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ABSTRACT. The demand for accurate and early warning systems for severe weather occurrences is increasing
due to the growth in both the frequency and intensity of extreme meteorological phenomena. Accurate advance prediction
of such catastrophic events remains a significant challenge for weather forecasters, making disaster mitigation difficult.
To enhance nowcasting accuracy, multiple data sources including meteorological (radar, satellite, and surface
observations) and geographical information (elevation, exposure, vegetation, hydrological characteristics, and
anthropogenic features) are increasingly integrated into forecasting frameworks. This study, presents a deep learning—
based architecture employing Long Short-Term Memory (LSTM) neural networks for short-term satellite image
prediction using the INSAT-3DR data, which plays a crucial role in weather nowcasting applications. Experimental
evaluation is carried out using the Thermal Infrared-1 (TIR-1) channel. The LSTM-based framework processes satellite
imagery by randomly segmenting images into pixel blocks of 5 x 5, 20 x 20, and 50 x 50 resolutions. Three model
variants CNN-LSTM, Bidirectional LSTM, and Vanilla LSTM are implemented to predict future satellite images at lead
times of 30 minutes, 1 hour, 1.5 hours, and 2 hours. The best-performing model for the TIR-1 band achieves an average
normalized mean absolute error of approximately 1.40%, demonstrating high prediction accuracy and confirming the
effectiveness of the proposed approach for INSAT-3DR satellite image nowcasting.

Key words — Weather nowcasting, deep learning, long short-term memory, INSAT-3DR data, Satellite image
prediction.
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1. Introduction

The meteorologists have been facing one of the
biggest challenges in predicting various extreme weather
events accurately and in time to avoid disasters. Weather
nowcasting (Lebedev et al., 2019)is the study that focuses
on the analysis and prediction of weather prediction in the
next 0 to 6 hours. It is becoming increasingly significant
in risk prevention and crisis management. The historical
meteorological data, including radar measurements,
satellite data, and ground observations, are all accessible
to consumers from meteorological institutes. Furthermore,
weather satellites are constantly collecting data on
temperature, winds, and clouds, and real-time data is
being collected by radars and ground stations. Hence,
machine learning (ML)(Bharill et al., 2020; Kamber et al.,
2006) based algorithms may employ a large amount of
data from various sources to enhance the effectiveness of
weather prediction systems. There is a great chance to
examine and precisely predict weather events because of
the volume of data that can be analyzed and the desire for
better nowcasting methods.

Recent methods for nowcasting utilize various kinds
of data sources, such as geographical and meteorological
information (elevation, exposure, vegetation, hydrological
features, and anthropological features), which are
important for accurate nowcasting. One type of satellite
used for monitoring and climate is a weather satellite. The
weather satellites are equipped with radiometers that
measure electromagnetic radiation's radiant power and
create images of the Earth in order to gather data. They
detect either visible, infrared, or microwave radiation for
the purpose of monitoring weather systems around the
world. This equipment detects electrical voltages, which
are then transformed into digital signals, transmitted to
receiving stations on the ground, and finally transmitted to
several weather forecast centres around the world.

Information on weather and ground conditions in
regions that are not monitored by weather radars or other
remote sensing systems, such as meteorological stations,
can be obtained through satellite images, which is a
valuable source of data for operational meteorology.
Various types of sensors are used by weather satellites for
collecting a wide range of data, such as temperature of the
surface or cloud top, surface reflectance, moisture content
in the middle and upper layers of the troposphere, ozone
concentration, and high-resolution visible images, to
mention a few. These parameters are collected and
transmitted over various channels. By combining data
from these channels, more information can be
demonstrated than by using them individually. This leads
to improved satellite images, which are highly helpful for
nowcasting weather conditions up to twelve hours in
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advance. Operational meteorologists present all of these
products as coloured maps that are simple to evaluate
quickly. Each pixel on this type of map indicates a
specific geographic place, and the colour of the pixel
denotes a particular value for the product being displayed
or a specific attribute of the atmosphere, soil, or ocean.
Automated feature detection and prediction on satellite
images is becoming a growing trend because of the vast
number of weather satellite products and related features
that have been identified, as well as the usual 5- to 15-
minute collection frequency.

The weather nowcasting problem is often addressed
with machine learning (Dubey and Saxena, 2017), and
deep learning (DL)(Zhu et al., 2024) methods. Recently, a
lot of advancement has been achieved in the field of DL-
based weather nowcasting using data from satellite and
radar sources. The Indian National Satellite System, or
INSAT(INSAT-3DR | Meteorological and Oceanographic
Satellite Data Archival Centre, n.d.), is a system of
multifunctional geostationary satellites that India deployed
in order to satisfy its requirements in meteorology,
broadcasting, telecommunications, and search and rescue,
launched in 1983. INSAT stands as the largest domestic
communication network in the Asia-Pacific region. Since
Indian Space Research Organization (ISRO) is part of the
COSPAR-Sarsat program, the satellites also include
transponders to receive distress alerts for search and
rescue operations in the South Asian and Indian Ocean
regions. In this research, INSAT-3DR satellite data are
used.

Nowcasting is the crucial study in the present
scenario, looking to a wide variation of weather
throughout the world. This is the basic motivation for the
present study. After an extensive literature review, it was
noted that there have been similar studies with reference
to the datasets belonging to different countries other than
India. This was the major motivation behind starting this
study. The present work focuses on LSTM-based
modeling to explicitly learn the spatiotemporal evolution
of cloud patterns.

The objective of this study is to develop an LSTM-
based nowcasting framework using INSAT-3DR satellite
imagery. To achieve this objective, the present study
investigates the nowcasting of INSAT-3DR satellite data
based on datasets provided by the India Meteorological
Department (IMD). The application of the proposed
methodology to INSAT-3DR data for short-term
nowcasting represents the key novelty and uniqueness of
this work.

The remaining part of the paper is organized as
follows. The methods for weather forecasting based on
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satellite data are reviewed in Section 2. Section 3 presents
the proposed methodology. Section 4 provides the results
and discussion. The conclusion and future work for further
research are outlined in Section 5.

2. Data and methodology

2.1. Literature review on weather forecast based on
satellite data

Over the past decades, a lot of work has been carried
out to improve Numerical Weather Prediction (NWP)
models  for  precipitation forecasts.  Precipitation
nowcasting based on spatiotemporal extrapolation
(Kotsuki et al.,, 2019) was used to provide a better
precipitation forecast at shorter lead times with much less
computation. Space-time extrapolation was used by
Otsuka et al. (2016) for satellite-based global
precipitation, with data assimilation being performed to
increase motion vector accuracy. Precipitation nowcasting
using satellite-based global precipitation projections has
proven to be valuable in areas without access to ground-
based weather radar networks. Wang et al. (2020)
compared observations of several satellite precipitation
products (IMERG-E, IMERG-L, and IMERG-F) during a
period of tropical cyclones in the Yangtze River Delta
area of China. The authors demonstrated via the
conducted tests the positive effects of using the most
effective IMERG precipitation product together with
traditional observation data integrated into the Weather
Research and Forecasting (WRF) model for modelling
heavy rainfall events that transpired across the area under
study.

Most of the research that proposes machine-learning
approaches for the nowcasting problem uses recurrent
neural networks (RNN)-based learning models, usually
with CNN elements as well. These models have the
advantage of being able to optimize various relevant
metrics very well, due to the time-series nature of the data
and the models’ inherent ability to learn from such data.
An important disadvantage, however, is the need for
powerful GPUs to be able to run such algorithms on a lot
of data. Even with high end hardware, training times for
training RNNs are very high.

In order to provide reliable predictions for areas
without radar systems, (Lebedev et al., 2019) proposed a
method for precipitation forecasting using satellite images.
Their solution was integrated into Yandex. The proposed
approach is a two-step process that involves first creating
a precipitation map using satellite images and then
utilizing the map to forecast future precipitation. An
RNN-based model combined with a U-Net model and a
combined loss function developed from the binary cross-
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entropy loss and the dice loss was used to carry out the
precipitation detection phase. It has been found that using
additional features improves detection, such as solar
altitude, topographic maps, and numerical weather
forecast information. Their U-Net model outperformed
two physics-based approaches as well as a shallow
convolutional neural network on the detection task.

Kumar et al. (2020) proposed the Convcast
precipitation nowecasting architecture, which uses a
ConvLSTM architecture to forecast several types of short-
term precipitation occurrences using satellite data. To
train the model, ten consecutive NASA IMERG
precipitation data sets at 30-minute intervals were used.
Precipitation forecasting with an accuracy of 0.93 is
achieved by using the anticipated precipitation data
frequently, up to 150 minutes in advance (Kumar et al.,
2020). Recently, RNN-based techniques were tested by
Berthomier et al. (2020) using Meteosat satellite data,
demonstrating the better performance of the UNet-based
strategy in different synergies between traditional RNNs,
LSTMs, Conv-nets, and UNet. Due to the similarities in
the time-series structure of the two forms of data, this is
further reinforced by (Agrawal et al., 2019) for the
nowcasting issue based on radar data, which is still
pertinent for our use case.

lonescu et al. (2021) introduced DeePSat, a CNN
architecture designed for short-term satellite image
prediction, aiding weather nowcasting. Experimental
evaluation of data from EUMETSAT’s Meteosat-11
satellite using five satellite products shows DeePSat's
effectiveness with an average normalized mean absolute
error of 3.84%, demonstrating its superior performance
compared to similar approaches.

Shukla et al. (2010) proposed a novel image
sequence extrapolation framework for near-real-time
weather nowcasting using geostationary satellite images.
The study developed and evaluated three models: spatio-
temporal autoregressive (STAR), discrete Fourier
transform (DFT), and a hybrid DFT-STAR method in the
Asian monsoon area. Based on skill scores and
performance indices, an optimal scheme combining STAR
and hybrid DFT-STAR models was identified,
demonstrating reliable image prediction up to a 3-hour
forecast lead time under varying meteorological
conditions.

Shukla et al. (2013) addressed limitations in satellite-
based weather nowcasting arising from the inadequate
representation  of  transitions  between  different
meteorological structures. To improve nowcasting
efficacy, they used a clustering methodology inside a
spatiotemporal autoregressive regression framework,
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enabling the modeling of unique spatiotemporal
correlations for various cloud regimes. Experimental
results over a large dataset demonstrated statistically
significant improvements in forecast skill, including
higher probability of detection (POD) and critical success
index (CSI), along with reduced false alarm rates
compared to unclassified and persistence-based
predictions. The positive impact of clustering was most
pronounced up to a 2-hour lead time, with notable
improvement at 3 hours, highlighting the model’s
potential for real-time forecasting of convective systems.

Son and Thong (2017) introduced two hybrid
weather nowcasting approaches using image fuzzy
clustering, referred to as PFC-STAR and PFC-PFR. The
PFC-STAR approach integrates picture fuzzy clustering
with spatiotemporal autoregressive regression, while PFC-
PFR integrates picture fuzzy clustering with picture fuzzy
rule-based inference. Both methodologies include training
processes to improve predictive accuracy. Experimental
findings on satellite image sequences in Southeast Asia
indicated that the proposed methods outperform
other methods by adeptly handling uncertainties and
transitions among various meteorological structures,
demonstrating their suitability for short-term weather
nowcasting.

Singh et al. (2023) emphasized the significance of
satellite-based nowcasting for the Indian monsoon area,
which exhibits significantly different rainfall patterns.
They developed a Nowcasting of Extreme Orographic
Rain (NETRA) model based on INSAT-3D/3DR,
originally for the Western Himalayan area and then
expanded to include the whole Indian subcontinent. The
system delivers near-real-time heavy rainfall notifications
at 30-minute intervals via the MOSDAC online platform.
Validation over a two-year period using INSAT-3D/3DR
Hydro-Estimator—based Quantitative Precipitation
Estimates showed robust spatial and temporal rainfall
detection capability. While overall QPE correlation was
modest, the model showed high skill for heavy rainfall
events (r > 0.7), probability of detection exceeding 95%
during the monsoon season, low false alarm rates, and
robust performance for extreme events as indicated by
EDS, EDI, and SEDI indices, highlighting its significant
societal relevance for disaster risk reduction in India.

2.2. Methodology

2.2.1. Description of datasets

INSAT-3DR satellite data by the IMD, Delhi
Meteorological Administration and retrieved in HDF5

image format is used in the experiments. INSAT-3DR
carries two instruments: the INSAT-3DR sounder and the
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INSAT-3DR imager. The INSAT-3DR sounder is a 19-
channel sounder that aims to provide vertical profiles of
temperature, humidity, and integrated ozone. The INSAT-
3DR imager is a multispectral optical radiometer capable
of image generation in six bands: one visible band (0.55—
0.75 pm) and five infrared bands (1.55-1.70 um (SWIR,
Short Wave Infrared), 3.80-4.00 pm (MIR, MidWave
Infrared), 6.50-7.10 um (water vapor), 10.30-11.30 um
(TIR-1, Thermal Infrared-1), and 11.50-12.50 pm (TIR-
2, Thermal Infrared-2)), the INSAT-3DR imager provides
the ability to take imagesof the earth disc from
geostationary altitude. Normally, the sub-satellite point's
ground resolution is 1 km x 1 km for the visible and
SWIR bands, 4 km x 4 km for one MIR and both TIR
bands, and 8 km x 8 km for the water vapour band (Giri et
al., 2023).

For each of the channels, the value range is between
0 and 1023, and image sampling distances of 4 km for all
channels except the high-resolution visible, which is at 1
km, while the time resolution is 30 minutes. In this study,
a subdomain of the Earth's full disk has been observed by
the INSAT-3DR, an area approximately determined by a
square with the South Asian and Indian Ocean Region.

The TIR-1 channel of INSAT-3DR is selected in this
study for future image predictions at 30-minute, 1-hour,
1.5-hour, and 2-hour lead times because it provides
continuous day-and-night observations and effectively
captures cloud-top brightness temperature variations,
which are critical indicators of cloud evolution and
convective activity. Unlike visible channels, the TIR-1
channel is independent of solar illumination, making it
particularly  suitable  for  short-term  nowcasting
applications. Moreover, TIR-1 data exhibit strong
temporal consistency and sensitivity to cloud dynamics,
which are essential for learning spatiotemporal patterns
using LSTM-based models. Consequently, the TIR-1
channel provides a reliable and physically meaningful
input for accurate nowcasting. In Fig. 1, TIR-1 channel
data are present in this image, and in this image, the total
number of pixels is 1616x1618 (X-axis, Y-axis).

2.2.2. LSTM model

DL based models, LSTMs (Sherstinsky, 2020), are
valuable tools for weather nowcasting due to their ability
to capture complex temporal relationships and adapt to
evolving weather patterns. They enhance the performance
and reliability of short-term weather predictions. This
study wused three different variants of LSTM:
Convolutional Neural Network-LSTM (CNN-LSTM)
(Gao et al., 2023), Bidirectional LSTM (B-LSTM)
(Venkatesan et al., 2022), and Vanilla LSTM (V-LSTM)
(Sherstinsky, 2020).
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X-axis

Fig. 1. A Sample Input Image on TIR-1 Data

C(t-1)

Input

h(t-1)

Fig. 2. Structure of Long Short-Term Memory

Long short-term memory (LSTM): LSTM is an RNN
(Sherstinsky, 2020) architecture developed to overcome
the vanishing gradient issue in regular RNNs. LSTM
networks may learn long-term relationships in sequential
data and are extensively used for natural language
processing, speech recognition, and time-series prediction.
The addition of a memory cell in the network enables it to
selectively forget or retain information over time, making
it well-suited for simulating sequential data with long-
term dependencies.

The following equations illustrate the operation of an
LSTM neuron architecture:

Forget gate,

fg = O'a(ng X X¢ + Ufg X h(t - 1) + bfg) (1)
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Input gate,

ig=o0,(Wig X x; + Uy X h(t — 1) + b;y) 2
Output gate,

0g = 0q(Wog X x¢ + Upg X h(t — 1) + bog) 3)

C'(t) = 0p(Wee X xp + Uge X h(t — 1) + bge) (4)
Cell state,

Ct)=fg.C(t—1)+ig.C'(t) (5)
Hidden state,

h(t) = 0g.0,(C(1)) (6)

where Wry, Wig, W,g, Usg, Uig, U,y are weight matrices,
bsg, big, bog, bcare bias and x.is input

2.2.2.1. CNN-LSTM

CNNs and LSTM networks are combined in the
CNN-LSTM hybrid neural network model to handle tasks
requiring both temporal and spatial dependence. By using
convolutional filters and pooling processes, CNNs have
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expertise in extracting spatial features and patterns from
data, including images or sequences. On the other hand,
due to their special gating mechanisms that control the
information flow, LSTMs are excellent at detecting and
retaining long-term dependencies in sequential data.

In the CNN-LSTM architecture, the convolutional
layers analyze the input data in order to extract spatial
information. Then, in order to decrease dimensionality
while keeping crucial data, these features are processed
through pooling layers. The LSTM layers obtain the
flattened feature maps, which are then used to extract
sequence information and temporal dependencies. To
obtain the final predictions, fully connected (dense) layers
process the output from the LSTM layers.

2.2.2.2. Bidirectional LSTM (B-LSTM)

B-LSTM is a kind of LSTM that improves model
performance on sequence-based challenges. Bidirectional
long-short term memory (Bi-LSTM) is the technique of
allowing any neural network to store sequence
information in both directions, forward and backward.
Bidirectional LSTMs train two instead of one LSTM on
the input sequence in cases where all timesteps of the
input sequence are known. The first is the original input
sequence, and the second is a reversed replica of the
original input sequence. This may offer more context to
the network, resulting in quicker and more complete
learning model.

2.2.2.3. VanillaLSTM

A basic kind of RNN, called vanilla LSTM,
efficiently learns and remembers long-term relationships
in sequential data, therefore solving the limitations of
traditional RNNSs. This is made possible by the distinctive
cell structure and gating mechanism of LSTM networks,
which regulate the information flow.

2.3. Performance evaluation

DL-based model LSTMs are valuable tools for
weather nowcasting due to their ability to capture complex
temporal relationships and adapt to evolving weather
patterns. They enhance the performance and reliability of
short-term weather predictions. Three different variants of
LSTM, namely CNN-LSTM, B-LSTM, and V-LSTM,
have been used. All of the tests were run across 50 epochs
using the Adam Optimizer with a window size of 4 and a
batch size of 2. In the experiments, 70% of the data set
was used for training. After completing the training step,
the remaining 30% data is used for testing. In this study,
the entire satellite image is not predicted directly due to
the very large data volume. Therefore, the original image

1040

is divided into randomly selected smaller regions of sizes
5 x 5,20 x 20, and 50 x 50 pixels. This strategy reduces
computational complexity and allows the model to
effectively learn spatiotemporal patterns at different
spatial scales for predicting future satellite data. For
evaluating the performance of LSTM models on a certain
testing set, two evaluation measures are computed over
the test samples: the mean of absolute errors (MAE) and
the normalized mean of absolute error (NMAE).

2.3.1. Mean of absolute errors

The Mean Absolute Error (MAE) is a measure of the
average magnitude of errors between the predicted and
actual value, without considering the direction of the
errors.

Let the image size be HxW, y;; is the actual pixel
value, and Vi is the predicted value. The Mean Absolute
Error (MAE) is then calculated as:

H
i=1

2.3.2. Normalized mean of absolute error

1

MAE =
HxW

(7

w
=1

Z Yij — J7ij|

J

The NMAE represents the normalized MAE
obtained by dividing the MAE value by the range of the
predicted output (1024 in our case) and is expressed as a
percentage. The NMAE is then calculated as:

®)

The MAE and NMAE are used to measure the
accuracy of a prediction model. A lower MAE and NMAE
value indicate smaller prediction errors and, therefore,
better model performance.

3. Results and discussion

This section provides the results of LSTM models.
The satellite image has a total of 1618 X 1616 pixels in
each image. In this research, the LSTM models are
applied to randomly split small pixels of an image, like
5X5, 20X20, and 50X50 pixels, and the results are
presented in Tables 1, 3, and 5. The particular pixels of
the image are denoted as 4 km of data, which means we
predict 25 km, 400 km, and 40000 km of data.

Tables 1, 3, and 5 present the predictions of TIR-1
data for durations of 30-minute, 1- hour, 1.5-hour, and 2-
hour using CNN-LSTM, B-LSTM, and V-LSTM models.
In these tables, block 1 contains the image's total image
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TABLE 1

Result Table using the CNN-LSTM on TIR-1 Data

30-minute
prediction

MAE NMAE MAE NMAE MAE NMAE MAE NMAE MAE NMAE
50x50 380 1430 35.94 351 21.20 2.07 28.44 2.78 42.09 411 57.18 5.58
20x20 380 1430 21.75 271 40.41 3.95 54.09 5.28 74.95 7.32 91.07 8.89

Image Training 1-hour prediction 1.5-hour prediction 2-hour prediction

. X-axis  Y-axis
size

5x5 380 1430 30.07 2.94 59.03 5.76 60.08 5.87 116.12 11.34 119.34 11.65
50x50 900 400 2.94 0.29 3.63 0.35 5.44 0.53 8.08 0.79 9.72 0.95
20x20 900 400 3.73 0.36 3.73 0.36 4.80 0.47 6.48 0.63 7.12 0.70

5x5 900 400 3.85 0.38 3.31 0.32 4.17 0.41 5.50 0.54 6.34 0.62

50x50 1000 500 3.04 0.30 4.38 0.43 4.36 0.43 6.76 0.66 8.23 0.80
20x20 1000 500 3.63 0.35 3.62 0.35 3.55 0.35 6.45 0.63 7.13 0.70
5x5 1000 500 5.08 0.50 4.57 0.45 5.36 0.52 8.15 0.80 8.72 0.85
50x50 1000 800 3.04 0.30 4.38 0.43 4.36 0.43 6.76 0.66 8.23 0.80
20x20 1000 800 9.75 0.95 17.46 1.70 20.50 2.00 30.46 2.97 37.93 3.70
5x5 1000 800 5.42 0.53 5.02 0.49 5.60 0.55 8.19 0.80 9.18 0.90
50x50 1200 1110 29.00 2.83 26.84 2.62 34.11 3.33 42.99 4.20 50.33 4.92
20x20 1200 1110 11.13 1.09 11.88 1.16 11.61 1.13 13.40 131 14.59 1.43
5x5 1200 1110 5.72 0.56 4.95 0.48 6.37 0.62 8.00 0.78 9.64 0.94
Average 12.01 117 14.29 1.40 16.85 1.65 25.63 2.50 29.65 2.90

TABLE 2

Difference between the actual image brightness temperature in Celsius and the predicted image brightness temperature in
Celsius using the CNN-LSTM model (in %)

30-minute prediction 1-hour prediction 1.5-hour prediction 2-hour prediction
Image size  X-axis Y-axis 0to2 Other 0to2 Other 0to2 Other 0to2 Other
degree degree degree degree degree degree degree degree
50x50 380 1430 28.6 71.4 21.84 78.16 15.8 84.2 12.04 87.96
20x20 380 1430 28.75 71.25 19.25 80.75 12.75 87.25 12.25 87.75
5x5 380 1430 8 92 12 88 12 88 4 96
50x50 900 400 100 0 100 0 99.88 0.12 99.8 0.2
20x20 900 400 100 0 100 0 100 0 99.75 0.25
5x5 900 400 100 0 100 0 100 0 100 0
50x50 1000 500 100 0 100 0 99.84 0.16 99.56 0.44
20x20 1000 500 100 0 100 0 99.75 0.25 99.5 0.5
5x5 1000 500 100 0 100 0 100 0 100 0
50x50 1000 800 100 0 100 0 99.84 0.16 99.56 0.44
20x20 1000 800 100 0 100 0 99.75 0.25 99.75 0.25
5x5 1000 800 96 4 96 4 72 28 72 28
50x50 1200 1110 71.72 28.28 64.04 35.96 59.76 40.24 57.36 42.64
20x20 1200 1110 90 10 89.5 10.5 89.5 105 88 12
5x5 1200 1110 100 0 100 0 96 4 96 4
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TABLE 3

Result Table using the B-LSTM on TIR-1 Data (60-minute)

. . . Training 30-minute prediction 1-hour prediction 1.5-hour prediction 2-hour prediction
Image size  X-axis Y-axis
MAE NMAE MAE NMAE MAE NMAE MAE NMAE MAE NMAE
50x50 380 1430 28.71 2.80 33.57 3.28 38.25 3.74 50.59 4.94 66.09 6.45
20x20 380 1430  26.26 2.56 53.85 5.26 69.47 6.78 95.53 9.33 11395 1113
5x5 380 1430 24.98 2.44 80.48 7.86 87.56 8.55 147.46 1440 15480 15.12
50x50 900 400 2.14 0.21 3.13 0.31 4.75 0.46 6.63 0.65 7.89 0.77
20x20 900 400 241 0.24 2.48 0.24 3.12 0.30 432 0.42 4.50 0.44
5x5 900 400 1.74 0.17 1.19 0.12 1.35 0.13 1.42 0.14 1.27 0.12
50x50 1000 500 2.31 0.23 3.83 0.37 3.72 0.36 5.35 0.52 6.56 0.64
20x20 1000 500 231 0.23 2.14 0.21 2.04 0.20 4.18 0.41 5.16 0.50
5x5 1000 500 2.49 0.24 2.52 0.25 2.90 0.28 6.22 0.61 6.37 0.62
50x50 1000 800 7.66 0.75 24.58 2.40 28.69 2.80 38.36 3.75 51.17 5.00
20x20 1000 800 6.76 0.66 16.21 1.58 18.18 1.78 22.63 221 26.68 2.61
5x5 1000 800 9.24 0.90 13.64 1.33 20.80 2.03 24.94 2.44 29.64 2.89
50x50 1200 1110  20.85 2.04 31.82 3.11 45.61 4.45 52.96 5.17 60.18 5.88
20x20 1200 1110 8.24 0.80 1177 1.15 11.30 1.10 11.29 1.10 10.67 1.04
5x5 1200 1110  3.75 0.37 3.34 0.33 413 0.40 471 0.46 5.02 0.49
Average 9.99 0.98 18.97 1.85 22.79 2.23 3177 3.10 36.66 3.58
TABLE 4

Difference between the actual image brightness temperature in Celsius and the predicted image brightness temperature in Celsius using

the B-LSTM model (in %)

30-minute prediction 1-hour prediction 1.5-hour prediction 2-hour prediction
'Ti‘:ge X-axis  Y-axis  0to2 Other 0t02 Other 0t02 Other 0to2 Other
degree degree degree degree degree degree degree degree
50x50 380 1430 11.48 88.52 10.08 89.92 7.76 92.24 6.6 93.4
20x20 380 1430 75 925 45 95.5 3.75 96.25 35 96.5
5x5 380 1430 0 100 0 100 0 100 8 92
50x50 900 400 100 0 100 0 99.88 0.12 99.72 0.28
20x20 900 400 100 0 99.75 0.25 99.75 0.25 99.75 0.25
5x5 900 400 100 0 100 0 100 0 100 0
50x50 1000 500 100 0 99.92 0.08 99.8 0.2 99.52 0.48
20x20 1000 500 100 0 100 0 100 0 100 0
5x5 1000 500 100 0 100 0 100 0 100 0
50x50 1000 800 93.44 6.56 88.32 11.68 84.32 15.68 75 25
20x20 1000 800 99.25 0.75 95 5 86.5 13.5 75.5 245
5x5 1000 800 100 0 96 4 100 0 80 20
50x50 1200 1110 61.64 38.36 49.12 50.88 46.6 534 46.16 53.84
20x20 1200 1110 88.5 115 90.25 9.75 91 9 90.25 9.75
5x5 1200 1110 100 0 100 0 100 0 100 0

1042



SAXENA etal. : LSTM BASED MODEL FOR THE PREDICTION OF INSAT-3DR SATELLITE IMAGES FOR NOWCASTING

uio
120
130

1160 . i
1200 1210 1220 1230 1240 150

Y axis

1140
1150

X axis

ni

1n20

uso

Y axis

140

1s0

1160 .

1200 1210 1220 1230 1240 1250
X axis

o

Fig. 3. Comparison of Original and Predicted Images using the CNN-LSTM Model (50x50 pixels, X-axis: 1200, Y-axis: 1110)

size in pixels (X-axis and Y-axis). The second block
presents the X-axis of the selected image; the third block
presents the Y-axis of the image; the fourth block presents
the training result (MAE, NMAE); and the fifth to eighth
block presents the 30-minute, 1-hour, 1.5-hour, and 2-hour
prediction results (MAE, NMAE).

Tables 2, 4, and 6 present the difference between the
actual image brightness temperature in Celsius and the
predicted image brightness temperature in Celsius using
CNN-LSTM, B-LSTM, and V-LSTM models on TIR-1
data for durations of 30-minute, 1-hour, 1.5-hour, and 2-
hour. In these tables, block 1 contains the image's total
image size in pixels (X-axis and Y-axis). The second
block presents the X-axis of the selected image; the third
block presents the Y-axis of the image; the fourth block
presents the difference between the actual image
brightness temperature in Celsius and the predicted image
brightness temperature in Celsius on training data (0 to 2
degree, Other degree); and the fifth to eighth block
presents the difference between the actual image
brightness temperature in Celsius and the predicted image
brightness temperature in Celsius of 30-minute, 1-hour,
1.5-hour, and 2-hour on testing data(0 to 2 degree, Other
degree).

The CNN-LSTM models shown in Table 1
demonstrate that the results provided the best MAE and
NMAE values for satellite image prediction of the TIR-1
image. The training results yielded an overall average
MAE of 12.01% and an average NMAE of 1.17%. We
achieved an average of 14.29% of MAE and an average of
1.40% of NMAE for 30-minute of satellite image
prediction, 16.85% of an average MAE and 1.65% of an
average NMAE for 1-hour of satellite image prediction,
25.63% of an average MAE and 2.50% of an average
NMAE for 1.5-hour of satellite image prediction, and
29.65% of an average MAE and 2.90% of an average
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NMAE for 2-hour of satellite image prediction. The result
shows excellent performance of CNN-LSTM models.

The result of the B-LSTM models shown in Table 3
reveals that the proposed model provided the best MAE
and NMAE values for satellite image prediction of the
TIR-1 image. An overall average MAE of 9.99% and an
average NMAE of 0.98% were obtained for training
results. We achieved an average of 18.97% of MAE and
an average of 1.85% of NMAE for 30-minute satellite
image prediction; 22.79% of an average MAE and 2.23%
of an average NMAE were obtained for 1-hour satellite
image prediction; 31.77% of an average MAE and 3.10%
of an average NMAE were obtained for 1.5-hour satellite
image prediction; and 36.66% of an average MAE and
3.58% of an average NMAE were obtained for 2-hour
satellite image prediction.

The result of the V-LSTM models shown in Table 5
indicates the best MAE and NMAE values for satellite
image prediction of the TIR-1 image. The training results
produced an overall average MAE of 10.94% and an
average NMAE of 1.07%. We achieved an average of
19.28% of MAE and an average of 1.88% of NMAE for
30-minute of satellite image prediction; 23.31% of an
average MAE and 2.28% of an average NMAE were
obtained for 1-hour of satellite image prediction; 33.28%
of an average MAE and 3.25% of an average NMAE were
obtained for 1.5-hour of satellite image prediction; and
38.51% of an average MAE and 3.76% of an average
NMAE were obtained for 2-hour of satellite image
prediction.

Tables 1, 3, and 5 show that the CNN-LSTM model
performs better compared to other models. Fig. 3 present
the results of predicted satellite images. Fig. 3 represents
the comparison of the original and predicted satellite
image (50x50 pixels, X-axis: 1200, Y-axis: 1110).
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TABLES5

Result Table using the V-LSTM on TIR-1 Data

Training 30-minute prediction 1-hour prediction 1.5-hour prediction 2-hour prediction

Image size  X-axis Y-axis
MAE NMAE MAE NMAE MAE NMAE MAE NMAE MAE NMAE

50x50 380 1430  37.59 3.67 33.82 3.30 39.95 3.90 55.15 5.39 73.62 7.19
20x20 380 1430  26.60 2.60 53.51 5.23 69.88 6.82 96.79 9.45 116.24 1135

5x5 380 1430  25.46 2.49 77.79 7.60 88.81 8.67 151.01 1475  158.10 15.44
50x50 900 400 2.19 0.21 3.10 0.30 4.69 0.46 6.54 0.64 7.81 0.76
20x20 900 400 2.50 0.24 2.46 0.24 3.07 0.30 4.16 0.41 4.40 0.43

5x5 900 400 1.94 0.19 0.99 0.10 1.20 0.12 1.29 0.13 1.02 0.10
50x50 1000 500 2.25 0.22 3.87 0.38 3.60 0.35 5.18 0.51 6.21 0.61
20x20 1000 500 2.52 0.25 2.44 0.24 2.24 0.22 4.21 0.41 5.17 0.50

5x5 1000 500 3.55 0.35 3.45 0.34 3.07 0.30 5.89 0.58 6.09 0.59
50x50 1000 800 7.78 0.76 25.21 2.46 30.01 2.93 40.25 3.93 53.25 5.20
20x20 1000 800 6.54 0.64 18.91 1.85 22.77 2.22 29.66 2.90 36.74 3.59

5x5 1000 800 10.53 1.03 14.47 141 18.16 1.77 2541 2.48 28.77 2.81
50x50 1200 1110 2242 2.19 32.72 3.20 47.22 4.61 57.45 5.61 65.33 6.38
20x20 1200 1110 8.34 0.81 12.90 1.26 10.69 1.04 11.77 1.15 10.19 0.99

5x5 1200 1110  3.82 0.37 3.57 0.35 4.24 0.41 4.39 0.43 4.77 0.47

Average 10.94 1.07 19.28 1.88 2331 2.28 33.28 3.25 38.51 3.76
TABLE 6

Difference between the actual image brightness temperature in Celsius and the predicted image brightness temperature
in Celsius using the V-LSTM model (in %)

30-minute prediction 1-hour prediction 1.5-hour prediction 2-hour prediction
Image size X-axis Y-axis c?eg:’eze (z;hriz 0 to 2 degree doetgr:’izre-: 0 to 2 degree (%tghr?ere-z 0 to 2 degree (%tghrir(-a
50x50 380 1430 10.56 89.44 9.92 90.08 74 92.6 7.64 92.36
20x20 380 1430 55 94.5 5.5 94.5 4.75 95.25 4.25 95.75
5x5 380 1430 0 100 0 100 0 100 0 100
50x50 900 400 99.96 0.04 99.96 0.04 99.96 0.04 99.84 0.16
20x20 900 400 100 0 100 0 99.75 0.25 99.75 0.25
5x5 900 400 100 0 100 0 100 0 100 0
50x50 1000 500 99.96 0.04 99.88 0.12 99.8 0.2 99.76 0.24
20x20 1000 500 100 0 100 0 100 0 99.75 0.25
5x5 1000 500 100 0 100 0 100 0 100 0
50x50 1000 800 93.16 6.84 87.84 12.16 82.56 17.44 74.2 25.8
20x20 1000 800 99.25 0.75 97.5 25 95 5 93.25 6.75
5x5 1000 800 100 0 100 0 100 0 96 4
50x50 1200 1110 60.52 39.48 48.48 51.52 46.76 53.24 46.12 53.88
20x20 1200 1110 88 12 91.25 8.75 90.5 9.5 90.75 9.25
5x5 1200 1110 96 4 100 0 100 0 100 0
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TABLE7

Comparison of average MAE and NMAE between the CNN-LSTM, B-LSTM, and V-LSTM models for 30-minute, 1-hour,
1.5-hour, and 2-hour of predication in TIR-1 data

o CNN-LSTM CNN-LSTM B-LSTM B-LSTM V-LSTM V-LSTM
Prediction Time
MAE NMAE MAE NMAE MAE NMAE
30-minute 14.29% 1.40% 18.97% 1.85% 19.28% 1.88%
1-hour 16.85% 1.65% 22.79% 2.23% 23.31% 2.28%
1.5-hour 25.63% 2.50% 31.77% 3.10% 33.28% 3.25%
2-hour 29.65% 2.90% 36.66% 3.58% 38.51% 3.76%
4.00% The experimental results demonstrate that the

proposed LSTM-based framework successfully achieves
the stated objective by accurately predicting future INSAT-
3DR TIR-1 satellite images across multiple lead times.

This research presents a long-short-term memory

2200 4. Conclusions
1.50%
o (LSTM) deep learning model, a LSTM model designed
0.50% for predicting future satellite images using historical

satellite imagery, with a specific focus on weather

0.00

30-minute Predication I-hour Predication - 1.5-hour Predication - 2-hour Predication nowcasting. It uses recent, original satellite data to predict
RENNASTM (BRLSTM SNVCRRTM future satellite data. Satellite TIR-1 data were used in the

Fig. 4. Comparison between CNN-LSTM, B-LSTM, and V-LSTM experiments that utilized the satellite data obtained by the
models in terms of NMAE for 30-minute, 1-hour, 1.5-hour, and INSAT3DR satellite. In the experiments, we initially
2-hour of predication in TIR-1 data divided the original image into smaller areas, such as 5x5,
20x20, and 50x50 pixels, in order to predict future satellite

Fig. 3 show the comparison of the original and images. In these smaller areas, we used three different
predicted images by the CNN-LSTM model. The CNN- types of LSTM models: CNN-LSTM, B-LSTM, and V-
LSTM model has remarkable performance in image LST_M, to predict future sa_ltelllte images. We achieved a
prediction tasks, according to the findings. The model is minimum average normalized mean of absolute errors

very successful and has potential applications requiring ~ (NMAE) of 1.40% on the CNN-LSTM model compared
precise image reconstruction or prediction, as shown by to other LSTM models, demonstrating the effectiveness of

the high degree of visual and quantitative similarity e CNN-LSTM model. It is worth noting that our

between the original and predicted images. approach outperforms all but the LSTM-based methods,
which exhibit significantly lower mean absolute error
Table 7 shows the comparison of average MAE and (MAE) values. In this study, the objective of developing

NMAE between the CNN-LSTM, B-LSTM, and V-LSTM an LSTM-based nowcasting framework for INSAT-3DR
models for 30-minute, 1-hour, 1.5-hour, and 2-hour of satellite imagery has been successfully achieved. While

predication in TIR-1 data, and Fig. 4 represents the our model offers advantages in terms of simplicity, there
comparison between CNN-LSTM, B-LSTM, and V- is still scope for improvement. To address this, we plan to
LSTM models in terms of NMAE for 30-minute, 1-hour, explore lightweight LSTM-based models tailored to this
1.5-hour, and 2-hour of predication in TIR-1 data. In  Problem. The future work aims to strike a balance
Table 7, it is clearly shown that the CNN-LSTM model between ease of training and improved performance
performed very well compared to B-LSTM and V-LSTM compared to non-recurrent approaches, and could focus on
in terms of MAE and NMAE. In Fig. 4, the CNN-LSTM  improving long-term prediction accuracy and reducing
model shows outstanding prediction accuracy for fewer ~ MAE for extended intervals. Also, the future work will
time intervals, especially at 30 minutes. On the other explore the integration of multiple INSAT-3DR spectral
hand, the accuracy decreases with an increasing forecast channels, including both infrared and visible bands, to
interval, indicating the limitations of the model over potentially improve the accuracy and reliability of short-
longer times. term weather nowcasting.
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