in low streamflow
with lead-time = 1 day and 2 day from 27 February 2014 to 9 March 2014. With increasing
the lead-time, the arrival time of forecasting streamflow peaks becomes slightly delayed,
which is caused by the accumulation of forecast errors. Comparing with high streamflow
simulation from 28 April 2013 to 19 May 2013, the streamflow peaks of the ANN model
are generally higher than observed streamflow, while the streamflow peaks of the LSTM

model match better.

Four indicators, RMSE, NSE, CC, and MAE, are chosen to evaluate the multi-day-ahead
forecast performance during the validation period (from 3 April 2012 to 25 July 2014).
The corresponding evaluation of forecasting streamflow results during the lead-times of
1-20 days is illustrated in Fig. A.7. It can be seen that the LSTM model generally out-
performs the ANN model with the smaller RMSE and MAE (in Fig. A.7 (a) and (d)), and
higher NSE and CC especially at the longer lead-times (in Fig. A.7 (b) and (¢)). It is also
visible that the predicted accuracy of the ANN and LSTM models decays as the forecast-

ing horizon extends further in time (i.e. with the increasing lead-time length). As the
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lead-time increases from 1 to 20 days, the RMSE and MAE in ANN modelling increase
approximately by 52% and 40% respectively, while in LSTM modelling, the RMSE and
MAE increase approximately by 78% and 45% respectively. The NSE ranges between
0.2 and 0.3 for the ANN model, while between 0.1 and 0.52 for the LSTM model from
lead-time = 1 day to lead-time = 6 day. The CC decreases from 0.71 to 0.37 for the ANN
model and from 0.8 and 0.43 for the LSTM model as the lead-time increases. The results
suggest that the forecasting performance for the LSTM model is better than that of the

ANN model for long lead-time daily forecasting.
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Fig. A.6. Forecast performance at the lead-times 1, 2, 3, 4 and 5 days: (a) with the ANN

model and (b) with the LSTM model.
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APPENDIX B

Spatio-temporal hourly and daily ozone
forecasting in China using a hybrid
machine learning model: Autoencoder

and Generative Adversarial Networks

B.1 Model comparison

In the section, the performance of our VAE-GAN model is evaluated against a VAE-GAN-
LSTM model, which introduces the convolutional long short-term memory (ConvLSTM)
layer (Shi et al., 2015) into the encoder and decoder of the VAE-GAN. The comparative
plots of hourly ozone forecasting results obtained from the VAE-GAN and VAE-GAN-
LSTM models during the predictive period of June in 2018 are shown in Fig. B.1. It can
be observed in Fig. B.1(a) that a relatively good agreement between the observed and
forecasting hourly ozone concentration is achieved, while the arrival time of forecasting
ozone peaks is slightly delayed. We can see that during the validation period of days

22-26 in June 2018, the VAE-GAN-LSTM model can better predict the ozone peaks than
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the VAE-GAN model, where the reanalysis data is considered as the reference. However,
the VAE-GAN-LSTM model fails to capture the low ozone concentration at night, thus
having higher the RMSEs than that of the VAE-GAN model in Fig. B.1(b). This situation
also reflects on the spatial distribution of ozone forecasts as shown in Fig. B.2. Generally
speaking, the use of LSTM in the VAE-GAN can well capture the high ozone concentra-
tion although the RMSE of results from the VAE-GAN-LSTM is slightly higher than that
of the VAE-GAN. It is thus suggested that the VAE-GAN-LSTM model has the potential

for hourly high ozone forecasting in China.
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Fig. B.1. Spatial-averaged ozone concentration variation during predictive period of June
in 2018. The VAE-GAN and VAE-GAN-LSTM models take both the temperature and
last-step predictive ozone as the model inputs. The VAE-GAN-LSTM model adopts the
convolutional long short-term memory (ConvLSTM) layer into the encoder and decoder
of the VAE-GAN.
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Fig. B.2. Comparison of the spatial distribution of ozone fields obtained from the VAE-
GAN model and the VAE-GAN-LSTM at the lead-time of 60% in June of 2018.

B.2 Ozone forecasting using NO,

NO; is the primary element involved in the process of forming ozone. When sunlight
interacts with NO,, the gas molecules break down and release monoatomic oxygen (O)
atoms which then react to diatomic oxygen (O5) molecules and form the trioxygen molecule
known as ozone (Ezimand and Kakroodi, 2019). Here the impacts of the precursors (here,

NO;) on ozone concentrations have been explored using the proposed VAE-GAN model.
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B.2.1 Hourly ozone forecasting using NO, from reanalysis datasets

In real-time ozone forecasting in realistic scenarios, both NO, and ozone are the unknown
variables (outputs) to be predicted/solved using either the air quality model or the Al-
based model (here VAE-GAN). Thus it is not suitable to consider NO- as the model input
in real-time ozone forecasting. Even so, it is worth exploring the relationship between
NO, and ozone using the VAE-GAN model based on history ozone and NO, datasets,
where the NOx concentration is the model input while the ozone concentration is the

model output.

the hourly NO, and ozone datasets are collected from the reanalysis CAQRA datasets.
We used the hourly datasets in 2017 for training, and 2018 for validation. The spatial
performance of the VAE-GAN model for hourly ozone forecasting in June and Decem-
ber of 2018 is shown in Fig. B.3. It can be seen that the VAE-GAN model captures a
large part of the spatial distribution of ozone concentration at lead-times ¢ = 30, 60/ in
December. The last row of Fig. B.3 shows the residual maps between ozone maps pre-
dicted by the VAE-GAN and reanalysis data. In June, the predicted ozone concentration
is slightly overestimated over the south of China at different lead-times, while slightly

underestimated over the NCP region.

The RMSE and correlation coefficient of predictive results from the VAE-GAN are shown
in Fig. B.4. It can be noticed that the RMSE values in June and December in 2018 are
generally below 17ug/m? during the whole forecasting period. The average RMSE values
are 14.56ug/m? and 8.17ug/m? for June and December respectively. The corresponding
correlation coefficient values are shown in Fig. B.4(b). We note that in particular, models
which accurately capture the regime behaviour will also show good correlation statistics
when averaged over a long lead-time. Most of the correlation coefficients are around or
beyond 0.8 during the forecasting period. It is worth noting that the magnitude of the

correlation coefficient in December is close to 0.9. This means the VAE-GAN performs
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Fig. B.3. Comparison of the spatial distribution of ozone fields obtained from the VAE-
GAN model (left) and the reanalysis data (middle) at the lead-times of 30h and 60A in
June and December in 2018 respectively.
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better in hourly ozone forecasting in December.

a)
( 25 T T
- June + December
.
20
- . +* .’ "“ N set’ . [
By | o L ®, C
S0 15 - n - - - PLIYLS Y "
= . o . . K
; b.. & n..“... oapyt Yeulet®
AL
wn
= 10 . a*®ontee - el 4
é | ensnasa®®®our “‘nt.""!"“.o' Cacereueren,,peevity 0% iqag,, Lapet et Srsneqnet
5
0 1
0 20 40 60 80 100
(b) Lead-time (h)
1.0
aa Y o +%,,
N TYV Qoo %4000, %, +*%%,
o. o 04 pas S . ‘o’ Yeteneet »“"‘.¢ e LN ’o' e,
:xo«».. " " »
0.8 + - orores, sy
o’ al ‘o, \ ® ¢ *e. s,
Sotere Matal NI S0y, | ¢ ®o0s, roe® e
o PR *> g " Ad +
3 |+ * * e’ ]
0.6 [
+ June < December
04 J J
0 20 40 60 80 100

Lead-time (h)

Fig. B.4. The RMSE and correlation coefficients of ozone concentration obtained from
the VAE-GAN and the reanalysis data in two months in 2018.

B.2.2 Impact of NO;, emissions on ozone forecasting

In realistic scenarios, the local NOx emission from massive anthropogenic emissions,

industries, or transportation is another factor impacting ozone forecasting. In this work,

the NOx and VOC emissions were considered as inputs, but removed during the selection

of driving variables. There are two reasons for this. First, the available NOx emission data

(source) are averaged monthly or daily. The daily variation of NOx emission remains

the same during the same month. The NOx emissions are constant at a daily-temporal

scale. Thus, the hourly-temporal variation of ozone concentrations will not be affected

by a constant NOx emission during the training process. However, the emission of NOx
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varies over space, e.g. a high emission in densely populated cities. The impact of the
spatial variation of NOx emission is implicitly considered during the training process. The
reason for this is that the training datasets (the reanalysis datasets) combine the physical
modelling results, where NOx and VOC emissions have been considered in NAQPMS
model (Kong et al., 2021) and observations. We speculate the predictive results can reflect
the contribution of other driven factors (including NOx and VOC) on ozone concentration.
To validate this hypothesis, we have undertaken one modelling experiment, where the
average temperature (27°C' £3°C)) in June is used as inputs everywhere over China. Can
we expect the VAE-GAN models are able to predict the spatial distribution of ozone
concentrations over China? The right column in Fig. B.5 shows the ozone concentration
variation where the input temperature is around 300K (27°C +3°C’). We can see that
the predictive ozone varies in space with the same temperature as model inputs. It is
noted that the ozone variation over the regions can match well with the NO, emission
(right column in Fig. B.5) in June, a high ozone concentration in the densely populated
cities, mainly in the east of China. Therefore, the predictive ozone in space has indicated
the patterns of ozone formation with emission intensities associated with industrial and

agricultural activities.
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Fig. B.5. The predictive ozone (left) and emission of NO, (right) distribution of China in
June of 2018.
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Second, in ozone forecasting, the importance of NOx and NMVOC emissions is lower
than expected although the ozone formation is associated with NOx emissions. Zhan
et al. (2018) pointed out that this may be due to regional transport or titration effects.
NOx and NMVOC may be transported from urban to rural areas via advection, causing
the location of ozone formation to occur some distance away from the emission source.
NOx titration tends to counteract the importance of NOx emissions to ozone levels. In the
work of Ma et al. (2021a), they also found that ozone precursors such as NO, and satellite-
based formaldehyde (HCHO) observations were found to play relatively weak roles in
modulating ozone variations, though these factors were crucial to the ozone formation.
In addition, Zhan et al. (2018) found that the inclusion of NOx and NMVOC into the
machine learning model can introduce a noise which tends to be higher than the gained

information, which is consistent with what occurred in our study.

Finally, we would like to further discuss the importance of the choice of driving vari-
ables in ozone forecasting. For machine learning-based ozone forecasting at stations, the
model performance may be improved with increasing inputs (Su et al., 2020; Yafouz et al.,
2021). In contrast, for spatio-temporal ozone forecasting, with the increase of the number
of driving factors, the number of modelling parameters to be optimially estimated will
significantly increase, especially on a large spatial scale. It would thus compromise all
the drivers during the training process, thus weakening the relationship between the most
important driver (e.g. temperature) and ozone concentrations. It is therefore suggested
that only key-driven variables should be chosen for model prediction. This is why the

NOx emission is removed from modelling inputs due to its importance.



APPENDIX C

Software and error analysis

C.1 Fluidity

Fluidity is an open source and multi-phase CFD code and capable of solving numeri-
cally the Navier-Stokes and accompanying field equations on unstructured finite element
meshes in one, two and three dimensions (Pain et al., 2001; Piggott et al., 2008). The
main feature of Fluidity is its ability to adapt the mesh dynamically in time and space
of interest. The code is parallelizable which makes it attractive for larger-scale compu-
tationally challenging applications, such as tidal turbines (Abolghasemi et al., 2016), 3D
tsunami propagation (Oishi et al., 2013), fluid-solid interactions (Viré et al., 2012), and

multiphase porous media flow (Gomes et al., 2017).

More details on governing equations, numerical discretization and adaptive remeshing in

Fluidity can refer to Fluidity manual (Fluidity, 2015).
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C.2 MIKE3FM

MIKE 3 FM (MIKE21 and MIKE3 Flow Model, 2009), is a software tool that simu-
lates flows, cohesive sediments, water quality, and ecology in lakes, rivers, coastal ar-
eas and seas in three dimensions. In flooding modelling, the hydrodynamic module
calculates the flow fields based on a variety of forcing and boundary conditions. The
governing equations are the shallow water equations, which invoke a hydrostatic pres-
sure assumption. The time integration of the shallow water equations and the transport
(advection-dispersion) equations is performed using a semi-implicit scheme, where the
horizontal terms are treated explicitly and the vertical terms are treated implicitly. The
Courant—Friedrichs—Lewy (CFL) number is set less than 1. A variable time step interval
is used in the calculation of both the shallow water equations and the transport equations
determined so that the CFL number is less than a critical CFL number in all computational

nodes.

For more details of MIKE 3 FM, see DHI (2017).

C.3 Error analysis

The statistical metrics for error analysis of the developed models in this thesis are sum-

marized below:
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