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Abstract

In this work, we address two nowcasting problem statements. The first is
the PMs 5 concentration temporal nowcasting over Delhi NCR. It has been
observed that the high levels of PMs 5 concentrations in Delhi, particularly
for the winter season, are affecting many people’s health and causing var-
ious respiratory diseases. In this work, we try different Machine Learning
and Deep Learning techniques for PM, 5 nowcasting with a lead time of up
to six hours. The second is Precipitation nowcasting using Bhopal Radar
Data. It is essential because it provides critical information to protect peo-
ple, property, and infrastructure from the impacts of extreme weather events.
In this work, we develop a deep learning-based ConvLLSTM model to perform
spatiotemporal nowcasting.
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Chapter 1

Introduction

Weather Forecasting is imperative because it helps reduce loss of life and
property. It allows us to take better decisions with the available information.
Forecasting Weather is a complex process because of the various factors af-
fecting the phenomenon. Also, the Earth’s atmosphere dynamically changes
across temporal and spatial scales. In recent times, air pollution has been
on the rise. The air quality index (AQI) has plummeted in Northern India.
The National Capital Region is a part where New Delhi is among the regions
of highest ambient particulate matter exposure in the country. PM, 5 causes
very much Air Pollution. These particles, with a size of <2.5 microns, pene-
trate deep into the lung and corrode the alveolar wall. These causes impair
lung function and other respiratory diseases. Hence, it is vital to Forecast
the magnitude of PMs 5 concentrations in advance to provide timely infor-
mation to vulnerable communities and individuals to help them minimise
their exposure to PMs 5 air pollution. Similarly, Precipitation Now-casting
is also very important to make well-informed decisions for any calamities or
extreme events that can happen.

Currently, we use the Numerical Weather Prediction (NWP) Model for
Meteorological Forecasting. NWP computer models process current weather
measurements to predict future weather. The model’s structure and output
are based on the most recent weather observations. Other models use Sta-
tistical Forecasts routinely to enhance the results of the dynamical forecasts
at operational weather stations worldwide and employ the least squared re-
gression method for forecasting ( , , Chapter 6). One such model
is ARIMA( , ). This model is also used as a benchmark to test
other models. But it gives poorer performance for long-term forecasts and is
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computationally expensive(One, 2021).

Nowadays, Machine Learning is applied for Weather Forecasting, which
is robust to perturbations and can generate more accurate weather forecasts
for larger periods(Holmstrom et al., 2016). Machine Learning algorithm like
Random Forest Classifier provides a low-cost and portable solution(Singh
et al, 2019). Machine Learning algorithms efficiently analyse and model
spatially and temporally variable environmental data but cannot capture
spatiotemporal dependencies(/Amato et al.,; 2020). This drawback can be
resolved using Deep Learning which can capture spatiotemporal relations
using Convolution Neural Network (CNN)(Wang et al., 2020). Certain deep
learning algorithms, such as Recurrent Neural Networks, LSTM, and GRU,
accept sequential data as input and provide predictions based on the data’s
individual time steps. LSTM Networks are used for temporal weather predic-
tion tasks as seen in (Salman et al., 2018). For spatiotemporal Precipitation
nowcasting (Shi et al.; 2015) proposed Conv-LSTM, which has outperformed
FC-LSTM and ROVER algorithm as validated by the authors. Figure 1.1
shows the ML/DL pipeline. In this thesis, we have worked on statistical,

Data pre-processing,
labeling and pattern
recognition Model Training @

Use of historical L 4 Data Validation ® Weather Forecasting
data and collection
of new data

Figure 1.1: AI Based Forecasting()\I, 2021)

machine learning and deep learning-based algorithms to forecast variables
like PMs 5 and Precipitation

The thesis is organised as follows:

In the next section, we define the problem statement. Chapter 2 consists of
the theoretical background related to our work. In Chapter 3, we discuss the
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data and methodology used. Results and discussion is covered in chapter 4.
Finally, in chapter 5, we have a conclusion and future work.

1.1 Problem Statement

Weather forecasting can be thought of sequence forecasting problem. For
any model to produce a forecast, it learns the pattern in the data using the
recent time steps in the past; e.g. it takes m lag steps to create a lead of
n steps. One forecasting model, such as ARIMA, works on the same prin-
ciple. It produces output auto regressively over the predicted timestep(

, ) Similarly, the Machine Learning models require the data in split
sequences to learn the temporal relationship in data to output the Forecast
( | 2020).

Let X1, X5, X3, ..., X; represent a sequence of observations. The temporal
sequence forecasting problem predicts the most likely K-length sequence in
the future, given the previous J observations, including the current one(

, ). The following can be framed as given in equation 1.1.

Xivtsoo Xevxe = argmax p(Xopr, .o, X | Xem i, Xomgio, -, X)) (L1)

This implementation can be used for both temporal and spatiotemporal
weather forecasting. For spatiotemporal, let’s suppose we have a M x N
grid. Inside each grid point, P variables are measured for any time, and the
observation can be represented as X € RF*M*N  TFor e.g. in a 3-dimensional
array with dimensions of time X x X y, where x,y is the number of rows
and columns of an array, we need to predict K arrays given the previous
sequence of J arrays. Similarly, we would have data in a 2-dimensional
format for temporal sequence, but formulation will be the same, i.e. predict
K timesteps in future given the previous information of J timesteps.

12



Chapter 2

Theoretical Background

2.1 Machine Learning

A computer science and artificial intelligence subfield called "machine learn-
ing” focuses on using data and algorithms to mimic how people learn. It has
two subcategories, supervised and unsupervised learning. In the former, a
labelled dataset is used to train algorithms to classify or predict outcomes,
while the latter contains unstructured data which can be analyzed or clus-
tered using machine learning algorithms. Common Supervised Learning tasks
include Regression and Classification, while Clustering, Dimensionality Re-
duction, and Anomaly Detection can be made using unsupervised machine
learning.

The Machine Learning model inputs the data and generates the predictions,
which can be tested using metrics like RMSE in Regression, accuracy in clas-
sification, etc. If the predictions do not match, then the model is repeatedly
trained to minimise the defined cost function to improve itself.

2.1.1 Linear Regression

Linear Regression comes under the supervised machine learning technique.
The model finds the best fit linear line or, to say, it captures the linear rela-
tionship between the dependent and independent variables. Let X, X5, ..., X,
be the independent variables in our dataset and corresponding, each row has
labelled dependent feature Y, so our task is to find the best fit linear line
which maps from X to Y. The linear equation 2.1 has weights by, b, ..., b,

13



and bias by to get the least mse.

It uses mean squared error as the cost function to adjust the weights and the
biases. Here y; is the ground truth value, and ; is the predicted one.

n

MSE = > (s — i) (22)

=1

The above cost function 2.2 has to be minimized using some optimization
algorithm. Since this is a convex cost function with only one minimum, we
can use Gradient Descent Algorithm to reduce the loss. The model then can
be evaluated using R2 Score or other metrics like MSE, RMSE etc., to check
the performance.
R2=1— M (2.3)
> —y)?

2.1.2 Gradient Descent

It is used for finding a local minimum of a differentiable function. Consider
the above model 2.1 for only one independent variable (n = 1). So, we have
Ypreda = bo + 01X, here Y4 is predicted output, by is intercept, b; is slope
and X is input sample. The task is to reduce cost function 2.2 using some
optimization. This can be achieved using the gradient descent algorithm
on J(w,b) where J is cost function. It randomly initializes some weight(b;)
and bias(by) which are updated using the steps below where « is the learning
rate. The a generally lies between 0 and 1. The smaller the learning rate, the
slower the step will be, and the bigger the learning rate, the larger the steps
will be. Equations 2.4 and 2.5 update the weight and bias by calculating the
partial derivatives.
Repeat until convergence:

w4 w— a% (2.4)
0J(w,b)

Each gradient descent step traverses the curve figure in the steepest instan-
taneous direction. The model is said to be trained after the weights and
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biases are found for the minimum of the cost function. Figure 2.1 shows the
working of the algorithm.

J(w)

Figure 2.1: Gradient Descent Algorithm( , )

2.1.3 XGBoost

A tree-based machine learning model called Gradient Boosting uses gradient
descent for optimization. An extension of this is Extreme Gradient Boost-
ing, also known as XGBoost, which can avoid over-fitting using L1 and L2
regularization techniques. It can handle sparse data. It uses multiple cores
of CPU for faster computing. It has high performance and accuracy.

2.2 Deep Learning

Deep Learning is a subfield of Machine Learning. It consists of a neural net-
work made up of artificial neurons. The neural network attempts to simulate
the human brain’s behaviour; it can learn from extensive data. Nowadays,
deep learning technology is used in speech recognition, self-driving cars, nat-
ural language processing etc. In some cases, like image detection, it out-
performs humans( , ). It can work on unstructured data like
images and text without some data preprocessing generally required in ma-
chine learning.

15



2.2.1 Artificial Neural Network

The most fundamental unit of any deep learning model is Artificial Neuron.
(figure 2.2). It receives one or more inputs and sums them up after giving
each input some weight and bias randomly. Further, it applies non-linear
transformation using some activation function and produces the output. The
errors are compared using some cost function like MSE(see 2.2), and weights
are updated using the Gradient Descent algorithm(see 2.4,2.5) during the
backpropagation.

Bias
b
%y O—=W;
Activation
Function
Output
; x; O W, — f =53
X, O—F W,
Weights
Figure 2.2: Artificial Neuron( : )

More such neurons are added layer-wise to extract features from the in-
puts, and finally, all these layers are connected to the output layer. In this
way, an Artificial Neural Network is created. Because of many parameters,
these networks usually require a lot of time to train. If the Neural Network
contains more than three layers, it is called Deep Neural Network. In figure
2.3, inputs are connected to more than one neuron, and a hidden layer is
connected. The neurons use activation functions to learn non-linearity in
data. The sigmoid activation function is used to scale the values between
range [0,1]; it is represented by o(z) as given in Equation 2.6.

el’

:1+em

() (2.6)

Another commonly used activation function is the 'Rectified Linear’ (ReLU)
unit is used to scale the values in the range [0,00) given in the equation 2.7.
For values less than zero, it replaces them with zero, and the same for values
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greater than zero.
g(x) = max(0, ) (2.7)
Hyperbolic tangent is used to scale the values in the range (-1,1). It is similar
to sigmoid but centred at zero. It is given in equation 2.8.
er —e”

g(a) = —— (2.8)

et +e %

Hidden
layer

Input

Output
layer

Inputs
Outputs

Figure 2.3: Artificial Neural Network ( : )

The neural network uses the cost function to calculate the difference be-
tween the predictions of the network and the actual truth. The model learns
by minimizing the cost function. The commonly used cost functions include
‘mean squared error’, 'cross entropy’, ‘'mean absolute error’ etc. During the
forward propagation, the neural network generates some output, and the er-
rors get back propagated such that weights and biases are adjusted using
an optimizer. Generally, ’Adam’, 'TRMSProp’, and 'Gradient Descent’ al-
gorithms are used for optimization. The training data can be provided in
batches; this is a hyperparameter a larger batch size means a lower number
of training batches and vice versa. Finally, the model can be evaluated using
metrics like 'rmse’ for regression or ’accuracy’ for classification problems.

2.2.2 Convolutional Neural Network

The ANN can handle image data, but its computational complexity increases
due to increased parameters with the image size; hence, convolutional neural

17



networks were introduced, which can extract relevant features from the im-
ages and thereby reduce the number of parameters to learn in the data. The
convolution operation passes a filter over the image to extract the features.
Figure 2.4 shows convolution operation on a 7x7 image with a 3x3 filter to
generate a new image of size 5x5. We see that element-wise multiplication
occurs, which is added to create the final output. A bias is added to this
output; an activation function is applied to the final output. If we provide

O 1|1 T 0400 . _
o[0T R 5. El4713[4]1 |
ofojofr]LjL]o 1{o]1 1]274]3]|3
ofolo[if+lo|07=_|O]1 ="1142|3(4]1
olo{1[1|o]O]O.. 1[{0]1 EIEIAE
oft]1]o]ofo]o 3[3[1]1]0
1{1]ofo|o]o]0O
I K I+K

Figure 2.4: Convolution Operation on an Image

more filters, then that number of image arrays will get output. The filter size
and the dimensionality can be adjusted. The greyscale images use Conv2D
filter while the RGB channel images can use both Conv2D & Conv3D. Two
common types of padding are applied in CNN, namely 'Same’ and "Valid’.
For ’Same’, the size of the input array is maintained after performing the
convolution operation. While in the case of 'valid’, the input array size is
reduced. Other operations like 'max pooling’ and ’average pooling’ are used
to reduce the spatial size of the image. Figure 2.5 shows 'max’ and 'average’
pooling applied over a 4x4 size image to reduce spatial dimension to 2x2.
In max pooling operation, it takes the maximum value of the elements in the
pooling window. While the average pooling averages all the elements in the
pooling window. This is particularly helpful in the case of large-size images
where not a large amount of information will be lost.

2.2.3 Recurrent Neural Network

The ANN can take only fixed-size input but cannot process sequential in-
formation such as time series, speech, and natural language, so 'Recurrent

18



2x2 2xX 2
pooling window pooling window

Max pool Average pool

Figure 2.5: Pooling operation on an Image

Neural Networks’ were introduced, which can take sequences of inputs of ar-
bitrary length and process them sequentially. The output of the previous cell,
called the hidden state is passed on with the following input so that the net-
work learns the sequential information. Figure 2.6 shows the unrolled '/RNN’
that takes input X, inputs, producing a hidden state h;, at each timestep
that is passed on with the following input in the sequence. In this way, the
network learns to retain the sequential information of previous timesteps.

XEXN

Figure 2.6: Unrolled Recurrent Neural Network(RNN)(Donges, 2023)
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224 LSTM

'RNN’ fail to capture correlation in sequences which are far apart due to
the problem of vanishing/exploding gradient. The Long Short-Term Mem-
ory(LSTM)( , ) was introduced to counter
this. It has memory cell C}, input gate, forget gate and output gate and
hidden state like in '/RNN’. In Figure 2.7 the cell takes input X; along with

Figure 2.7: LSTM Cell

C;_1 and h;_q from previous cell. The *x” in the figure performs element-wise
multiplication, 7, is the input gate, f; is the forget gate, and o, is the output
gate. These control the flow of information in and out of the memory cell.

2.2.5 ConvLSTM

For spatiotemporal precipitation nowcasting ( , ) introduced the
ConvLLSTM model, which is similar to LSTM architecture but uses convo-
lution operation instead of matrix multiplication in LSTM, which extracts
spatial patterns in data. The equations are similar to the LSTM. A ConvL-
STM cell contains an input, forget, and output gate with cell state C;. In the
figure 2.8 the "*’ denotes the convolution operation, *x’ denotes Hadamard
product and '+’ denotes addition.

20
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Figure 2.8: ConvLSTM Architecture(Shi et al., 2022)

The equations in the ConvLSTM cell are given below. W is the filter
applied over X; to extract spatial features. o gives the hadamard product
between two arrays.c and tanh are the activation functions. H; and C} is
the hidden and cell state respectively.

=Wy Xe+ WhixHy 1+ Wg0Ci1 + b;)
Ji=0(Wap x Xo + Wy x H_y + Wep 0 Ciq + by)
C; = tanh(Wye % Xy + Whe * Hy_1 + b,)
Ci=fioCii+14,0C

0y =0(Wyox Xy + Wiox Hy_1 + W0 Cy 4+ by)
H; = o; o tanh(Cy)
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Chapter 3

Data and Methodology

We have addressed two problem statements for the meteorological variables
nowcasting and used different data for each. This is because the first problem
statement is temporal nowcasting of PMy 5, with up to six hours, and the
second is spatiotemporal precipitation nowcasting using radar data. Data
used for each will be explained in the upcoming sections.

3.1 Temporal Nowcasting of PM, 5

The data was taken from the Center for Pollution Control Board(CPCB)*
website, which consists of PMsy 5 and PM;q Air Pollution Data. The data is
generated using the stations monitoring the air pollutant concentrations. For
our model building, we have taken thirty nine station’s PMs 5 and PM;, data
in the Delhi NCR from the year 2017 to the year 2022 with Hourly temporal
resolution.

Other variables are taken from ERA5. The data is available to download
using Climate Data Store(CDS)?.

We took data on wind speed, relative humidity, temperature, surface
Pressure, boundary layer height, precipitation, and wind direction from the
CDS for Delhi Coordinates (28.7°N, 77.1°S) to generate temporal time series
from 2017 to 2022 to match the duration of PM, 5 data.

'https://cpcb.nic.in/
*https://cds.climate.copernicus.eu/
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3.1.1 Data Information
PM; 5

This is the target variable, the concentration we want to predict. It is mea-
sured in pg/m?® and has a mean of 105.8ug/m?. It was found that the
concentration of PMs 5 varies seasonally.

PM,,

It has a good correlation with the target variable, so it is also considered for
the study. It is measured in pg/m? and has a mean of 216ug/m3. Similar
seasonality was observed in PM;( concentration as that of PMs 5.

Precipitation

Precipitation has a notable impact on PMy 5 concentration. It has a wet
scavenging effect meaning an increase in precipitation decreases PMs 5 con-
centration level and vice-versa( , ). Therefore, precipitation is
taken into account.

Boundary Layer Height

It is a major factor in the dispersion of PMs 5 pollutants in the atmosphere.
Hence it is taken into consideration.

Relative Humidity

The abrupt and accumulative rise in PMs 5 concentrations could be due to
RH fluctuations( , ). So, it is an important variable to include
in our study.

Surface Pressure

It is found that PM, 5 has a positive correlation with surface pressure (
, ). Hence it is taken into consideration.
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Wind Velocity (u,v)

Wind speed’s u-component, v-component and magnitude were taken because
changes in the wind patterns affect the PMs 5 concentrations, as studied in

( , 2020) paper.

All the variables used in the model building are summarized in the table 3.1

Sr.No. Variable Units | Source
1 PM, 5 ug/m3 | CPCB
2 PM;j pug/m?* | CPCB
3 Precipitation mm/hr | ERA5
4 Relative Humidity none ERA5
5 Wind Speed (u,v) m/s ERA5
6 Boundary Layer Height m ERA5
7 Temperature K ERA5
8 Surface Pressure Pa ERA5

Table 3.1: Variables in the Data

3.1.2 Data Preprocessing
UTC to IST conversion

ERAD reanalysis data in Coordinated Universal Time(UTC) format is con-
verted to Indian Standard Time(IST) to match the PMs 5 station data.

Imputation of Missing Values

For the CPCB website data, it was observed that many stations in Delhi NCR
do not have continuous data, i.e. values for some duration were missing. To
resolve this, we took the average of all forty station data in NCR to generate
a single time series for 2017 to 2022. Missing values in the ERAb reanalysis
data were linearly interpolated.
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Data Slicing

The air pollution in Delhi NCR increases in the winter season, so data is
sliced for the winter period of each year from September to February of the
following year while maintaining the hourly temporal resolution. This is
done to make the model learn the seasonality and trend in this particular
winter duration rather than providing a whole year’s data. Temporal slicing
is carried out for all the variables in the dataset. After slicing, the data
was reduced to Time(18144) x Variables(8) from Time(48912) x Variables(8)
dimensions. Doing the steps mentioned above, we recovered the final data
for model building.

3.1.3 Model Building

Normalization

The data variables have different units (see table 3.1), but Machine Learning
or Deep Learning models are not scale-independent. Hence, data is scaled
using Normalization. It re-scales the values so that they range between 0

and 1. X
Xnormalized = X—m

max Xmin

(3.1)

here, X,,q4; is maximum value and X,,;, is minimum value in data.

Supervised Splits

Supervised Machine Learning problems require data mapping from X to Y,
i.e. each input of row must have a defined output value, but time-series data
does not follow this, so we need to convert it using supervised splits. Let
X1, Xs, .., X, represent the values in some time series. Suppose the splits
are formed using twenty-four lag time steps and producing a forecast of six-
time steps(see table 3.2). This generates the required mapping for supervised
machine learning.

Train-Validation-Test Split

Data was divided into a train-validation-test split on winter data separated
using temporal slicing.(section 3.1.2). The Data in Table 3.3 refers to the
duration of winter from September start to February end of the following
year.
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X (Input) Y (Output/Forecast)

Xt17 Xt27 Xt37"'7Xt24 Xt25a Xt267 Xt277"°aXt30
Xt27 Xt37 Xt47"'7Xt25 Xt267 Xt277 Xt287"'7Xt31

Xt37 Xt47 Xt57"'7Xt26 Xt277 Xt287 Xt297"'7Xt32

th—SOa th—29a th—287'-'7th—6 th—5> th—4a th—37"'7th

Table 3.2: Supervised Split

Training Set | Validation Set | Test Set
2017 to 2019 2020 2021

Table 3.3: Train Test Split

Models

Different models were tried for nowcasting, XGBoost, LSTM, Random Forest
etc. For the XGBoost model, n_estimators is 1000, and the cost function
is ’squared error’, and other hyperparameters are unchanged. For LSTM
Model, the loss function is mse, and batch_size is 15. The following table 3.4

shows the LSTM model architecture( , ).
Layer no. | Layer | No. of Units | Activation
1 LSTM 32 relu
2 Dense 64 relu
3 Dense 128 relu
4 Dense 64 relu
) Dense 1 linear

Table 3.4: LSTM Model Architecture
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3.2 Spatiotemporal Precipitation Nowcasting

3.2.1 Data Information

For spatiotemporal nowcasting, we have used Bhopal Radar Data®. This
precipitation data is taken for the JJAS months of 2021. Data were provided
in the polar coordinates, and the temporal resolution of the data was 20
minutes.

3.2.2 Data Preprocessing
Data Conversion

Since the data was in polar coordinates and our model accepts the data in
the gridded format, the data was converted to grid coordinates at the specific
height of 2 km with respect to the ground. This height was decided because
clouds at this have a high percentage of precipitation. After conversion, we
obtained a grid of 250 x 250 dimensions( Latitude x Longitude).

Data Capping

We tried to apply inter-quartile based filtering, but the lower range was
converted to negative values, and negative values are not defined for pre-
cipitation. So, to remove the outliers in the converted dataset, we applied
percentile-based filtering. All the values above 99" percentile were capped
to 99" percentile, and the values below one percentile were limited to one
percentile. The data range was reduced from [0,1359]mm to [0,8)mm. This
seems to be valid because the value of 1359 mm in the data is an outlier.
The data capping is shown in figure 3.1.

3Dr MCR Kalpureddy, IITM Pune provided the data
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Figure 3.1: Percentile Based Data Capping

Data Normalization

The capped data were scaled using Normalization (equation 3.1) to bring
the data in the [0,1] range. This was necessary because we used exponential
transformation for the next step, and we did not want the range to exceed 8
min.

Imputation of missing values

The precipitation values range from [0,00), and our converted gridded data
contains NaN values, so we cannot simply impute them with zero as this
is a valid precipitation value. Hence we use the exponential transformation
exp”® where k = 2 for all the scaled values and have replaced the NaN values
with zero. Here the value of k is chosen to be two to scale the data back
to the capped range of [0,8)mm. This transformation will bring the data to
the [0,00) range. Where the valid precipitation values(non-NaN grid points)
range between [1,00) and NaN values equal zero as seen in figure 3.2. A
similar technique has been applied in ( , ).
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time = 2021-08-20T18:02:23 time = 2021-08-20T18:02:23

76.0 76.5 771.0 775 78.0 78.5 0 76.0 76.5 71.0 77.5 78.0 78.5 0
lon lon

Before filling NaN values After filling NaN values

Figure 3.2: Transformation to Exponential Space

3.2.3 Model Building
Supervised Splits

Each timestamp has a 2-dimensional Grid of Latitudex Longitude dimen-
sions. Our problem statement is to predict K likely sequences given some
previous J sequences. E.g., we take both J and K to be five. This will create
a 3D array of dimensions JxLatitudexLongitude as Input and Output(see
figure 3.3). We can hyper-tune J and K as per our needs. So a sliding window
can be applied over the data to create supervised splits(see table 3.2).

Conwv LSTM
Model

Input (X) Output (Y)

Figure 3.3: Spatiotemporal Supervised Split
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Train-Validation-Test Split

Since we had Precipitation data for four months of JJAS with 20 minutes
resolution for 2021, we divided the data of 8459 timestamps as follows, for
training first 70%, which is up to 5921 timestamps were separated, for vali-
dation, the next 10% from 5922 to 6767 timestamps data was separated, and
finally remaining 20% from 6768 to 8459 data was used for testing.

Model

We have used the ConvLLSTM model for spatiotemporal nowcasting. The
model is built with Keras with TensorFlow as the backend. We have taken
'mse’ as the loss function. ”Convolutional LSTM” layers in architecture
are used to learn long-term spatiotemporal dependencies in the data. The
padding is kept the same for each layer so that the grid size does not change
after convolution operations. The convolutional layers in the model enable
the model to learn spatial relations in the data. We have used the ’relu’
activation function to learn the non-linear relationships in the data. Kernel
size of (3,3) is applied for 2D layers and (3,3,3) for 3D layers like Conv3D
with the stride of one. We have used TensorBoard for ’loss vs epochs’ vi-
sualization. Since we used only the precipitation variable to predict itself,
the number of channels in the input dimensions was set to one. We have
used two approaches for nowcasting and created two separate models, Itera-
tive and Direct Nowcasting. We found that increasing ConvLSTM2D layers in
iterative nowcasting improved the model’s performance.

For the iterative model, we have obtained supervised splits with a lag time
of 5 timesteps and a lead of 1 timestep. So our model outputs only one lead
time, but we have used numpy operations to use lead time one and generated
other lead time in total up to five timesteps. For the direct model, we have
used return_sequences = True hyperparameter of the ConvLSTM layer to
output simultaneously generate five lead timesteps. The supervised splits
were done accordingly to the model requirements. We used five lag timesteps
for direct nowcasting to produce an output of 5 lead times. Both models
were trained for 100 epochs. Table 1.5 shows iterative nowcasting model
architecture, and Table 1.6 shows direct nowcasting model architecture.
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Layer no. Layer Activation | Kernel size | # Filter
1 ConvLSTM2D relu (3,3) 4
2 ConvLSTM2D relu (3,3) 8
3 ConvLSTM2D relu (3,3) 8
4 ConvLSTM2D relu (3,3) 16
5 Conv2D relu (3,3) 15
6 Conv2D relu (3,3) 1
Table 3.5: Iterative Model Architecture
Layer no. Layer Activation | Kernel size | # Filter
1 ConvLSTM2D relu (3,3) 8
2 ConvLSTM2D relu (3,3) 8
3 ConvLSTM2D relu (3,3) 16
4 Conv3D relu (3,3,3) 15
5 Conv3D relu (3,3,3) 1

Table 3.6: Direct Model Architecture

Hyperparameter Value
Input Timesteps )
Input size 5 x 250 x 250 x 1
Batch Size 32
Optimizer Adam( learning rate = 107%)

Table 3.7: Hyperparameters provided during training for Iterative Model
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Chapter 4

Results and Discussion

4.1 Temporal Nowcasting

In this section, we discuss the results for nowcasting of air pollutant PMs 5
concentration.

4.1.1 Evaluation Metric

We have used three evaluation metrics, 'R?’, 'MBE’ and '"MAPE’; here, R-
squared is a commonly used metric to check the performance of regression
models. Tts range lies in [0,1], where closer to one signifies a good fit and
closer to zero is a bad fit. Mean Bias error(MBE) is used to calculate how
much deviation from the true values have from predicted on an average.
Mean absolute percentage error gives the total percentage of the prediction
error. These metrics give a clear idea of the model’s performance.

4.1.2 Methods

As discussed in the earlier chapter, we have used XGBoost, LSTM, and
other models for PM, 5 nowcasting. Iterative nowcasting is applied for all the
models where lead time one’s predictions are used to generate the following
lead times predictions.
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4.1.3 Results

After Data Preprocessing XGBoost, LSTM and other models were tested on

the data. The results in the figure below show the ground truth vs predictions
for the XGBoost model.
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Figure 4.1: Comparison of forecast of PMs 5 concentration with ground truth
for different lead hours
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From Figures 4.1a, 4.1b and 4.1c, we see that R? is decreasing; this is due to
the fact that the model uses previous hour predictions to generate next-lead
time steps. We know that the predictions have errors associated with them,
and this error gets again added up for successive predictions. Hence, the same
can be seen through MAPE, increasing from 1 to 3. The R? of 0.93 for the
First Hour shows that the model has well-fitted the data; correspondingly,
the MAPE gives a lower MAPE of 17%. All of the scores are summarized
below in Table 4.1. It shows R? score of 0.66 for 6'* Hour.

H Lead Hour \ R? Score \ MAPE \ Mean Bias Error H

1 0.93 17% -7.69
2 0.89 21% -8.27
3 0.83 25% -8.68
4 0.77 30% -9.40
5 0.71 33.7% -9.88
6 0.66 36.7% -10.24

Table 4.1: XGBoost Forecast Scores for the forecast of PM, 5 concentration

The XGBoost model, however, has a negative bias associated with every
lead hour prediction (Table 4.1). It can be due to the steps taken in prepro-
cessing the data. The PM, 5 data was averaged over forty stations in Delhi
NCR, and we know that the average is affected by the outliers in the data,
and the XGBoost model is over-predicting them, resulting in overall negative
bias. This negative bias can be reduced by handling outliers and checking
the mean and standard deviation of the resulting data. Such that cleaner
data is given to the model for better performance.

H Sr.No. ‘ Model Name ‘ R? LD1 ‘ R? LD6 ‘ Mean Bias LD1 H

1 XGBoost 0.93 0.66 -7.69
2 LSTM 0.98 0.57 3.81
3 Random Forest 0.85 0.52 -14.6

Table 4.2: Model Comparison for forecast of PMs 5 concentration
From the results above, we see that XGBoost gave better R? for successive

lead hours as compared to other models. All the models take 24 Hours of Lag
Time to generate 6 Hours of Lead Time. The LSTM model provides a good
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R? Score for the lead hour one but lower than XGBoost for the lead hour
six. The Random forest R? Scores are lower than the XGBoost and LSTM
model; hence we can conclude XGBoost has performed better compared to
other models in the study.

4.2 Spatiotemporal Precipitation Nowcasting

In this section, we discuss the results of precipitation nowcasting using radar
data.

4.2.1 Evaluation Metric

We have used 'root mean squared error’ and ’correlation’ to evaluate the
model. We can measure the strength of the linear relationship between two
variables using the Pearson coefficient. It is generally used in regression anal-
ysis to check for collinearity. It does not depend on the scale of the variables.
The range of 'r’ lies in [-1,1]. Higher values of r towards 1 or -1 denote highly
correlated variables, and the sign indicates the direction of the relationship.
E.g., -1 represents a negative correlation, whereas +1 shows a positive cor-
relation. If r = 0, then there does not exist any relationship. Also, from the
value of 'r,” we cannot infer the causal relationship between two variables.
We have chosen this metric to capture the linear relationship between the
two arrays, ground truth and predicted. If the correlation between these two
arrays is high, i.e. close towards 1, our model generates correct predictions
since the correlation between two identical arrays is 1.

. — > (zi — %) (yi — ¥)
N D TETE @D

In the equation above,  and ¥ are the mean of arrays x and y, respectively.
x; is value of i*" x variable and y; is value of i*" y variable.

4.2.2 Iterative vs Direct Prediction

We have compared two models, namely Iterative Model and Direct Model, to
decide which is a better approach for precipitation nowcasting. As described
earlier in the iterative nowcasting model architecture, we set the hyperpa-
rameter in the ConvLSTM layer, return sequences = False to generate
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only a single lead time prediction and Lead 1 predictions are used to gener-
ate the following lead time predictions. While for Direct nowcasting, we set
the hyperparameter in the ConvLSTM layer as return_sequences = True
to generate five lead time predictions. Direct nowcasting can be applied only
if the Input Time-steps (Lag) are the same as Output Time-steps (Lead);
this condition has to match the dimensionality of the ground truth array to
the prediction array to calculate loss during training. Suppose we have Day
1, Day 2 and so on, up to Day N data of some variable; then the supervised
split is created by supplying five lead time steps corresponding to five lag
time steps(see table 4.4). At the same time, in the former, we provided only
one lead time corresponding to 5 lag time steps.(see table 4.3) Also, note that
iterative nowcasting cannot be applied for multivariate spatiotemporal time
series as we won’t have the data of other variables except the target variable,
which our model predicts to generate following lead time predictions.

I Input (X) | Output (Y) |
Day 1, ..., Day 5 Day 6

Day 2, ..., Day 6 Day 7

Day N-5, ..., Day N-1 Day N

Table 4.3: ITterative Nowcasting

I Input (X) | Output (Y) |
Day 1, ..., Day 5 Day 6,..., Day 10
Day 2, ..., Day 6 Day 7,..., Day 11

Day N-9, ..., Day N-5 | Day N-4,..., Day N

Table 4.4: Direct Nowcasting

4.2.3 Results

For both models, Iterative and Direct, we have used only one variable, i.e.
precipitation, as an input to generate an output of itself using the supervised
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splits mentioned in the previous section. Lead times one and so on up to five
are generated for both model types. Figures 4.2 and 4.3 show the correlation
density plot generated with the corresponding lead time. The temporal cor-
relation coefficient describes the value of correlation corresponding to each
latitude xlongitude grid value (250250 in our study).

Correlation Plot

Time
—— Lead 1
—— Lead 2
Lead 3
—— Lead 4
Lead 5

-

0.0 0.2 0.6 0.8

0.4
Temporal Correlation Coefficient

Figure 4.2: Iterative Nowcasting

Correlation Plot

—0.1 0.0 0.1 0.5 0.6 0.7

0.2 0.3 0.4
Temporal Correlation Coefficient

Figure 4.3: Direct Nowcasting

From the figure 4.2 and 4.3, we see that the iterative model has higher cor-
relation values than the direct model. For the lead time one, it shows a
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correlation of greater than 0.7 for most of the values. Also, the less spread
for the lead one density plot in the iterative model shows a lesser variance
than the lead one density plot of the direct model’s lead one correlation. For
iterative nowcasting, we observe that the correlation coefficient is dropped for
consecutive lead times because predictions generated contain errors, which
add up to forecasts of the following lead times. For Direct nowcasting, the
correlation value for lead one is close to 0.5, shows similar values up to lead
three, and falls following lead times.

We conclude from the above two comparisons that the iterative model
performs better than the direct model for nowcasting. Although this is true
in our case, these results might change from problem to problem as both
models have drawbacks; the iterative model can be used for only one variable
nowcasting, which is not the case with direct nowcasting, which can be used
for multiple variables. Also, the exact lead times are produced in direct
nowcasting as the input lag times. At the same time, this is not the case
with iterative nowcasting, where lead times can be generated, concatenating
the lead one’s prediction to the input array.

Comparison with Baseline

In the previous section, we conclude that iterative nowcasting performs better
than direct. We use Persistence as our baseline model for the comparison to
validate the model performance. Here in the method of Persistence, the last
lag time is taken to be the forecast. Our model uses five lag time steps to
produce the next lead time step, so the fifth lag time step is the forecast that
will be compared with the lead time one.

Figure 4.4 shows the comparison of Persistence with our Model. Here
the temporal correlation values of the model have less standard deviation
than the persistence, and the mean of the distribution is also high. Similar
statistics are seen for the spatial correlation. Here the spatial correlation is
measured for a lat-by-lon grid for a particular time. The temporal correlation
for each grid point can be plotted spatially and is compared in figure 4.5.
This figure gives a clear idea of which part of the location has high or low
values of correlation captured.

We use skill score and rmse to compare the model with persistence further.
The defined skill score in literature is 1 - (mse of forecast) / (mse of
baseline). If the skill score exceeds zero, we can conclude that the model
performs better than the baseline. The skill score plotted in Figure 4.6a
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shows that the skill score is above zero for most of the values; hence, we
can conclude that model performs better than persistence. From the RMSE
density 4.6b plot, we see that model’s predictions have a low leadl RMSE
than the persistence, plus the standard deviation in the RMSE values is lesser
compared to persistence.

Temporal Correlation Lead Time 1 Spatial Correlation Lead Time 1

6- —— Model 3.0- — Model
—— Persistence —— Persistence

2.5-

0:0 0i2 0j4 0.‘6 0j8 0.2 0.4 0.6 0.8 1.0
Correlation Correlation

Figure 4.4: Comparison with Baseline Model

Model Correlation o Persistence Correlation
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Figure 4.5: Comparison of temporal correlation of precipitation for LD1
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Figure 4.6: Model vs Persistence
The model’s temporal and spatial correlation is higher than persistence;
the other metrics, skill score and RMSE, also confirm that the model performs

better than persistence. Hence, from this discussion, our model out-competes
Persistence.

Model Performance with Ground Truth Spatial

We compared the model’s predictions with some examples in the test set,
and the following figures show the same.

Ground Truth '2021-09-07 08:22:2 2.5 Predicted '2021-09-07 08:22:21" 2.5
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Figure 4.7: Spatial Comparison LD1

From Figure 4.7, we see that the model has correctly predicted most
of the spatial patterns in the data; the spatial correlation comes out as 0.7,
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meaning the model has learnt to discard zero values in the data and predicted
only the values which are non-NaN values. The intensity seems to be under-
predicted, but this can be improved using hyperparameter tuning. Hence we
can conclude that overall, our model performs well and reasonably accurately
predicts the ground truth.

Model Performance with Ground Truth Temporal

For latitude = 22.0°N and longitude = 76.44°E, we have temporal series in the
test set as the ground truth, compared with the model’s predictions. Figure

Correlation = 0.83 and R? Score = 0.68

—— Ground Truth LD1
—— Model Predictions LD1

T W M“ Mm

0

precipitation(mm)
w e

500 750 1000 1250 1500 1750
time

Figure 4.8: Ground Truth vs Predicted for lat = 22.0°N and lon = 76.44°E

4.8 we note that the model can correctly capture the temporal relations in
data with up to a reasonable accuracy for Lead time 1. We get a Pearson
correlation of 0.83 and the model R? Score of 0.68, which shows that the
model has provided correct predictions for the ground truth in the testing
set.

Hence with this discussion above, we conclude that the proposed model gives
good performance for spatiotemporal precipitation nowcasting.
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Chapter 5

Conclusion

We applied XGBoost, LSTM and other models for Temporal Nowcasting of
PM,; 5 concentration. XGBoost performed best among all the models with a
decent R? of 0.66 for the Lead time of the sixth hour. We also developed a
deep learning-based ConvLLSTM model for precipitation nowcasting up to a
lead time of around two hours. The developed model is found to perform bet-
ter than the persistence. We also compared two methods and found iterative
nowcasting to perform better in our case. In iterative nowcasting Temporal
Correlation of 0.75 was observed for most of the values on the spatial grid,
and for successive lead times, it fell.

5.1 Future Work

e For temporal nowcasting US embassy’s PMs 5 data can be used in place
of CPCB data. As we did an average of PMs 5 over all the stations in
NCR, this step can be avoided, and we get a US embassy’s single station
continuous data for the model.

e Other meteorological variables can be added and Hyper-parameter tun-
ing can be applied to improve the model’s performance.

e Other models like Support Vector Machine and K Nearest Neighbour
can be applied to see if these improve the nowcasting.

e For spatiotemporal precipitation nowcasting, the current model takes
only one variable as input, i.e. precipitation; its skill can be improved
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by using multi-variable input. The data was available only for only the
JJAS duration year 2021. More data can enhance the model skill. The
model’s performance can also be improved by hyperparameter tuning

e . Other models like ConvGRU can be used to compare the accuracy
with the ConvLSTM model.
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