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Abstract— The sudden rapid outbreak of the 

coronavirus has posed significant challenges to all 

communities. Researchers and doctors have struggled 

to fully comprehend all aspects associated with SARS-

CoV2, such as its transmission rate, due to the virus's 

unique nature and the emergence of new strains. 

Making it incredibly tough to simulate accurately. 

Even as more data and information become available, 

these characteristics remain dynamic, making it 

impossible to quantify them. The lack of good models 

and sufficient data on confirmed cases and deaths at 

the start of the pandemic made it difficult to anticipate 

future cases and plan for key hospital resource needs 

and effective mitigation efforts. Because of the 

coronavirus's unfamiliarity and novelty, contradictory 

messages were transmitted about the outbreak's 

potential severity, the importance of mask-wearing 

and social distancing, and other related precautions, 

resulting in ad hoc, unplanned lockdowns and a rise in 

SARS-CoV2 cases. Supply chains and hospitals 

around the world were unable to keep up with the 

demand for ventilators, personal protective equipment 

(PPE), and intensive care unit (ICU) beds as doctors 

and scientists began to better understand SARS-

CoV2's destructive and disruptive nature, causing 

critically ill patients to be turned away. The world’s 

strongest and largest economies came to their knees, 

and resources have been stressed out due to the speed 

of coverage of the pandemic and the rate of 

transmission of the disease. Seeing the magnitude of 

growth in a number of cases also its consequences on 

the health administration of the country, an accurate 

prediction seems to be a very important requirement to 

control this in future and be prepared for the same. In 

this research, Mathematical, Statistical and LSTM 

modelling and identification techniques are applied in 

developing a prediction system to forecast the spread 

of SARS-CoV2 in India. When any Epidemic or 

Pandemic breaks out there is a need for immediate 

measures in exponential cases as it's evident that 

developing a vaccine would take some time, so non-

therapeutic interventions such as social distancing or 

contact tracing have benefitted to delay the rising of 

SARS-CoV2 cases. Through this research, we are 

proposing a multi-pronged approach for bracketing the 

SARS-CoV2 cases in India. We found ARIMA model 

grossly underestimates, SEIRD model grossly 

overestimates, the Polynomial has shown promises for 

a long-term prediction (~20 days), The changing 

degree of polynomials for best fit, Deep learning 

models seems to have immense potential to bracket the 

number of cases especially for short-term (~10 days). 

A Comprehensive platform (most likely a hybrid one 

with DL, Statistical and Mathematical) is very useful 

to Sharpen the bracket as much as possible and use of 

clustering algorithms to identify vulnerable districts to 

potentially become SARS-CoV2 hotspots. Estimate 

changing R0 (basic reproduction number) from data 

using Deep Learning, influenced by lockdown and un-

lockdown patterns and design downscaling 

approaches. Anaconda environment with Python, 

Jupyter Notebook and Google Collab ML platforms 

are used as simulation tools for the algorithms to test 

and predict Indian SARS-CoV2 disease data.  

 

Keywords— Multipronged Approach, SARS-

CoV2, ARIMA, SEIRD, Deep Learning 

I. INTRODUCTION  

COVID-19 outbreak has brought disaster and 

emergency all over the world. Infected cases are 

rapidly increasing every day. India being second after 

US in terms of total cases till now have 34.285 million 

COVID-19 cases and out of those 0.15 million active 

cases as per the data updated on Nov 1, 2021 

(www.covid19india.org). World’s strongest and 

largest economies came to their knees, resources have 

stressed out due to the speed of coverage of the 

pandemic and rate of transmission of the disease. 

Seeing the magnitude of growth in number of cases 

also its consequences on the health administration of 

the country, an accurate prediction seems to be very 

important requirement to control this in future and be 

prepared for the same. The following are few 

prediction models have exercised by some researchers. 

Edward et al., (2022) formed CoVCom9 which is a 

modified SEIR Compartmental model consists of 9 

compartments describing SARS-CoV-2 transmission 

dynamics in Ghana. Their team carried out a detailed 

mathematical analysis and derived basic reproduction 

number R0 

Tuli et al., (2020) deployed Machine Learning (ML) 

and Cloud computing technology very effectively to 

keep a track of the disease, predicting growth of the 

epidemic and suggestive strategies and policies for 

health administration to manage the spread. An 

improved mathematical model is applied here to 

analyze and predict the growth of the epidemic. 

Worldwide lots of AI, ML-based algorithmic model is 

applied to predict the potential threat of COVID-19. 

But this study used iterative weighting for fitting 

Generalized Inverse Weibull distribution, this can be 

better fit to develop a prediction framework.  

Tomar et al., (2020) used data-driven estimation and 

prediction methods of AI viz. long short-term memory 

(LSTM) and curve fitting to find out the number of 

COVID-19 cases in India 30 days prior and effective 

preventive measures to be taken to manage the same. 

The predicted number of positive cases and recovered 

cases obtained by the proposed method is accurate 

http://www.covid19india.org/


within a certain range and is a beneficial tool for 

administrators and health officials. 

Pandey et al., (2020) analyzed outbreak of the 

disease in India for a certain date and prediction 

of number of cases done for the next 2 weeks. The 

SEIR model and Regression models are used for 

predictions based on the data collected from John 

Hopkins University repository in the time period 

of 30th January 2020 to 30th March 2020. The 

evaluation of performance of the proposed model 

using RMSLE achieved 1.52 for SEIR model and 

1.75 for the regression model. The RMSLE error 

rate between SEIR model and Regression model 

was found to be 2.01. Even the value of R0 which 

determines the spread of the disease was 

calculated to be 2.02. The predicted number of 

cases may rise between 5000-6000 in the next 

two weeks of time according to the above 

method.  
Sarkar et al., (2020) proposed a mathematical model 

that specifically predicts the COVID-19 dynamics in 

17 provinces of India and overall. According to this 

study an estimated pandemic life cycle along with the 

real data or history to date has shown which reveals 

the predicted inflection point and ending phase of 

COVID 19. Actually the proposed model monitors the 

dynamics of six compartments, namely susceptible 

(S), asymptomatic (A), recovered (R), infected (I), 

isolated infected (Iq) and quarantined susceptible (Sq), 

collectively expressed SARIIqSq. Also a sensitivity 

analysis is conducted to determine the robustness of 

model predictions to parameter values and the 

sensitive parameters are estimated from the real data 

on the COVID-19 pandemic in India. Their result 

shows by reducing contact rate between uninfected 

and infected individuals through quarantine the 

susceptible individuals, leads effective reduction in 

proportionate number of cases. The proposed model 

simulation too demonstrates COVID 19 pandemic 

eradication possible by combining the restrictive 

social distancing and contact tracing. As their 

predictions are based on real data with reasonable 

assumptions, whereas the accurate course of epidemic 

heavily depends on how and when quarantine, 

isolation and precautionary measures are enforced. 

Rajesh Ranjan, (2020) compared Indian COVID-19 

data with several countries as well as the important 

states in the US struck with a major outbreak, and he 

also found that the basic reproduction number R0 for 

India is in the range of 1.4-3.9 which was as per 

expectation. Also growth rate of infections in India is 

almost near to that of Washington and California. 

Based on Exponential and classic susceptible-

infected-recovered (SIR) model estimation India is 

going to enter an equilibrium by May end 2020 with 

final epidemic size of 13,000 approximately. But the 

above estimation will not be valid if India acquires 

community transmission stage. There is also an 

assessment of social distancing, assumption of no 

community transmission with impact on increase in 

number of cases by comparing data from different 

geographical locations. 

Rajesh et al., (2020) also used a very simple 

andeffective mathematical model SIR(D) to predict 

the future of the epidemic in India by using the existing 

data. Even they also estimated the effect of lock-

down/social isolation through a time-dependent 

coefficient of the model. The said model studied with 

realistic parameters set reveals the epidemic will be at 

its peak around the month end of June or the first week 

of July with almost 108 Indians most likely being 

infected if the lock-down is relaxed after May 3, 2020. 

Even it also estimates one-third of total number 

predicted population will be infected if it is considered 

that people only in the red zones (approximately one-

third of India's population) are susceptible to the 

infection.  

Ray et al., (2020) used a Bayesian extension of 

the Susceptible-Infected-Removed (eSIR) model 

designed for intervention forecasting to study the 

short- and long-term impact of an initial 21-day 

lockdown on the total number of COVID-19 

infections in India compared to other less severe 

non-pharmaceutical interventions. The 

comparison based on effects of hypothetical 

timeline of lockdown on reducing the number of 

active and new infections. They found if 

lockdown implemented correctly, can reduce the 

total number of cases on short term basis and 

India can get time to prepare its healthcare and 

disease-monitoring system. Their analysis shows 

we need to have some measures of suppression in 

place after the lockdown for increased benefit (as 

measured by reduction in the number of cases). A 

longer lockdown between 42–56 days is 

preferable to substantially “flatten the curve” 

when compared to 21–28 days of lockdown. 

Their models focus solely on projecting the 

number of COVID-19 infections and, thus, 

inform policymakers about one aspect of this 

multi-faceted decision-making problem.  
 

 

II. OBJECTIVES 

With all these constraints and uncertainties, we still 

will have to provide a practically usable estimations 



with a practically implementable lead time. 

Comprehensive platform (most likely a hybrid one 

with DL, Statistical and Mathematical) 

Sharpen the bracket as much as possible 

Use of clustering algorithms to identify vulnerable 

districts to potentially become covid19 hotspots.     

Estimate changing r0 (basic reproduction number) 

from data using Deep Learning 

 

 

 

 

 

 

 

 

 

 

III. METHODOLOGY 

 

 

 
LSTM (LONG SHORT TERM MEMORY) 

 

• VANILA LSTM: A Vanilla LSTM is an 

LSTM model that has a single hidden layer of 

LSTM units, and an output layer used to 

make a prediction. 

 

• Stacked LSTM: Multiple hidden LSTM 

layers can be stacked one on top of another in 

what is referred to as a Stacked LSTM model. 

 

• Bidirectional LSTM: On some sequence 

prediction problems, it can be beneficial to 

allow the LSTM model to learn the input 

sequence both forward and backwards and 

concatenate both interpretations. 

 

• CNN LSTM: A CNN model is used in a 

hybrid model with an LSTM backend where 

the CNN is used to interpret subsequences of 

input and provided as a sequence to an LSTM 

model to interpret.  

 

• Conv LSTM: A type of LSTM related to the 

CNN-LSTM, where the convolutional 

reading of input is built directly into each 

LSTM unit. 

 

• Encoder-Decoder LSTM: Encoder reads the 

input sequence and encodes it into a fixed-

length vector, and decoder decodes the fixed-

length vector and outputting the predicted 

sequence. Here VANILA LSTM is used for 

both encoding and decoding. 

•  

 

 

 



 
 

 

 

 

 

 

 

 
 

 

 

 
 



 

 
USEFULNESS TO CAPACITY BUILDING 

 

 

 

IV. MAIN FINDINGS 

General analysis 

The following table depicts basic statistics about 

the data of  districts containing confirmed cases 

deaths etc.

 

 

 

 
 

 

 

 

 



The following graph shows the trend of 

cumulative cases in India starting from 26th 

April upto August 2020 

 
 

The two graphs here show the predicted 

trend of increasing cases in India upto July  

 

2020 using both Regressive techniques and 

random walk .  

 
 

 
 

 
Dimensionality Reduction on the 

Demographic data of Indian districts 

The below graph shows the 

distribution of various Indian districts based 

on their demographic parameters taken from 

the 2011 census data that includes attributes 

such as population , working population , 

organizational sectors etc. Of all these 

parameters , the data was scaled and 

subjected to dimensionality reduction using 

Principal Component Analysis to visualize 

the districts in a two dimensional vector 

space domain . This shall be a vital in the 

further work of combined clustering of 

Indian states and districts based on the 

severity of COVID-19 and their 

demographic conditions . 



 

          

We have worked on clustering of the 

districts, grouping the districts based on the          

similarity of the population, hospital 

facilities, rise in COVID cases and various 

other parameters.  The clustering is done by 

means of K-Means and Agglomerative 

clustering algorithms with initial 

transformation and scaling of data for better 

fit to the model .  

Also, we have considered various 

parameters, such as hospital facilities 

available in different states. The rise in cases 

and the lack of facilities in some places are 

grouped. Considering various other factors 

involving the cases we have built a model to 

predict the change in number of cases in 

future. 

ARIMA Modelling 

Firstly, the needed clustering algorithm 

for different states resulted in 5 clusters. 

 

 

The first figure shows the optimal number of 

clustering required when 2 parameters are considered, 

i.e. Confirmed and Deceased (till 20th August). The 

second figure shows the actual clustering positions in 

a standardized scale. The clusters can be described as 

follows: 



 

So, it would be best to examine Cluster 4 and Cluster 

1 states as their proportion of deceased to confirmed 

is evidently high. Each state has around 25 or more 

districts and an appropriate ARIMA model was fitted 

to all of them and their fit was checked by Ljung-Box 

test. Some of the predicted values by ARIMA 

modelling standing on ’24-08-2020’ for important 

districts like Mumbai, Chennai and Bangalore are 

enlisted below. 

These are the cumulative number of deceased cases. 

 

 

 Mumbai Chennai Bangalore 

Urban 

25/8 7466 2596 1669 

26/8 7511 2614 1670 

27/8 7557 2632 1670 

28/8 7604 2649 1671 

29/8 7651 2666 1672 

30/8 7699 2683 1672 

31/8 7747 2700 1673 

1/9 7796 2717 1673 

2/9 7845 2734 1674 

3/9 7895 2750 1674 

SEIRD Modelling 

Regarding the SEIRD model, we came to some fine-

tuned values for the parameters Infection rate(beta), 

incubation period(alpha), gamma=1/(no of days taken 

to recover) and frac = fraction of the infected that are 

dead. 

Beta Alpha Gamma frac 

0.1555 5.5 0.0833 0.0244 

With these values, we can estimate the current values 

of deceased and recovered. All lower values are 

underestimated and all upper values are overestimated. 

V. DISCUSSION



From ARIMA modelling, it is evident that the 

split in the dataset to take training and test dataset 

is very poor. The deceased curve rises steeply 

after the training data ends, which means covid-

19 effect has started after that time of split. (The 

data started from 26th April and our proportion of 

trained to tested was 2:1 i.e. training data for 81 

days). The models change from test data to when 

all the data points are taken.  

 

The models would have predicted better if we had 

more available data points and lockdowns had been 

exercised in India for a long period. 

From SEIRD modelling, it can be concluded that 

taking the incidence rate constant over time is making 

the model very sensitive. In real world, incidence rate 

decreases with time as our bodies start developing 

antibodies against the virus. By our model, a very 

blatant estimate of peak of deceased cases can be 

estimated which is around 300 days since the onset 

i.e. 30th January, 2020. 

 

Susceptible curve is left out as the value is very high 

for India compared to the other values and the graph 

was not being clear due to massive scale difference. 

VI. FUTURE PERSPECTIVES 



i) The Reproduction number (R0) is fixed in this 

case and its value is 1.8667. Future estimates 

will always be overestimates, so the 

government and hospitals authorities can 

accordingly figure out their policies for the next 

few days. 

ii)   Most important future perspective would be to 

regress the Beta parameter on time and then fit 

it in the SEIR model. Possible models for beta 

can be logistic, rational decreasing function 

and other such functions. Beta is by nature a 

decreasing function and it should ideally tend 

towards 1 over time. 

iii)   Reducing the error of prediction as much as 

possible 

iv)   Design downscaling approaches 

 

VII. CONCLUSION 

In this research, Mathematical, Statistical and LSTM 

modeling and identification techniques are applied in 

developing a prediction system to forecast the spread of 

COVID-19 in India. When any Epidemic or Pandemic breaks 

out there is a need of immediate measure in exponential cases 

as developing vaccine would take some time, so non-

therapeutic interventions such as social distancing or contact 

tracing have benefitted to delay the rising of COVID-19 

cases. Through this research we are proposing a multi-

pronged approach for bracketing the COVID-19 cases in 

India. We are right now just at the end of 3rd wave and 4th 

wave is predicted by lots of studies to be happening in the 

month of June 2022 so it is in the learning phase due to 

Changing Govt. guidelines from time to time, reporting 

policies by different states Time to time reconciliations 

(pollutes the most), Political Interventions, geographically 

varying lockdowns and unlock, varying priorities (healthcare 

vs Economic), Lack of sufficient testing capability, Varying 

lags in results declaration. We found ARIMA model grossly 

underestimates, Exponential grossly overestimates, 

Polynomial has shown promises for a long-term prediction 

(~20 days), The changing degree of polynomial for best fit, 

Deep learning models seems to have immense potential to 

bracket the number of cases especially for short-term (~10 

days). A Comprehensive platform (most likely a hybrid one 

with DL, Statistical and Mathematical) is very useful to 

Sharpen the bracket as much as possible, Use of clustering 

algorithms to identify vulnerable districts to potentially 

become covid19 hotspots. Estimate changing r0 (basic 

reproduction number) from data using Deep Learning, 

Influenced by lockdown and un-lockdown patterns and 

design downscaling approaches. Python, Jupyter Notebook 

and Google Collab is used as simulation tool for the 

algorithms. It's important to remember that these frameworks 

all have comparable, if not identical, components; the crucial 

difference is how we structured them and from what 

perspective, or lens, we examined them. These frameworks 

have the advantage of providing viewpoints on topics where 

there has been a lot of attention and where there is a gap. 
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