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ABSTRACT

SPATIOTEMPORAL SERIES ANALYSIS AND
FORECASTING: NEW DEEP LEARNING
ARCHITECTURES ON WEATHER AND CRIME
FORECASTING

Selim Furkan Tekin
M.S. in electrical and electronics engineering
Advisor: Stileyman Serdar Kozat
August 2022

We investigate spatiotemporal series through weather and crime forecasting and
introduce new successful deep learning architectures that are also applicable to
other spatiotemporal domains. First, we present our weather model being an
alternative to physical models by addressing the computational cost and the per-
formance. In our weather model, we extend the encoder-decoder structure with
the Convolutional Long-short Term Memory units and enhance the performance
with attention and context matcher mechanisms. We perform experiments on
high-scale, real-life, benchmark numerical weather datasets. We show that at-
tention matrices model atmospheric circulations and successfully capture spatial
and temporal relations. Our model obtains the best scores among the baseline
deep learning models and comparable results with the physical models. Sec-
ondly, we study high-resolution crime prediction and introduce a new generative
model with Graph Convolutional Gated Recurrent Units (Graph-ConvGRU) and
multivariate Gaussian distributions. We introduce a subdivision algorithm and
create a graph representation to tackle the sparsity and complexity problem in
high-resolution spatiotemporal data. By leveraging the flexible structure of graph
representation, we encode the relations to state vectors for each region. We then
create a multivariate probability distribution from the state vectors and perform
prediction at any resolution for the first time in the literature. Our model obtains
the best score in our experiments on real-life and synthetic datasets compared
to the state-of-the-art models. Hence our model is not only generative but also
precise. We also provide the source code of our algorithms for reproducibility.

Keywords: spatiotemporal, weather forecasting, crime forecasting, encoder-
decoder, attention, probabilistic graph models.
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OZET

UZAY-ZAMANSAL SERILERDE ANALIZ VE
TAHMINLEME: HAVA DURUMU VE SUC

TAHMININDE YENI DERIN OGRENME MIMARILERI

Selim Furkan Tekin
Elektrik ve Elektronik Miihendisligi, Yiiksek Lisans
Tez Danigmani: Siilleyman Serdar Kozat
Agustos 2022

Uzay-zamansal serileri hava durumu ve su¢ tahmini tizerinden calismaktayiz ve
bagka uzay-zamansal problemlerde de kullanilabilecek yeni bagarili derin 6grenme
mimarileri tamitmaktayiz. Ik olarak, fiziksel modellerin iglem glicii gereksin-
imlerine ve performanslarina dikkat ¢ekerek hava durumu modelimizi alternatif
olarak sunmaktayiz. Hava durumu modelimiz kodlayici-¢oziicii yapisini Evrigimli
Uzun-Kisa Soluklu Belleklerle biiyiitmekte ve dikkat ve baglam eslestirici
mekanizmalarla performansini artirmaktadir. Biiyiik capl, gercek, literatiirde
kistas olan sayisal hava durumu verileri iizerinde deneyler gerceklestirmekteyiz.
Dikkat matrislerinin atmosferik dalgalanmalari nasil modelledigini ve uzay-
zamansal bagintilar1 bagarili bir gekilde ogrendigini gostermekteyiz. Mode-
limiz, temel derin 6grenme modelleri arasindan en iyi skoru ve fiziksel mod-
ellerle kiyaslanabilecek sonuclar almaktadir. Ikinci olarak, yiiksek cozunirlikli
su¢ tahminini cahsmaktayiz ve Cizge Evrisimli Gecitli Tekrarlayan Unite ve
Goklu Gauss Dagilimlarin1 kullanarak yeni tiretici model sunmaktayiz. Yiiksek
¢oziintirliklii uzay-zamansal verideki seyreklik ve karigiklik problemini ¢ozmek
i¢in cizge gosterimini olusturmaktayiz ve parselleme algoritmasi sunmaktayiz.
(izge gosteriminin kullanigh yapisi sayesinde, bagintilar: baglam vektorlerine kod-
lamaktay1z ve Coklu Gauss Dagilimini olusturarak literatiirde ilk olan istenilen
her coziiniirliikte tahmin tiretmekteyiz. Modelimiz gercek ve sentetik veride en
son kullanilan modeller arasinda en iyi performansi gostermektedir. Bu ytizden
modelimiz sadece iiretken degil aynm1 zamanda dogrudur. Ek olarak, kaynak kod-

larimiz1 deneyleri tekrar gerceklestirmek icin saglamaktayiz.

Anahtar sozcikler: uzay-zamansal, hava durumu tahmini, su¢ tahmini, kodlayici-
¢oziicii, dikkat, olasiliksal ¢izge modeli.
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Chapter 1

Introduction

1.1 Preliminaries

A spatiotemporal series is a collection of series with temporal and spatial co-
variances, such as the temperature at numerous weather stations, crime events
happening in various spots, or the traffic in cities. Thus, effective processing of
spatiotemporal series plays a vital role in mitigating high-impact events. The
distribution of the time series locations can be in order as a grid or unordered
as a graph. For example, we can represent the traffic flow in the city by a
graph where each node belongs to boulevards, and the weather of the city can
be represented by a grid where nodes are equidistant from each other, forming
a rectangular shape. In data science and computer vision, new successful deep
learning models for spatiotemporal series forecasting are introduced for grid and
graph representations. In this thesis, we study spatiotemporal series on weather
and crime forecasting problems, where we present new deep learning architectures
in grid and graph representations. We show that both architectures are practical
and applicable to real-life problems. Thus, our thesis can guide researchers in

applying our architectures to the different spatiotemporal domains.

In weather forecasting, we aim to create an accurate and interpretable model



that has comparable performance with the physical models. We show that our
method brings significant developments in this field and can become an alternative
to currently used short-term physical models, which are hardly accessible for data
scientists. We perform experiments on real-life benchmark datasets and show that

our model performs better than the baseline models.

In crime forecasting, our goal is to perform high-resolution crime predictions
with a generative deep learning model. We overcome the sparsity issue of grid base
representation with a subdivision algorithm, which allows us to use a graphical
deep learning model. We show that the proposed architecture leads to high

performance compared to baseline models and applies to different domains.

In both problems, we leveraged the high performance of deep learning, a sub-
class of machine learning. A learning algorithm contains three key elements
defined in [2] and [3], the learning experience, E, with respect to a task, T, and
performance measure, P. In each iteration of the learning algorithm, the perfor-
mance P at tasks in T improves with experience E. For crime forecasting, our
task is classification, where we classify given input according to the probability
of a crime event happening, i.e., the learning algorithm learns the following map-
ping, f: RY — {0,1}. For weather forecasting, the task is the regression where
we predict the temperature value given other weather features as input, i.e., we
learn the following mapping f : RY — R. In both tasks, we use a performance
measure to assess the learning algorithm, such as the accuracy and the squared
error. The experience of machine learning algorithms can be categorized as un-
supervised or supervised by their access to the label of the inputs. In supervised
experience, we observe several examples of a random vector x and associated la-
bel y, and then we aim to predict y from x by estimating p(y|x). In unsupervised
experience, we attempt to learn p(x) [2]. We perform supervised experience in

both problems.

We can represent a supervised learning model with the following mapping,
y = f*(x). One of the key elements of deep learning is Multilayer Perceptrons
(MLPs) which allows us to approximate the function f* with y = f(x,6) by

learning the best 6 parameters [2]. MLPs consist of chained functions that can



learn non-linear relationships between the input and the label. For example, in
a three-layered MLP, we have f(x) = f3(f?*(f'(x))), where each f represents a
layer of MLLP containing their individual sets of parameters. We aim to match f
with f* by finding the best set of parameters. During the training, we compare
each produced output with the label using performance measures and update
the parameters from this experience. This process is called gradient-based train-
ing. The algorithm takes steps on parameter space toward minimizing the loss

function.

The layers of MLP contain matrix multiplications representing each function,
such as f1(x,0) = fi(x;w,b) = x'w + b, where w and b are the parameters we
learn. We can also represent the second layer f(h;w,b) = hTw-+b, where h is the
output of the first layer. However, altogether this representation is linear. Thus,
we must use non-linear activation functions such as sigmoid, softmax, or tanh in
each layer to describe the input. As the number of layers, i.e., the depth of the
model, increases, the MLP model’s capacity to learn non-linear relations within
the input and output also increases. However, the high number of parameters
causes the model to overfit, i.e., each layer memorizes what the output should be
and fail to generalize. The high number of parameters also increases the cost and
the time to train the model. Furthermore, the high number of parameters can

cause the gradient-based algorithm to get stuck in the local minimum.

A special kind of neural network called Convolutional Neural Network (CNN)
is introduced and performs better on generalizing 2D grid topologies such as
images [4]. In place of general matrix multiplications, CNNs perform the convo-
lution operation. The CNNs leverage three important ideas, sparse interactions,
parameter sharing, and equivariant representation [2]. The sparse interaction
means that CNN works locally on the input with a small kernel that can detect
small, meaningful features, improving cost and statistical efficiency. Contrary to
the matrix multiplication, in CNN, each output unit is not affected by each input
unit creating a sparse connection. Since the kernel in the convolution operation
travels along the image, the kernel parameters are shared, allowing less number

of parameters. Parameter sharing also causes the layers to be equivariant to the



translations, such as shifting. For example, the model learns to detect a partic-
ular edge and can recognize that edge elsewhere in the entire image. With these
properties, CNNs become one of the fundamental units in deep learning architec-
tures. Furthermore, the authors of [5] generalized the CNNs to graph topologies
to create Graph Convolutional Networks, which is the building block of our crime

forecasting model.

In our problems, we work with sequences, our input is single feature vectors
x € RY in MLPs and CNNs, but now we have an ordered list of feature vectors
Xi,...,Xr, where x, € RY. Similar to unsupervised density modeling, we aim to
estimate the probability mass function of the input sequence p(xy,...,xr). One

can use chain rule and conditional probabilities to represent the joint distribution:

T—-1
p(X1,...,X7) = Hp(xt+1|x1, ey X))
t=0
One typical application of deep learning is to model this distribution via Re-
current Neural Networks (RNN) [6]. The output of an RNN at a single
time step represents each p(x;.1|x1,...,X;), creating the latent variable model
p(Xer1|X1, .-, %¢) = p(xX¢y1/hy). The hy is the hidden state that stores the se-
quence information up to time step t. An RNN contains three different MLPs
that take input and the former hidden-state vectors to produce the next hidden
state. Following RNNs, new sequential processing deep learning units are in-
troduced, such as Long-short Term Memory Units (LSTM) and Gated Recurrent
Unit (GRU). These architectures showed high performance on sequence modeling,

language-speech processing, time series forecasting, and auto-regressive models.

This thesis introduces two new deep learning architectures leveraging the latest
developments on MLPs, CNNs, and RNNs and assessing their performance on

two complex real-life problems.



1.2 Contributions

This thesis first addresses high-scale weather forecasting with a novel deep learn-
ing model. We introduce a novel attention-based recurrent network architecture
called Weather Model for spatiotemporal series with convolution operations on
attention layers and ConvLSTMs as memory units. This model can focus on the
relevant cells in exogenous series to make accurate predictions and successfully
learn spatial correlations. To the best of our knowledge, we apply an attention-
based ConvLLSTM network to spatiotemporal weather forecasting for the first time
in the literature. This model architecture allows us to use multiple exogenous se-
ries and produce refined predictions with high interpretability. In addition, we
can make hourly, daily, or in any temporal resolution forecasts. We compare our
model with conventional deep learning and physical models using the benchmark
metrics through extensive experiments over benchmark datasets and show that
our model obtains higher performances than all the baseline models and some

physical models.

Secondly, this thesis introduces a novel solution to high-resolution crime fore-
casting. We introduce a subdivision algorithm to create a graph from grid-based
spatiotemporal data to reduce the detrimental effects of sparsity. We present
a novel graphical architecture, High Resolution Crime Forecaster, with Multi-
variate Gaussian distributions to jointly train the micro and macro probabilities
and model the actual data distribution. With the generative structure of our
model, we produce highly accurate predictions even for high spatial resolution.
Furthermore, we demonstrate significant performance gains through extensive

experiments over real-life crime data.

1.3 Outline

In the remainder of this thesis, the organization is as follows. Chapter 2 describes

in detail the weather model for high-scale weather forecasting. Chapter 3 then



introduces the high-resolution crime forecaster. Lastly, Chapter 4 portrays the

conclusive remarks.



Chapter 2

Numerical Weather Forecasting
by Convolutional-LSTMs with
Attention Mechanism Using
ERAS5 Reanalysis Data

2.1 Introduction

The weather is a vital scientific research area by being the cornerstone of every
real-life system, such as agriculture, energy production, tourism, transport, navi-
gation, and climate [7]. Thus, accurate forecasts prevent life and economic losses
and support emergency management by diminishing the effects of high-impact
weather events and creating substantial financial revenue [7]. Foundations of
modern-day weather forecasting were introduced in the early twentieth century
when scientists solved a system of nonlinear differential equations by hand [8,9].
Today, super-computers solve the equations for millions of points per time step to
forecast weeks to months ahead [10]. Meteorologists call this problem numerical
weather prediction (NWP), where the objective is to predict a numerical value

of a weather feature such as temperature or wind speed for a location. However,
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NWP models are getting more complex, and their demand for high computation
power increases continuously [10]. Obtaining results from these models can take

hours, limiting their ability to provide actionable predictions.

The NWP for multiple locations is a grid-based spatiotemporal series prob-
lem. Compared to physical models for NWP, deep learning models can provide
results within the minutes of receiving data, exploit the big data aggregated in
years, and make accurate predictions with less costly models [11]. The success
of the spatiotemporal series forecasting with deep learning emerged with the in-
troduction of Convolutional Long-short Term Memory (ConvLSTM) cells in [12],
a modified version of Long-short Term Memory (LSTM) cells of [13] that is tar-
geted to capture spatial patterns with convolution operations. Specifically, the
ConvLLSTMs focused on the precipitation nowcasting problem, where this task
aims to give a precise and timely prediction of rainfall intensity in a local region
over a relatively short period. Following this model, [12,14] works introduce new
approaches to model spatial and temporal patterns and show high performance

in different tasks, such as weather, crime, and traffic density forecasting.

However, previous studies, [12,14,15], do not exploit the numerous data sets
available for weather, such as satellite images, numerical grid values, and obser-
vations in meteorological stations. These works have focused on one input source,
such as a sequence of radar images. The weather, however, is a chaotic system
affected by many exogenous factors, e.g., vegetation, geographical contour, and
human. Therefore, more data source is needed to model such chaotic behav-
iors. In this thesis, we call our target series as the endogenous variable, and the
different data sources entering the forecasting model as the side-information or
exogenous variable. As a solution, the side-information can be concatenated with
the input series and directly given to the model. However, the side-information
integration in previous works shows more effective ways [16-18]. Authors of [19]
show that implementing Fully Connected Neural Networks (FC-NNs) before the
memory units allowed the model to focus on the patterns of the exogenous series
that are correlated with the endogenous series. This focusing process is known

as attention and was introduced in [20,21]. Even though FC-NNs are effective,



they cannot capture spatial information as well as Convolutional Neural Net-
works (CNNs). Thus, the authors of [22] introduced a convolutional attention
mechanism for gesture recognition and showed the need for spatial attention in
ConvLSTM structures.

Moreover, the authors of [23] showed the high performance of the U-net model
in weather forecasting. The U-net contains multiple layers of CNNs with skip
connections. Similar to [12,14,15], it follows the idea of encoding input spatiotem-
poral series to a small abstract representation and decoding this representation
to generate an output sequence. The advantage of an encoder-decoder structure
is that the length of the input and output sequence may differ. Thus, one can

obtain any length of the forecast.

Recently, the authors of [1] released a benchmark dataset from the ERA5
archive and introduced evaluation metrics to make inter-comparison between
studies. Furthermore, they provide baseline scores for deep learning and physical
forecasting models. They show that their deep learning model makes accurate
short-term predictions, yet its performance deteriorates rapidly as the output

sequence length rises.

To this end, we introduce a novel deep learning architecture for the NWP by
combining multiple spatiotemporal data sources with an attention mechanism
and using ConvLSTM cells as building blocks to capture spatial and temporal
correlations, as shown in Figure 2.1. Our model can select relevant cells in multi-
ple spatiotemporal series to make long-term spatial predictions by preserving the
long-term dependencies with attention and context matcher mechanisms. The
encoder block consists of stacked ConvLSTM units, which encode the input se-
quence to hidden states. In the second stage, the context-matcher mechanism
matches the decoder’s hidden states by summing the encoder’s hidden states
across all time steps to carry out the long-term dependencies by increasing the
length of gradient flows. Each ConvLSTM unit in the decoder block decodes
the passed information from the hidden layers of the encoder. The output of
the decoder then passes through the output convolutions to produce predictions.

Altogether, the architecture focuses on different parts of spatiotemporal series



and successfully captures the long-term dependencies. We call the architecture
as Weather Model (WM). We demonstrate significant performance gains through
extensive experiments on two real-life datasets from the ERA5 archive and obtain
predictions for hours and days ahead. We compare our model with conventional
deep learning and physical models using the benchmark metrics and show that

our Weather Model is accurate and easy to interpret.
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Figure 2.1: At each time step, t, we first multiply all the weather features,
(X}, X! XY with the attention matrices {A},---, Al ... AL} to create
the weighted input series {X%, e ,Xé, e ,XtL}, where Xfﬁ =X Aff. The atten-
tion mechanism computes the attention weights, Aé, for each feature. The attention
weights are conditioned on previous hidden state of the encoder’s first layer, H} ;. The
weighted inputs series enter to the first ConvLSTM unit in the encoder. After the input
passes all the encoder layers, the encoder’s hidden states, {H1,--- ,H¥, --- | 1}, enter
to the context matcher, where k represents the layer index. The context matcher sums
the hidden states in the time dimension and reverses the states layer order to create
{D},,---,DF |,--- ,DE,}. Finally, the output of the decoder, DX passes to output
convolutions to create prediction Yt+1.

2.1.1 Prior Art and Comparisions

Applying deep learning methods to weather forecasting is an extensively studied
area. In [24], the authors leveraged a massive volume of weather datasets to train
an Auto-encoder with multi-layered Neural Networks (NNs) to forecast hourly

weather data. The authors of [25] improved this approach by introducing stacked
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Figure 2.2: We show the inside of a ConvLSTM cell with the input 4, cell s;, forget
ft, and output o; gates and the operations in each gate. Joining arrows represent the
concatenation of the matrices. Note the convolution operations on H;_1 and A}, and
there are two hidden states generated in each time step, H; and S;.
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Figure 2.3: We show the unrolled view of the encoder and decoder structure. Input
sequence first passes to the encoder, which encodes the input sequence to hidden states.
Then, for the first prediction, the decoder takes Y; and D; to predict YtH. Next, the
decoder uses this prediction and the former state, D;11, to predict the next output,
Yt+2. This recursive process continues until ¢ = Tyyt.

auto-encoders to temperature forecasting. They feed corrupted inputs and recon-
struct the clean data to obtain good representation. Further, [26] implemented a
simple NN to forecast rainfall using lagged climate indices from various stations
and historical rainfall data. These works showed the high performance of simple
deep learning architectures and their potential when fed with a high volume of
data. Moreover, authors of [27,28] applied Recurrent Neural Networks (RNNs)
and LSTMs to weather forecasting, and [29] focused on the vanishing gradient
problem by implementing intensified LSTM architecture for rainfall forecasting.

In [30], the authors introduced deep uncertainty quantification using RNN-based

11



architecture and obtained a single-value forecast. Recently, [31] used Tempo-
ral Convolutional Network (TCN) for multiple-output and single-output weather
predictions and showed better results than a physical NWP model, The Weather
Research and Forecasting model (WRF') [32]. However, this approach is costly,
does not comprise multiple features and spatial covariances, and provides high

performance on only multiple-inputs and single-output models.

As we introduced in the introduction, the authors of [12] introduced the ConvL-
STM and Convolutional Gated Recurrent Units (ConvGRU) with the forecasting
network, which consists of an encoder and a decoder built by stacked ConvLSTMs
or ConvGRUs. These models can capture the spatial-temporal covariances and
showed high performance in the rainfall intensity prediction by using radar echo
sequences for model training. The authors also showed that ConvLLSTM is more
accurate than the optical flow model [33] and better at capturing spatiotempo-
ral correlations than the fully-connected LSTM. Later, [14] introduced Trajec-
tory Gated Recurrent Unit (Traj-GRU) to learn location invariant movements
between input radar images and showed slightly higher performance compared
to ConvGRU. Although the ConvLSTM and TrajGRU offer high performance,
the encoder-decoder structure has the limitation of producing an output with the
same input dimension. Thus, [34] improved the encoder-decoder architecture with
the downsampling and upsampling layers between TrajGRU units and omitted
the problem of single-dimensional input with an output convolution layer. Fur-
thermore, in [35], the authors introduced the recursive decoder prediction in the
encoder-decoder architecture to enhance the long-term forecast. To further show
the learning capacity of ConvLSTMs, the authors of [36] implemented Genera-
tive Adversarial Neural Network (GAN) using ConvLSTM units to extrapolate
echos to a higher resolution by using adversarial loss. Moreover, U-Net showed
high performance on precipitation nowcasting in [23], which is comparable with
ConvLSTMs.

Attention mechanisms in the spatiotemporal domain are studied in various
tasks. For human action recognition, [37] developed temporal and spatial at-
tention mechanisms with fully connected NNs and LSTMs. Likewise, [19] im-

plemented a dual attention mechanism in time-series forecasting. The authors
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of [38] implemented a multi-level attention mechanism fusing the side informa-
tion with multiple geo-sensory time-series data to forecast air quality. For the
traffic prediction, [39] implemented an attention mechanism on the outputs of
LSTM, which takes inputs from different past periods. Although these works
successfully implement an attention mechanism, the input is single or multiple
time-series rather than 3D tensors. The authors of [22] implemented an attention
mechanism to improve ConvLLSTM further, which took 3D tensors as input. How-
ever, the performance increase is limited. Recently, [40] compared CNN following
LSTM (Conv + LSTM) with ConvLSTM in temporally unrolled architecture and
temporally concatenated architecture. They observed the loss change according
to different inputs to interpret the model decisions. Compared to Conv + LSTM,
ConvLSTM showed higher performance. However, they obtained interpretable
results only for the Conv + LSTM model, and their interpretation is on feature

and location level rather than the activations of the model.

The authors of [41] recently adopted the self-attention idea and introduced
transformers, a model that performs multiple attention mechanisms in parallel.
The transformers show high performance in translation and text summarization.
Following their work, [42] and [43] introduced pre-trained systems that one can
finetune with just one output layer to create state-of-the-art models for a wide
range of language processing tasks. The authors of [44] introduced Vision Trans-
former (ViT), which adopted the transformers to the sequence of image patches
and obtained high performance on image classification tasks. In [45], the authors
developed Swin Transformers to address domain differences between language and
vision transformers. The Swin Transformers has the flexibility to model at various
scales and has linear computational complexity. However, the vision transformers
perform per image. Thus, the authors [46] introduced Video Swin Transformers
and obtained benchmark results on the video recognition task. Even though
transformers show high performance, they require high computational power to
train and the pre-trained architectures are suitable for pixel-based models, unlike

the spatiotemporal weather data.

Finally, the authors of [1] introduced a benchmark dataset, ERA5, to predict

global weather patterns in advance. They provide baseline scores from simple
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linear regression techniques, deep learning models, and purely physical forecasting

models.

2.2 Problem Description

We represent all vectors as column vectors and denote them by bold lower case
letters, such as b, h. We represent matrices as bold upper letters, such as X € R2,
and we denote the tensors by uppercase letters with calligraphic font, such as
X, Y, W € R" wheren > 2. The time index is given as subscript and superscript
refers to other signals, for example, X! shows k! input signal’s t'® time step. In
addition, we show the entries of a matrix with lower case letters with subscript
referring to its position, for example, a; ; shows the entry of matrix A at the i*!

row and 5 column.

Our goal is to forecast the weather value of multiple locations using mul-
tiple features of historical numeric weather data. The input is the weather
features with the grid representation creating a set of spatiotemporal series.
We can show the weather values of a feature [ at a time step ¢ as a matrix,
Xp = A{afyxh 2l ey € RN where M and N define the spatial
dimensions and 7} ; , represents the cell value in the grid at the i*" row and ;' col-
umn. Following this definition, for a given time window 7', X! = {X],... X} } €
RM*NxT yepresents the spatiotemporal series for the weather feature . Similarly,
for the total number of L features, X; = {X},... XF} € RM*N*L represents all
the weather features at time step t. Altogether, we represent the set of spatiotem-
poral series as X = {X},---  XE XL ... XE} € RMXVNXTXL - Next, we define
Y, € RM*N as our endogenous variable and we represent the target series as

Y={Yy, -, Yr} € RM*N*T The target series is one of the series in the set of

spatiotemporal series, i.e. Y € X.

Here, our goal is to predict the next sequence of the target series given the

previous input series. Mathematically, our objective is to learn the following
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mapping:
{X1,... ,X%} LION {Yr, 41, Y. 1

where T}, < T and T, < T are the input and output sequence lengths, respec-
tively. In numerical weather prediction the target value Yy is continuous. Thus,
our task is regression. Since we have targets to every input data, learning is

supervised and we suffer mean squared error:

Tout M N

L 2 m Z Z Z(yi,j,t - ?Qi,j,t)Q (2.1)

t=1 i=1 j=1

where @; j, represents the predicted cell value and y; ;; is the ground truth. We
minimize the equation 2.1, the loss function, with Adam optimizer [47] using

batches of the training data.

2.3 The Weather Model

In this section, we describe the developed model architecture by referring to every

step and formulation shown in Figure 2.1.

2.3.1 Insights into Convolutional LSTMs

One of the critical temporal models in deep learning is the RNN [48]. An RNN
stores the temporal information of the input sequence within the hidden state
vectors, i.e., its memory. The ability to carry information through time in their
memory makes the RNNs successful in the time series forecasting tasks. An
RNN consists of a input sequence x = {xy,---,Xr}, x; € Rl a hidden state
h € R and an output y € RFeut where T, Lin, Lnid, Lout refer to sequence

length, the input, hidden, and output dimensions, respectively. At each time
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step t, the hidden state is updated by,

h;, = f(ht—laxt)u

where f represents the RNN update equations, which are:

h; = fL,(Wpx; + Uphy—1 + bp),
yr = fy<Wyht + by)v

where W, € Rlnidxlowt W, € RlwxInd b, and b, represent training weights
of the network, where Ly;q, Loy are the hidden and output dimensions. The
functions, f; and f, are the non-linear activation functions, such as tanh or

sigmoid.

However, the RNNs have only one hidden vector, h;, to store the temporal
information. Thus, they have difficulty of capturing long term dependencies [13].
Moreover, RNNs suffer from vanishing gradients problem [19]. To remedy the
problems of RNNs, the authors of [13] introduce LSTMs, which contain two
hidden vectors and an additional memory vector to store the information. The
LSTMs are more successful in modeling the long-term dependencies compared to
RNNs.

Furthermore, the ConvLSTM improves the setup of the LSTMs by introduc-
ing the convolution operations to the input and the hidden state transitions and
replacing its vectors with matrices. This architecture can take multiple time se-
ries as inputs to produce outputs for each series simultaneously. The convolution
operations allow the ConvLSTM to capture the spatial correlations. Each Con-
vLSTM unit has inputs X, = {X},--- , XIn} € RM*NxLin  cell outputs S; =
{S},.-.,Sima} ¢ RM*xNxLnia hidden states H, = {H},--- , H} € RM*NxLua
and gates 4, f;, o, in 3D tensor format, where Li,, Low, and Lyq specify the
input, output, and hidden dimension numbers, respectively. Here we show the
gates in lowercase to be consistent with the original equations shown in [12]. &}

and H; are the results of 2D convolutions in the input gates shown in Figure 2.2.
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The update equations of the gates in ConvLSTM are as follows:

bp = 0Wai x Xy + Whi x Hy 1 + W ©Si-1 + by),
Je=0Wap* Xy + Wiy x Hi1 + Wiy © Si1 + by),

St = fi ©Si—1 + iy © tanh(Wys % Xy + Wi * Hy—1 + by),
0t = O(Wao % Xy + Who x Hi—1 + Wy © S + by),

H: = o © tanh(S;),

where x and © are the convolution and element-wise multiplication operators
respectively. W, € RIXIxLinxLuia W, ¢ RIX/<LouxIna W) ¢ RIXJ*LniaxLnia
and b;, b, b, € RIid are the parameters to learn and I, J are the height and
width of the filters respectively. The states in the ConvLSTM are the hidden
representation of moving objects, where the filters of ConvLSTM capture any
movement pattern [12]. We observe the movement patterns in the weather fea-
tures as well, e.g. temperature, wind, humidity due to the generic atmospheric
circulation. ConvLSTM learns the flow movement of atmosphere and passes this
information to the next states. As shown in Figure 2.1, we use stacked ConvL-

STM units to deepen the model’s learning capacity.

2.3.2 Encoder and Attention Mechanism

The authors of [49,50] introduced the encoder-decoder structure using RNNs
as building blocks and showed high performance in the language translation
task, where the model learns the meaningful representations of linguistic phrases.
Apart from its learning capability, the essential advantage of the encoder-decoder
structure is that the length of the input and output sequence may differ, making
it suitable for translation and time-series forecasting tasks. The model aims to
encode the input sequence to a latent representation and decode it into the target
sequence. An encoder with multiple layers of RNNs encodes the input sequence
into a context vector by referring to the previous hidden state. For example, an

input sequence with the length of T,, {x1, -+ ,xp } enters the model, and the
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encoder block summarizes the input sequence into a fixed-length context vector:

h, = fenc(xtuht—l)a

CIhTin?

where h; is the hidden state of the encoder at time step . The last hidden state,
hy, , is selected as the context vector, ¢ [51]. The fe, represents a non-linear
function such as RNN, LSTM, or GRU [52]. Further, the decoder produces the
target sequence with the length of Tou, {y1, -+, ¥} using the context vector

and the previous steps of the target sequence as follows:

dl == fdec(yla C); (22)
d; = fdec(Ytadt—l)> (2-3)

where d; is the first output of the decoder and d; represents the subsequent out-
puts of the decoder. The output sequence can directly be the decoder states or
further operations can be performed such as softmax. Note that in the architec-
ture, there are two different non-linear functions representing the encoder and

decoder learning units.

Following this architecture, we use the encoder-decoder structure to model the
spatiotemporal sequences, as shown in Figure 2.1. For the L number of spa-
tiotemporal input sequences X, = {X%, e ,Xf } the encoder learns the following
mapping:

Hi, Si = f(X, M1, Sin), (2.4)

where H;,S; € RM*NxLnia are the hidden states of the encoder at time ¢ and
X, is the output of the attention mechanism. Note that, we do not show the
S; in Figure2.1 and in Figure2.3 for the encoder and the decoder. H,; and Dy
represent both hidden states of the encoder and the decoder. The f in equation
2.4 represents the stacked ConvLSTM units of the encoder. Note that the en-
coder recursively performs the mapping using the output states of the previous
time step. We show the unrolled view of the encoder in Figure 2.3 by showing

operations on each time step. In each layer, ConvLSTM units encode the input
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spatiotemporal series by referring to the hidden state on the previous time step.
As shown in Figure 2.1, after the input layer, the subsequent layers take the pre-
vious layer’s outputs as input to their ConvLSTM unit. Each layer has unique
hidden states HF,SF where k represents the layer index. After every sample of
the input sequence passed the encoder layers i.e. ¢ > Ti,, the hidden states in
every layer, H¥ SF pass to the context matcher mechanism, and the encoding

operation finishes.

We adapt the attention mechanism in [19] and [22] to the spatiotemporal
domain. This mechanism aims to extract relevant spatiotemporal series at each
time step by referring to the previous encoder’s hidden state. As shown in Figure
2.1, for each time step ¢, the attention mechanism takes the input features of the
spatiotemporal time series X; = {X}! --- X! ... XI} and the encoder’s first
layer of the previous hidden state H; ; to calculate the attention weights for each

feature [ as follows:
E! =V« tanhWg * H;_, + U * X! + bg), (2.5)

where Wy € R xIniaxLaw 14 ¢ RIXI*LinxLaw ) @ RIXIxLanxl and by € Rlbaw
are the parameters to learn, L,y specify the attention dimension size, and
I, J are the height and width of the filters. Note that, the output dimen-
sion of the equation 2.5 is M x N x 1 and E} = {e},,, - e}, ;, € yn}
is called the energy matrix for the feature [ at time step t. We perform soft-
max operation on energy matrices of each feature to obtain the attention matrix
Al ={aj - ,a},; ;- aly n} We show the softmax operation at each entry

of the attention matrix as follows:

- eXp(efS,i,j)
Y eplel, )

Then, we obtain the weighted input spatiotemporal series by taking Hadamard

product of each feature matrix with corresponding attention matrix:
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where AL, X! € RM*N Each cell in the Al represents the attention amount given
to each of that particular cell’s features. With the attention mechanism, the
encoder can selectively focus on the different spatiotemporal series at each time
step by referring to the previous encoder’s hidden state. Moreover, we used the
convolutional operations in the mechanism because the fully-connected methods
require taking 2D inputs. If we flattened the input tensor, we would have lost

the spatial covariances, which would be much more costly than the convolutions.

2.3.3 Decoder and Context Matcher Mechanism

The purpose of the decoder is to decode the encoded information inside the con-
text vector. As shown in Figure 2.1, the decoder consists of stacked ConvLSTM
units same as the encoder. To prevent performance loss on long length inputs,
we introduce a context matcher mechanism. This mechanism sums the hidden
states, HY +- - - +HE of the encoder’s layers. This way, we can increase the length
of gradient flow up to the first time step. As observed in [14,15], the reversed
matching of the hidden states of the encoder’s layers increased the performance.
As shown in Figure 2.1, we used that symmetry in our architecture, and we set
the number of layers in the encoder and the decoder the same. The encoder’s
hidden state dimensions decrease as the number of layers increases, naturally

vice-versa for the decoder. We can describe context matcher mechanism as

t
th(—k—l-lz Z Hf

i=t—Ti,

where D F+1 ¢ RM*NxLuia i the decoder hidden state, K is the total number of
layers, and k € {1,--- K'}. As shown in Figure 2.1, the context matcher sums the
hidden states in the time dimension and reverses the order of the states. Next,
these states, D} | pass to the decoder’s corresponding layers, and the input,
Y, passes the first layer of the decoder, as shown in Figure2.1. The first layer
produces the next hidden state and the input, Dtlﬂ, to the next layer. The
decoder’s final layer produces the inputs to the output convolutions, Dfil, as

shown in Figure 2.1. The output convolutions produce the prediction, Ytﬂ, for
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the time step ¢ + 1, and allow us to use higher dimensions in the first layer of the
encoder. With this layer, we can produce predictions with the desired number of

dimensions.

We show the recursive prediction of the decoder in Figure 2.3. The decoder
uses the predictions produced in the previous time step. Thus, we can make any
sequence length of predictions with this set-up. We observed that this architecture

prevents overfit and increases generalization.

2.3.4 Evaluation Metrics

In our evaluation, we use the metrics of the benchmark models in [1]. Following
their application, we also weight our evaluation metrics with a latitude weighting
factor. Since the distance between longitudes decreases as we move towards the
poles, the area of each cell in the grid is not equal. The cells that are close to the
poles have less area than the cells that are close to Ecuador. Thus, we weight our

metrics according to the cell sizes. For the ;' latitude, the weighting factor is:

' COS(l(lt<j))
1(j) = ’
() L 3°¥ cos(lat(5))

where N represents the number of latitudes and lat(j) represents the j*® latitude.
Our primary metric is the root mean square error (RMSE) since it reflects our
loss function, equation 2.1, and minimizes the effect of outliers. We define the
latitude weighted RMSE as follows:

Tout

M N
1 1 o
RMSE = T Zt: TN Z ZJ: UG (Gije — Yij)? (2.6)

where T, represents the output sequence length. We use latitude weighted mean
absolute error (MAE) as our second evaluation metric, where we take the absolute
value of the error instead of taking the square in equation 2.1, and perform the

weighting in the same way shown in equation 2.6. We choose the latitude weighted
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anomaly correlation coefficient (ACC) as our final metric, which is defined as:

Zi,j,t l(j>y;,j,tg;,j,t

ACC =
Vi Wy o 1) Gy

, (2.7)

where the prime ' denotes the difference to the climatology, y;m = Yijt — Yij

where ; ; represents the climatology and is defined as:

3 1
Yij = E Et: Yijt

The ACC metric takes values between +1 and -1, where positive values show that

the forecast anomalies have represented the observed anomalies successfully.

2.3.5 The Prediction Methods

As shown in Section 2, we aim to forecast multiple time steps ahead of the
endogenous series. For example, if the temporal resolution is hourly and we want
to forecast for the three-day interval, we need to predict for 72 steps. We can
obtain these predictions in three methods. The first method is sequential, where
we set the output length, T, = 72 in our model, then the decoder produces the
output for each time step t > Tj,. The second method is called iterative, where
we set the output length T4, = 6, then use the predictions as input for the next
6 hours, and repeat this process for 12 iterations. However, if the model uses
four exogenous series as input, it needs to predict the four series at each iteration
because we assume that we also do not know the future values of the exogenous
series. The third method is direct, where we directly perform forecasts for the n'®
time step. For example, if we want to predict only the 24 step of the endogenous
series, we set the temporal resolution to 24 hours and predict for one step, i.e.,
Tow = 1. Note that we can also predict the 72"¢ step sequentially by setting the
output length T, = 3. We use all the prediction methods of the weather model
and compare their performance on two different datasets. In the next section, we

show our datasets and the results.
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2.4 Experiments

We perform two sets of experiments using two different ERA5 reanalysis datasets.
In the first set-up, we asses our model on a high spatial resolution dataset covering
Turkey by comparing it with the state-of-the-art baseline models. In the second
set-up, we compare our model performance with the baseline and a physical model
on a benchmark dataset called WeatherBench [1].

2.4.1 Data Description
2.4.1.1 The Weather Dataset

Our first dataset is FRAS hourly data on pressure levels [53], where the temporal
resolution of the data is 3 hours, the spatial resolution is 30 kilometers, and the
data belongs to the 100 hPa atm pressure level. The grid dimensions of the data
are (61 x 121). Our data belongs to dates between 2000 and 2001 and the spatial
range is 30° - 45° in latitude and 20° - 50° longitude covering the Mediterranean
and Black Sea Coasts of Turkey. We show the weather features of this dataset in
Table 2.1. Among these features, we select the temperature as our endogenous
and the others as exogenous series. Thus, our task is to find the next temperature
values using the previous values of the weather features. We split the dataset into

train, validation, and test sets, with 0.8, 0.1, and 0.1 ratios

2.4.1.2 The Benchmark Dataset

Our second dataset is WeatherBench, where the dataset details are in [1]. The
grid size of the data is (32 x 64), and the temporal resolution is hourly. In the
paper [1], the authors used 850 hPa temperature as their endogenous series and
obtained direct and iterative forecasts for 3-5 days of lead time. The authors
selected their test data from the years 2017 and 2018. Thus, our test data has

the same interval. For the training and validation, we use the data between 2015
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Long Name Short Description Unit
Name

geopotential Z The gravitational potential | m?s—?2
energy of a unit mass

potential vorticity | pv The measure of the capacity | Km?kg='s™!
for air to rotate in the atmo-
sphere

relative humidity | r The water vapour pressure as | %
a percentage of the value at
which the air becomes satu-
rated

specific humidity | t The mass of water vapour per | kg kg™!
kilogram of moist air

temperature t Temperature K

u-wind u The eastward component of | ms™!
the wind

v-wind v The northward component of | ms™?
the wind

vertical velocity w The speed of air motion in | Pas™!

the upward or downward di-
rection

Table 2.1: The description and corresponding units of the features in ERA5

dataset.

and the end of 2016. Following their approach, we use a total of 19 features.

2.4.2 The Baseline Models

1

We select five deep learning models to compare weather model performance.

e ConvLSTM:We follow the forecasting network proposed in [12], which has

the encoder-decoder structure. This model is our control experiment. We

aim to compare the performance increase we obtained in the weather model

by implementing attention, context matcher, and output convolutions to

this architecture. The encoder consists of three layers of ConvLSTM units.

1,16, 32 and 32,16, 1 are the number of hidden dimensions in the encoder

You can find

all of our

codes to perform analysis and

github.com /sftekin/spatio-temporal-weather-forecasting
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and the decoder layers, respectively. We set the hidden states to zero at
the beginning of each epoch, and the decoder takes zero tensors as input.
U-net: After the success in weather forecasting, we implement the model
architecture introduced in [54]. The model takes a sequence of spatiotem-
poral temperature series and predicts an output sequence. The architecture
consists of 4 downsample and 4 upsample layers.

TrajGRU: The TrajGRUs show slightly higher performances than ConvL-
STMs in [14]. Thus, we want to compare this model architecture with the
ConvLSTMs and Weather Model. The encoder-decoder structure is the
same as baseline ConvLSTM, and we set the number of links to 1.

LSTM: We also want to show the performance increase by ConvLSTMs
instead fully connected LSTMs. We flatten the grid each time step to create
(T, M N) input matrices to feed the LSTMs. We set the hidden dimension
to 256. After the LSTM produces (T, 256) output matrices, we pass them
to a Fully Connected Neural Network with (256, MN) matrix size. After
reshaping the outputs to the grid size, we produce our spatiotemporal series.
Simple Moving Average (SMA): We want to compare our model with a
simple but effective model called Simple Moving Average (SMA). In this
model, we predict the value of the series at time ¢ by taking the weighted
average of spatiotemporal input series values with 7" window length [55].
The averaging can be performed with equal weights, or we can give a higher
value to the recent values of the series, such as ¢t — 1, ...t — 7. Much better,
we implement an FC Neural Network to find the weights. At each epoch,
we initialize the weights with a uniform random variable where the range
is [0, 1].

2.4.3 Hyper Parameter Selection

There are numerous parameters to set in the baseline models. To select the best

performing parameters we implement grid search. We split the datasets into train,

validation, and test sets. We train our model on the train set and validate it on

the validation set to find the best collection of parameters. After we find the best
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Figure 2.4: Partial autocorrelation function of temperature value for a randomly se-
lected cell. Blue region shows the 95% confidence level and each lag represents three
hours difference.

parameters, we train the model on the train and validation sets combined. Lastly,

we test our model on the test data to determine its performance for comparison.

We use the Adam optimizer with 0 weight decay in each experiment and select
the best performing learning rate from the {0.01,0.001, 0.0005,0.00001}. We set
the layer size equal for each baseline model and choose the best performing hidden
dimension size from the {16, 32,64}.

We perform autocorrelation (ACF) and partial auto-correlation analysis
(PACF) on temperature values of a randomly selected cells, as shown in Fig-
ure 2.4 and in Figure 2.4. We observe high correlation until lag 20 with the ACF.
With the PACF we find the direct relationship between observation and its lagged
values by removing correlations due to the terms at shorter lags [56]. We observe
high correlation in first two lags and meaningful correlations until lag 10. To this
end, we have select 10 time steps of input data with 3 hours of frequency and try

to predict 10 time step ahead.

In addition, input series have different units and scales, which requires nor-
malization. However, the dataset is massive, and we need high RAM capacity to
normalize such a dataset. Thus, we apply min-max normalization to the batches

in an adaptive manner.
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Figure 2.5: Autocorrelation function of temperature value for a randomly selected
cell. Blue region shows the 95% confidence level and each lag represents three hours
difference.

2.4.4 Performance Analysis and Results

In the first set-up of experiments, we evaluate the performance of our model
on the high-resolution dataset by comparing it with the baseline deep learning
models. All the models produce the predictions using the sequential method,
where the output sequence length is 5. We show numerical and visual results to

assess the performances better.

We show the numerical results of the experiment in Table 2.2. We perform a
two-tailed t-test with a p-value of 0.05 comparing ConvLSTM results with the
Weather Model and found that the Weather Model significantly performs better
in all metrics. Furthermore, the weather model outperforms all the baseline deep
learning models, including TrajGRU and U-Net. When we compare the baseline
methods, we observe that TrajGRU show close performance to ConvLSTM. Thus,
this leads us to a further study where we replace the ConvLSTM units with
the TrajGRU. Furthermore, we observe that the models including convolution
operations, e.g., U-Net, ConvLSTM, and TrajGRU outperform fully connected
models, e.g., LSTM and SMA. Thus, we say that the convolution operations are

essential while modeling the weather movements.

To visually analyze the spatial and temporal performance, we show the pre-

dicted sequence and ground truth in Figure 2.6a. Observing the changes between
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(c) Attention weights to input sequences at each time step

Figure 2.6: We show the Weather Model result with the output sequence (a), input
sequence (b), and the attention weights (c) at each time step. In each step, the model
pays attention to the cells on each feature that it finds significant to pass the next
hidden state by referring to the input, which is the temperature value in the previous
step. Observe that the model pays attention to the moving parts in each feature, e.g.,
potential vorticity and geopotential. When we compare the predicted and ground truth
series in (a), we observe that the model is successful in the first step. After the first
step, the model can forecast only the stationary parts, such as the regions that stay
cold or hot.



Model Name || RMSE MAE  MAPE
Weather Model || 1.22115  0.88872  0.00394
U-net 1.33032  0.97636  0.00434
Convlstm 1.59211  1.18715  0.00527
TrajGRU 1.60205  1.21569  0.00540
SMA 1.90273  1.49958  0.00666
LSTM 1.99607  1.62078  0.0072

Table 2.2: We show model’s test scores on the high resolution dataset.
scores are the best.

Bold

Model Name |RMSE MAE  ACC
Convlstm (sequential) 4.43542  3.46913  0.63598
TrajGRU (sequential) 3.5988 2.78978  0.75716
U-net (sequential) 3.05466 2.07594 0.82028
WM (sequential) 3.97452  3.25712  0.6909
Convlstm (iterative) 3.16472  2.22504  0.80173
TrajGRU (iterative) 3.89876  3.1951 0.73826
U-net (iterative) 4.13038  3.26531  0.68035
CNN (iterative) 4.48 3.49 0.72
WM (iterative) 2.91701 2.08413 0.83786
WM (direct) 3.07334  2.2027 0.82357
CNN (direct) 2.87 2.02 0.85
IFS T42 3.09 1.99 0.86

IFS T63 1.85 1.30 0.94
Operational IFS 1.36 0.93 0.97

Table 2.3: We show model’s scores on the WeatherBench dataset. Bold scores are
the best. The IFS models are the physical models and with CNN models their
scores are taken from [1].

the prediction steps, the model successfully generates the temperature fluctua-
tions up to three steps. However, the performance of the model deteriorates as
the prediction interval length increases. With the help of attention weights shown
in Figure 2.6¢c and the input series shown in Figure 2.6b, we show that the model
attends to the movements in the input features and produces the next hidden

state by referring to the temperature at the previous step.

In the second set-up of experiments, we evaluate the performance of our model
on the WeatherBench dataset by comparing it with the physical and baseline

models with the benchmark metrics. Additionally, we compare our results with
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Figure 2.7: Evaluation metrics comparison for baseline models for 72 hours of forecasts.
We show the best performing method for each model. We also show the direct Weather
Model for the 3 days of forecast.

the CNN model shown in WeatherBench. We obtain two different results for each
baseline model, one for the sequential and the other for the iterative method. In
both methods, our goal is to forecast 72 hours. Thus, we set the output sequence
length to 72 and 6 in sequential and iterative methods, respectively. We show the
results of this experiment set-up in Table 2.3. Despite the U-net model obtaining
the best scores in the sequential method, the Weather Model trained iteratively
obtains the best scores among all deep learning models. We show the hourly
performance of the models in Figure 2.7. As shown in Fig 2.7, we say that the
growth is logarithmic in RMSE, MAE, and linear in ACC metrics. On the other
hand, the error growth of the CNN model in [1] is exponential. Thus, we claim

that WM solves the exponential error growth problem.

We also perform a direct forecast with the weather model and compare its
performance with CNN direct model. We set the temporal resolution to 24 hours
and output sequence length to 3. The CNN model performs better than the
Weather Model in the direct method. To further increase the performance of the
direct WM, we set the temporal resolution to 72 hours and predicted one step.

However, this performed worse than the previous method. After we observe the
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input sequence in both direct set-ups, we conclude that the spatial movements
are lost with the significant temporal gaps. Thus, we say that our model heavily

depends on the spatial movements in the data.

Even though WM performs better than IFS T42 in the RMSE metric, the
physical models significantly outperform the deep learning models. The reason
is that the physical models can simulate the atmosphere better for the long fore-
casts, while the WM shows high performance only in shorter periods, and its

performance deteriorates in the long forecasts.
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Chapter 3

Crime Prediction with Graph
Neural Networks and
Multivariate Normal

Distributions

3.1 Introduction

Crimes are unlawful acts endangering public safety, leading to colossal life and
economic losses if governments do not take the necessary precautions. Under-
standing the latent patterns of crimes in a geographical region of a city is highly
important for preventing upcoming crimes events. With accurate and reliable

crime prediction, the police force can be at the right place at the right time.

However, the problem of crime prediction is a highly complex and challenging
task since it contains spatial, temporal, and categorical complexities with inherent
interrelations [57-61]. In general, prior works on crime prediction can be classified
in two main categories. The prior works in the first category [62-65] divide city

area into a grid, where each cell contains the crime information for each crime
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category that happened in the past. The works in the second category [18,66,67],
divide the city area into unordered regions and create a graph structure that cap-
tures the correlations among the regions with corresponding edge weights and
node features. However, the regions in both of these approaches correspond to
extremely wide sections of the cities. To the best of our knowledge, the minimum
size of a region in grid-based methods has 4km? area. For the graph-based ap-
proaches, the regions correspond to the districts of a city and the range of sizes
changes from 2km? to 35km?. Thus, assigning a probability value to such a broad
area is not expedient and decreases the feasibility in real-life situations. Note that
one can increase the number of regions to enhance the detailing. However, this
leads to severe problems in both of these two approaches. For the grid-based
approach, as the grid size increases, the complexity and sparsity exponentially
grow. On the other hand, it is difficult to define a rule to add new regions to the
graph in graph-based methods.

We introduce a probabilistic graph-based model called High-Resolution Crime
Forecaster (HRCF) that performs grid-based crime prediction to remedy these
problems. We learn a multivariate probability distribution instead of assigning
one probability value to each node in a graph and model the underlying dynamics
of each region with the objective of minimizing the cross entropy. We build
our graph on spatiotemporal data using a divide-and-conquer algorithm to up
weight the minority class. The architecture contains graph convolutional neural
networks as memory units, which capture the spatial and temporal correlations.
In each time step, the model predicts Multivariate Gaussian distributions for
all the regions conditioned on the previous observations, allowing us to generate
predictions for any resolutions. We demonstrate significant performance gains in
real-life data through an extensive set of experiments compared to the state-of-
the-art methods and show that our model is not only generative but also more

precise.
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3.1.1 Prior Art and Comparisons

Deep learning structures are extensively used in the signal processing literature
to model crowd movements and provide high performance. For example, in [62],
authors implemented deep learning based prediction model for spatiotemporal
data (DeepST), where they model the crowd flow with the grid-based forecasting
system. The authors of [64] adapted their work to predict crime distribution
over the Los Angeles dataset and achieved high scores but with a very high
computational cost. The authors of [65] designed multi-model units capturing
spatial, temporal, and semantic information and producing predictions for each
crime type for a 11km x 11km grid size but the model performance decreases as the
spatial resolution increases. Due to the high sparsity and complexity of grid-based
approaches, graphical models are recently used [68,69] to remedy these problems.
In crime prediction, [18] formed the graph structure by using independent Hawkes
processes in each node and obtained edge weights and performed predictions for
50 regions in the Chicago crime dataset. Another study [66] implemented Gated
Recurrent Network with Diffusion Convolution modules following a Multi-Layer
Perceptron (MLP). Recently, [67] introduced a homophily-aware constraint on
the loss function so that neighboring region nodes share similar crime patterns.
Nevertheless, these works are not generative and work on the districts, which

causes the complexity and sparsity problems.

3.2 Problem Definition

Let A = [laty,laty] and B = [lony,lonsy| define the bounds of the city region
that we divide into I x J disjointed cells, which creates the set of cells M =
{mi1,...,mij,....,ms}. The cells contain the longitude, a, and latitude, b,
information, which is given by m;; = (a;,b;), and a; € A and b; € B. For a
given time window 7', we also split 7" into non-overlapping and consequent time
slots T' = {t1,...,tx}. In addition, L = {¢y,...,c} represents the categories of

crimes. Following these definitions of sets, we define appearance of a crime, z,
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with category ¢; that belongs to m;; at time step #; as #};, € {0,1}. Next, we
define an event matrix that shows all the events with category ¢; happened at
ti in all cells as X} = {a} ... ahy ,aho, .. 2h  } € RPY. We also define
an event matrix representing any crime event regardless of the crime type that

happened in all the cells at time t;, as X;, € R’*7 by dropping the [ superscript.

Here, our primary goal is to predict the next event matrix representing any
crime event given the previous event matrices with different categories. Thus, our
goal is to learn the following mapping, {X1,..., X%} 10, {Xx41}. Even though
we produce grid-based predictions, we use a graph-based approach to model the
inter-relations in the data, as shown in Section 3. Furthermore, our model is
generic so that we can generate predictions even for high resolutions without
retraining our model, i.e., Xk can be R"*/ where I’ > I and J’ > J so that we

mitigate sparsity issues.

3.3 Methodology

3.3.1 Subdivision Algorithm and Graph Representation

To observe the distribution of events in a region, we sum all the event matrices
in a period with length T to create the Q matrix, Q = Z;{:l X}. An example Q
matrix is shown in the left side of Figure 3.1. Observe that the number of cells
that contain no events is the majority, i.e., 60.42% of the cells have zero event
count. Our goal is to remedy this sparsity problem by introducing new regions
that have equal or close event counts. As shown in Algorithm 1, our subdivision
algorithm partitions the set M into N disjoint sets with the divide-and-conquer
approach to create the region set R = {ry,...,rn}, where each region contains
arbitrary number of cells and M = U;r; and N;r; = (). By this algorithm, all the
resulting regions contain a total event count less than a threshold value, 7. Our
base condition is to have a region larger than 2km x 2km or a total event count

less than the threshold value. With this algorithm we drop the percentage of the
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regions that have zero event count to 5.97%.

Algorithm 1 Algorithm for Subdivision

procedure DIVIDEREGIONS(Q, 7, 7, ¢)

Q* «— Q[r[0] : x[1],¢[0] : c[1]] > Select the sub-region
if sum(Q*) < 7 OR Q*.shape < (2,2) then

return [[r, ¢|] > base case
else

I « SplitRegions(Q*, r, ¢) > divide 4

R[]

for r,celdo
Ry ew < DivideRegions(Q*, 7,7, c)
R.append(Rpew)
end for
return R
end if
end procedure

After the subdivision process, we build our graph with the nodes representing
the centers of each region and the edges representing the distance between the
neighboring nodes. We form the region graph as G = (V, £, A), where V repre-
sents the set of nodes with | V |= N where N is the number of regions and £ is
the set of undirected edges between region nodes, A is the weight matrix. Let
v; € V denotes a node and ¢;; = (v;,v;) € £ denotes an edge. The weight matrix
A has dimension N x N with A;; = (v; —v;)?ifg; €& and A;; =01if ¢, € E.

We define the input event in the graph with category [ belonging r; at time
step ti as sz € {0,1}. Hence, z, = {zik, s zﬁ\,k} € RY represents events with
type [ happened in all the regions in this graph at time step t,. Thus, the subdi-
vision algorithm provides the following mapping {X¢, ..., X%k} SiON {z},... 2k}
Furthermore, we define the graph function, g(.), which takes the output vectors
of the subdivision algorithm and produces the state vectors, h;; € R% for each
graph node, where d}, is the hidden dimension. We formulate the graph function
as: {zl,...,z% G} LON {hi k41, ..., hy ki1 } where we generate the state vectors
for the next time step for all the nodes. The details of this function is given in
Section 3.3.
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H T /

Figure 3.1: We show the phases of creating our graph. First, we create a grid by
dividing the region into I x J cells, where each cell contains the total event count.
Second, with the sampling algorithm that favors the crowded regions, we obtain graph
regions. Third, we create the graph with nodes representing the centers of each region
and edges representing the distances between nodes.

3.3.2 The Likelihood Model

Let ) model the random variable with the realization of y;; = {y1,v2} € R?
where y; and y, represent the longitude and latitude of any crime happening
in r; at time step t;. Let p(y;x) be the probability density function governing
this random variable. Our goal is to learn the conditional probability function
p(yix | z1, ...,z ). We model this probability density function with a likelihood
model, {(y;x;0(h;;)), and parametrize it by the 6(.) function. This underlying
model is chosen as a Multivariate Gaussian Distribution (MGD) since MGD can
readily model even complex functions while avoiding overfitting [70]. Here, 6(.)

corresponds to the mean vector and covariance matrix, § = (u, X), where u =

] 3 -

overfitting.

2
v
01 . Note that cross terms are selected 0 to alleviate

)

In training, we could directly maximize the log-likelihood (MLE) where
we put the locations of each crime event into the likelihood model, £ =
SV log(I(yix; (hix))), and sum all the log-likelihoods in each region. How-

ever, the MLE loss does not directly suffer from negative predictions, which, as
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Figure 3.2: We show HRCF architecture. In each time slot t;, we extract features with
the Graph-ConvGRU operations. We pass these features to two different MLP heads,
w and X. Each head produces the u; and 3; parameters of distribution in each node.

we observe in our experiments, causes the model to get stuck on the local min-
ima. Therefore, we minimize the Kullback-Leibler divergence [71], between the
actual distribution and the likelihood model, which is equivalent to minimizing
the cross-entropy £ = — S | > yeys, P (y; 0(hik)), where I* = log(I(.)), but
the term p(y) is still unknown and note that y contains continuous values. Recall
that we quantize each region with the grid-based approach where each cell takes
1 if a crime happened, 0 otherwise. Hence, we can rewrite our loss as binary-cross
entropy:
TRt )

L=—7 ;y; gil* + (1 — g;) log(1 — 1), (3.1)

where ¢(.) maps the longitude and latitude to the crime event value:

1, if anevent isobserved at (y1,v2),
q(y1,y2) = (3:2)

0, otherwise.

The parameters of the model is optimized by minimizing (3.1) with the Adam

optimizer using batches of training data.
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3.3.3 High Resolution Crime Forecaster (HRCF)

A crime event correlates with abnormal events in nearby locations and an after-
effect of a crime can trigger another crime in nearby areas. We use graph con-
volution to learn such relations due to its success in modelling spatialtemporal
series [69]. The graph convolution is similar to the traditional 2D convolution.
An image pixel is similar to a node in a graph, where the size of a filter in 2D
convolution determines the number of neighbors. The 2D convolution takes the
weighted average of pixel values of the central node along with its neighbors.
Similarly, graph convolution takes the weighted average of the central node along
with its unordered and variable in size neighbors. Hence, each node uses the in-
formation coming from its neighbors. Therefore, we use convolution operations to
propagate crime information at each node to the other nearby nodes. We assume
that structurally similar nodes will show close behavior. Since graph convolu-
tional networks allow parameter sharing across the nodes in the graph, we can
capture the spatial dependencies for different patterns observed in other locations.
To capture the temporal relations, we use graph convolutions with deep mem-
ory units [72]. Graph Convolutional Gated Recurrent Unit (Graph-ConvGRU)
generalizes the Convolutional Gated Recurrent Unit (ConvGRU) model [73] to
graphs by replacing the Euclidian 2D convolution * by the graph convolution xg:
i=0(W,; gz + Wy, xg hy_1),
r=0(W,, xg 2 + Wy, g hy_1),

h = tanh(th *g +Whh *g (I' ® hk—l))7
h, =i®h,_+(1—i) Oh,

where W, € REXdnxdn and W, € RE*dnxds are the parameters that we learn.
The hidden dimension, dj, the input dimension, d,, and K determine the number
of parameters, which is independent of the number of nodes N. The gates i, r,

and h enable resetting and updating the stored information.

As show in Figure 3.2, we stack Graph-ConvGRU units and use as an encoder
to encode the input sequence. At each time slot ¢, each unit takes the previous

hidden state, hy_; and input node feature, z;, to produce the next state hy. Note
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that we apply these operations for every node on the graph. Thus, in each time
step, tx, we feed the Graph-ConvGRU unit at each layer with N different node
features, z;;, where the subscript 7 denotes the node index. Similarly, at each
time step, ¢, Graph-ConvGRU unit outputs the hidden state, h; ;, for each node.
As given in the Section 2, z;; € R” are the event vectors and h;; € R% are the
state vectors that parametrize the likelihood model, I(y; x; 6(h;x)). Each Graph-
ConvGRU output, h;;, passes to the MLP heads as shown in Figure 3.2. Each
MLP head is responsible for generating Multivariate Gaussian parameters for
each node, 1y = o(W,hy 4, +0,), ..., uxn = 0c(W,hx 4+ 0,) and vi = o(W,hy  +
by), .., v = o(W,hny + by), where W, € R%"*2 W, € R%*2 and b_are the
weights we learn, o(.) is the sigmoid activation, and p; = |1, fi2], Vi = [vi1, vi2]
are the parameter vectors. Since the multivariate distribution is uncorrelated, we
write the likelihood model as follows:
exp(%l((z’”;i“y + (y2;52)2))

27T(?}1U2)%

l(yl,y2 | 2 2) =

Y

which allows us to generate likelihoods for any location under the distribution,

as we show in the right side of Figure 3.2.

3.4 Experiments

This section compares our model performance with the baseline models on a real
life and a synthetic datasets. We first describe the datasets then the models, and

finally, discuss the results.

3.4.1 Data Description
3.4.1.1 Synthetic Dataset

First, we form an AR(1) process to produce correlated event counts in each time

step. Second, we create multiple Multivariate Gaussian distributions belonging
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to 4 different categories, and each category has 10 different distributions. We
randomly select the distributions centers between [0.2,0.8] and set the distribu-
tion variance values from 0.02,0.01,0.005,0.003. We sample the crime events,
where the AR(1) process determines the total number of samples in each time
step. Third, to create self and cross relations, we form 4 different temporal and
categorical patterns and assign them to each distribution. At even time steps,
distributions in the first category can generate events. Likewise, the distributions
in the second category can generate at odd time steps. At time steps divisible by
4, the distributions in the third category can generate events, and the fourth cat-
egory is the opposite of the third. Moreover, after the 10 time steps, we switch
the behaviors of the categories, where the first category behaves like the sec-
ond and vice-versa. Hence, our data has both temporal, spatial, and categorical

interrelationships. An example data is shown in Figure 3.3a.

3.4.1.2 The Chicago Crime Dataset

We collect the Chicago crime data between 2015 and 2019 [74]. The working
area has a longitude range of [41.60,42.05] and a latitude range of [-87.9, —87.5],
creating a rectangle with height 50km and width 33km. The rectangle is non-
Euclidean due to the shape of the Earth, yet, we assume an Euclidean rectangle.
We partition the region into 50 x 33 disjoint geographical regions yielding 1km x
1km size squares. As described in Section 2, we map crime events to each square
region. In Figure 3.3b, we show all the crimes on these squares as a heatmap
without considering crime type, where the dense red color represents high event
count. We also select the time resolution as 24 hours. Thus, our target is to
predict the locations of the crime events regardless of their type in the partitioned
regions for the next 24 hours. Moreover, we perform an exploratory data analysis
! to investigate spatial, temporal, and categorical covariance. We filter the data
by selecting crime types that forms the %90 percent of the crime data. We
perform 4 experiments where each experiment consists of 1 year of data. We split

the data into 10 months of training, 1 month of validation, and 1 month of testing

You can find all of our codes to perform analysis and experiments at
github.com//sftekin /high-res-crime-forecasting
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Figure 3.3: We show the distribution of events for the Chicago crime data (a) and the
synthetic data (b). We show the predictions of HRCF model in different epochs at (c).

in each experiment. We report the validation and test scores in Section 4.3.

3.4.2 HRCF Configurations

For the subdivision algorithm, we select the threshold value as 1000 and minimum
region size as 2km x 2km and obtain 203 regions, which is also the number of
nodes in our graph. Our model uses 16 input features total, 8 features representing
the crime counts for each crime type, 2 features for the locations of the nodes,

and 6 features for the calendar features such as weekends and holidays. We set
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Validation Scores for Chicago Dataset

HRCF ConvLSTM ARIMA RF SVR GPR
Date F1 Acec F1 Acec F1 Acc F1 Acec F1 Acec F1 Acc
2015 0.724 0.895 0.705 0.865 0.708 0.866 0.700 0.860 0.701 0.872 0.695 0.868
2016 0.728 0.891 0.714 0.864 0.717 0.865 0.727 0.873 0.716 0.875 0.703 0.865
2017  0.731 0.895 0.709 0.865 0.716 0.868 0.713 0.865 0.718 0.879 0.703 0.869
2018 0.720 0.894 0.704 0.868 0.705 0.867 0.707 0.869 0.698 0.873 0.692 0.869
Test Scores for Chicago Dataset
HRCF ConvLSTM ARIMA RF SVR GPR
Date F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc
2015 0.723 0.888 0.713 0.871 0.705 0.863 0.718 0.874 0.709 0.876 0.694 0.867
2016  0.709 0.881 0.698 0.863 0.718 0.876 0.693 0.855 0.697 0.870 0.684 0.864
2017 0.708 0.877 0.699 0.865 0.686 0.853 0.697 0.862 0.697 0.872 0.686 0.866
2018 0.720 0.884 0.708 0.870 0.712 0.869 0.716 0.872 0.708 0.876 0.693 0.869
Scores for the Synthetic Dataset
HRCF ConvLSTM ARIMA RF SVR GPR
Set F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc
Val 0.484 0.775 0.470 0.738 0.344 0.611 0.387 0.677 0.341 0.784 0.300 0.660
Test  0.491 0.781 0.475 0.742 0.345 0.585 0.398 0.692 0.356 0.780 0.308 0.679

Table 3.1: We show model’s validation and test scores on Chicago crime and
synthetic dataset. Bold scores are the best. Date column shows the years the
experiment belongs.

the Graph-ConvGRU layers as 3, where hidden dimensions of each layers are,
50, 20, 10, respectively. The K value is 3 in each layer, and we set the bias flag
"true” with the symmetric normalization. The number of layers in the MLP is
2, and the hidden layer contains 64 nodes. We set the input sequence length as
10 with a batch size of 5. For the training, we use a 0.003 learning rate, with an
early stop tolerance of 5. Lastly, we use 0.001 as L2 regularization to regularize

the model parameters.

3.4.3 Baseline Models

We compare our algorithm with the well known sequential learning models: Au-
toregressive Integrated Moving Average (ARIMA), Support Vector Regression
(SVR), Random Forest (RF), Gaussian Process Regression (GPR) and ConvL-
STM [73]. Note that ARIMA, SVR, RF, GPR are regression models; however,
we make classification whether a crime event happens or not. Thus, after we

provide the regression output, we select a threshold value for classification. We
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select the threshold value that maximizes the difference between True Positive
Rate (TPR) and False Positive Rate (FPR). Since ARIMA, SVR, and RF are
only applicable to single time series, we create a separate model for each cell. For
the ConvLSTM, SVR, GPR, and RF, we feed the previous 10 time step values of

the target series as input features to be fair with the graph model.

3.4.4 Performance Analysis and Results

In Table 3.1, we show the validation and test scores of models for both real life
and synthetic datasets. We use the F1 metric, which measures the overall model
performance of how precise and sensitive a model is. We also present the accuracy
of our models since it is essential in crime prediction. We observe that our model
outperforms the baseline models up to 3.10% for both validation and test scores
for both datasets. We perform a statistical significance test with a p-value of 0.05
comparing baseline results with the HRCF and observe that the HRCF performs
significantly better in all metrics. HRCF is not only sensitive to crime events but
also accurate. When we look at the score differences between years, we observe

that HRCF is more adaptive to the changes in the dataset.

In the synthetic dataset results shown in Table 3.1, we expect to see higher
performance from HRCF since we sampled the data from multiple Gaussian dis-
tributions. However, the performance of the GPR model is low, and GPR also
assumes the data is coming from a Gaussian distribution. The reason is that
the GPR model is not adaptive to temporal changes and can only capture the
spatial covariates. From this perspective, we can say that HRCF behaves as a

GPR model that can capture both spatial and temporal covariates.

In Figure 3.3c, we show how the output of HRCF evolves between epochs.
The model learns generic bounds of crime locations with the close score values
on the high crime rate regions in the first epochs. Then the score values on
the predictions start to distinguish in the 6th epoch. After the 12th epoch, the
model makes a detailed forecast. We observe that model binarizes the output

predictions, which means the probability distribution generates likelihoods close
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to 0 or 1. We expect this behavior since we use the BCE loss that makes negative
predictions closer to 0 and positive predictions to 1. Furthermore, this causes
the PDF to assign close values in responsible regions. To assess the generative
property of our model on high resolution, we obtain predictions for a 100 x 66
resolution grid from the HRCF model trained on 50 x 33. We achieved 36.67
validation and 36.02 F1 scores on test sets, which are 4.77% relatively higher
than the trained ConvLLSTM model for the resolution of 100 x 66.
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Chapter 4

Conclusion

Here, in this thesis, we first studied the problem of spatiotemporal weather fore-
casting and introduced a novel deep learning architecture. Our structure contains
ConvLLSTM units with the attention and the context matcher mechanisms to ex-
tend the classical encoder-decoder method. We evaluated our model on high-
resolution and benchmark datasets, and the results show that our model achieves
statistically significant performance gains over the state-of-the-art baseline mod-
els. We also showed that the error growth on the long forecasts is logarithmic
while it is exponential in benchmark approach. However, when the input se-
ries lost its spatial and temporal correlations in higher temporal resolutions, the
performance of our model decreased, and the direct CNN model showed higher
performance than ours. In addition, we also compared our model with the phys-
ical models, and the physical models show much higher performance due to their
accurate long forecasts. For future work, we plan to replace ConvLSTMs with the
TrajGRU units and increase the training data size. We also provide the source

code of our algorithm for reproducibility.

Secondly, we studied the problem of high-resolution crime forecasting and in-
troduced a novel generative graph neural network architecture, HRCF. Our new
subdivision algorithm performs balanced sampling on the data to create repre-

sentative regions. We built our graph according to formed regions, parameterized
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the problem using a likelihood model, and obtained probability density functions
belonging to each region. We evaluated HRCF on a real-world and synthetic
datasets, and results showed that our model achieves statistically significant per-
formance gains over the state-of-the-art baseline models. For the future work, we
plan to apply our model to any spatiotemporal data. We also provide the source

code of our algorithm for reproducibility.
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