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Abstract—In this article, we perform the SARIMA model to
regress the curve of daily COVID-19 deaths and the impact of
implementing restrictive measures like lockdown. For compar-
ison, we adopt two neighboring Brazilian cities with similar
characteristics and decompose the original curve of cases to
extract the seasonal curve. Using Fast Fourier Transform, we
noticed that restriction of human circulation had a direct impact
on COVID-19 cases and deaths in Araraquara by identifying the
frequencies that compose the seasonal curves during the disease’s
transmission period, which for future work allows analysis and
identification of events and actions through the approach.

Index Terms—covid-19, lockdown, sarima, fast fourier trans-
form.

I. INTRODUCTION

SARS-CoV-2, the virus that causes the coronavirus disease
(COVID-19), was first detected at the end of 2019 and had
rapidly spread around the world [1]. The disease outpaced pre-
vious outbreaks of SARS-CoV, Ebola, and Influenza H1N1 [2],
[3]. Infection occurs when an individual inhales virus particles
that can be present in the air and on surfaces. Crowded places,
close-contact settings, and confined spaces with poor ventila-
tion are usually sites where transmission tends to occur [4].

Governments have implemented a variety of non-
pharmaceutical interventions (NPI) to fight the spread of the
disease, such as reducing urban mobility and shutting down
public or non-essential spaces, as well as schools. Public
health authorities, on the other hand, struggled with population
compliance with social distancing or crowding in communities
to avoid virus spread [5]–[7].

Studies have demonstrated the importance of implementing
NPIs. Such studies have expanded knowledge of how to fight
and prevent COVID-19 spread [8], [9].

This work is sponsored by CAPES under grant 88887.506889/2020-00.

The first detection of SARS-CoV-2 in Brazil occurred
on February 25, 2020, in the city of São Paulo, reaching
neighboring counties, urban centers, and countryside cities in
weeks [10].

To avoid the system health collapse and an increase in the
number of cases, various cities in the country imposed urban
restriction measures on different occasions of the pandemic.
Araraquara lies 270 km from the state capital, the city of São
Paulo, and has a population of approximately 238,000 people,
with a demographic density of 235 inhabitants/km2, according
to IBGE [11]. The number of cases and the occupancy of
ICU beds in 2020 pushed health authorities in Araraquara
to implement red alert measures, which temporarily prohibit
not only the circulation of people but forced the shut down
of businesses, schools, public transportation, and malls. Only
health services, grocery stores, and other essential services
were maintained. The official declaration of a state of emer-
gency was associated with a complete lockdown of the city
in 2021. Due to this measure, the number of cases decreased
by 43,02% in the first ten days after the beginning of red flag
measures [12]. Drawing attention due to the number of cases
and viral spread, São Carlos, a city neighboring Araraquara,
with a population of 254,000 and a demographic density of
226 inhabitants/km2 [11], opted for less severe restrictions
measures, not implementing NPI during 2020 or 2021.

We applied regression methods and comparison analysis to
evaluate and compare the effects of lockdown in two Brazilian
cities, Araraquara and São Carlos, in the state of São Paulo.
Furthermore, as COVID-19 seems to be seasonal, we propose
tracking seasonal features in the domain of frequency with
Fast Fourier Transformations (FFT).



II. MATERIALS AND METHODS

A. Dataset

Data containing COVID-19 reports were obtained from
daily local bulletins [13]. The dataset is organized as a time
series with daily entries beginning on March 3, 2020. It also
provides information on reports, city, the number of confirmed
cases, the raw number of deaths, estimated population of the
city, city code, percentage of confirmed cases per 100,000
inhabitants, and death rates.

For our analysis, we highlighted the date of restrictive mea-
sures. The government of Araraquara declared red alert days
from December 24, 2020, to January 6, 2021, corresponding
to epidemiological week 51 of 2020 to epidemiological week
1 of 2021); from February 8 to 12 2021, which corresponds
to epidemiological week 6 of 2021; from March 11 to 20, epi-
demiological weeks 12 to 14, 2021. Also declared lockdown
(not only red alerts) on February 7th and 8th, 2021, and after
from the period 21st of February to the 6th of March.

B. Seasonal Auto-regressive Integrated Moving Average -
SARIMA

The p-order Auto-regressive model, AR(p), is based on
linear combination of past observations Xt = α1Xt−1 +
α2Xt−2 + ... + αpXt−p + εt, where α is constant and εt
a disturbance, from the white noise process, stochastic with
respect to Xt−1, Xt−2, ..., Xt−p. Adjusting the parameters of
an auto-regressive model means estimating the parameters αk

where k : t− p < k < t− 1. Therefore, we can consider:

Yt = µ+Xt = µ+α1Xt−1+α2Xt−2+...+αpXt−p+εt (1)

Moving Average Models (MA) are an extension of the
white noise process, being a linear combination of the distur-
bance εt added to recent disturbances εt−1, εt−2, ..., εt−q . A
q-order MA model, MA(q), can be defined with the following
equation:

Xt = εt + β1εt−1 + β2εt−2 + ...+ βqεt−q (2)

where q is the order of the moving average. The combination
of AR and MA models define ARMA(p, q) and can be
adapted to handle different forms of non-stationary time-
series and, through the use of differentiation, provide the
class of models ARIMA(p, d, q), where d is the order of
differentiation.

Seasonal Autoregressive Integrated Moving Average,
SARIMA or Seasonal ARIMA, is an extension of ARIMA,
supporting univariate time series, and has a second set of
parameters (P,Q,D)s referring to the seasonality pattern,
being s the number of periods per season. For an exoge-
nous variable n, defined in a time step t, denoted by xi

t,
where i ≤ n, with a coefficient βi, we define the model
SARIMA(p, d, q)(P,Q,D)s as

ϕp(L)ϕ̃P (L
s)∆d∆D

s εt& = θq(L)θ̃Q(L
s)ζt (3)

where, ζt is the non-stationary time series; εt is the Gaussian
white noise process; s is the period of the time series; the

ordinary autoregressive and moving average components are
represented by the polynomials ϕ̃P (L

s) and θ̃Q(L
s) of orders

p and q; the autoregressive and moving average seasonal
components are ϕp(L) and θq(L), of orders P and Q; ∆d and
∆D

s are the ordinary and seasonal differentiable components;
L is the temporal operator.

To make predictions, 323 days of daily data were used for
training. We carried out the forecast two weeks later. From
the data, we used the last week as input for predictions,
corresponding to the week from February 22 to 28. As a result,
the model predicts the following two weeks, corresponding to
the days from February 28 to March 2, 2020.

C. Fast Fourier Transform - FFT

A general function is represented by the Fourier trans-
form as a continuous or integral superposition of complex
exponential functions. The series can thus be represented in
the frequency domain in this manner. The key to using this
algorithm in this work is decomposition, which turns the signal
into a sum of other signals, the sum of a series of sinusoids.
Every nonlinear function can be represented as a sum of n-sine
waves.

For discrete signals, we can use the Discrete Fourier Trans-
formation (DFT). The Fast Fourier Transformation (FFT) is
a faster algorithm to compute the Discrete Fourier Trans-
form [14].

The Forward DFT is defined by

Xk =

N−1∑
n=0

xn · e−i 2π k n / N (4)

and the Inverse DFT is defined by

xn =
1

N

N−1∑
k=0

Xke
i 2π k n / N (5)

The xn → Xk transformation is a translation from the space
domain to the frequency domain that may be highly beneficial
in both studying the power spectrum of a signal and changing
specific issues for more efficient processing.

The FFT algorithm tries to compute the DFT into two
smaller sections based on the model definition. We can expand
an arbitrary function periodic on some domain as a sum of
sines and cosines, as well as periods on that domain, projecting
the function into orthogonal function directions.

D. Adopting Numbers of Cases or Deaths

It is possible to compare the number of cases to the number
of deaths, which could demonstrate accurate accountability.
This approach, however, raises the issue of ensuring that
someone dies as a result of COVID-19. In these situations,
the tests that were performed took time for some periods, and
counting may not be reliable.

Additionally, the absence of RT-PCR tests and the general
number of cases in Araraquara and São Carlos may not
effectively guarantee the real scenario, which can be associated



with the disease or condition that triggers an individual’s
health condition.

Using a number of cases, on the other hand, is a complex
problem to solve, as it is multifactorial. As a result, under-
reporting is to be expected. From the standpoint of epidemic
establishment, at least four major descriptor profiles can
be identified: susceptible, symptomatic, asymptomatic, and
vaccinated. Individuals may progress from asymptomatic to
symptomatic infection, from symptomatic to cured patients, or
from susceptible to reinfected. As a result, such situations need
immediate action by the health system to ensure the accurate
identification, particularly of infected individuals, whether they
are symptomatic or not.

In situations, in which there is significant efficacy in de-
tecting such profiles via an effective surveillance system, both
quantitative and qualitatively, the analysis of cases results in
a better understanding of disease dynamics.

III. EXPERIMENTS

A. Time-Series Comprehension about COVID-19 Daily Deaths
in Araraquara and São Carlos

By comparing COVID-19 death curves of Araraquara (Fig-
ure 1a) and São Carlos (Figure 1b), we observed:

• The maximum peak of deaths for São Carlos and
Araraquara occurs with a time difference of approxi-
mately one week;

• Araraquara has a maximum global peak of 50 daily
deaths, with an average of 30 daily deaths;

• The maximum peak of daily deaths in São Carlos is in
the same range as the period of highest averages, around
30 to 35 daily deaths, from week 12 to 21 of 2021;

• After the peak of deaths in Araraquara, when the lock-
down was implemented, rates dropped drastically, while
in São Carlos rates remained high;

• Although death rates remain high after the record of the
maximum peak of daily deaths in São Carlos, reports
do not exceed 35 daily deaths, unlike Araraquara, which
reached 50 daily deaths;

• After a drastic drop of deaths in Araraquara, the index
once again registers 30 deaths per day for a period of one
week, comprising weeks 17 and 18 of 2021);

• There was a drastic drop in the average of highs in São
Carlos in week 19 of 2021.

Furthermore, we must consider the possibility that, despite
similar behaviors in periods preceding the maximum peaks
shown in Araraquara and São Carlos, curves begin to change
due to the spread of different virus variants. These dynamics
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(a) Araraquara Daily Deaths.
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are inherent to each city’s urban characteristics, local and
individual customs, geospatial distribution, and government
actions against disease spread.

As a result, to understand explicit patterns in death curves
of COVID-19, which is the sum of diverse events, we use
COVID-19 daily cases for data comprehension.

B. SARIMA Forecasts

Comparatively, real daily cases of Araraquara and SARIMA
forecasts are shown in Figure 2. The SARIMA model presents,
throughout the curve, a prediction pattern. When we changed
the dates of lockdown, it is possible to observe that the curve
trend was towards an increase in the number of cases.

Symptoms of an infected individual begin to appear after
an estimated period of 4/5 days after infection [15]. If trans-
mission occurs on the day t, this transmission is reflected
approximately one week later, on day t+ 7 [16], [17]. Given
this information, and using the Box & Jenkins approach with
ACF and PACF analysis [18], [19], we defined a SARIMA
model adjusted in order (0, 1, 0), with seasonality order (7, 1,
0, 7) for the dataset (Figure 3).
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Fig. 3: Biweekly SARIMA forecasts after the first week of the
determined lockdown day in Araraquara.
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Fig. 4: Biweekly SARIMA forecasts for supposing after the
first week of the determined lockdown day in São Carlos.

On the other hand, Figure 4 shows that the period of the
high number of cases in Araraquara coincided with the period
of significant increase of cases in São Carlos. For São Carlos,
we defined a SARIMA model adjusted in order (0, 1, 0), with
seasonality order (8, 1, 0, 7). Accurate reports of COVID-19
extrapolated the expectation of the SARIMA model.

As shown in Figure 3, the RMSE for February 28 to March
06, 2021, is approximately 29.59 cases. For test data, with
no training data information, the model generates the upward
red curve, while the blue line represents the actual data for
the period. There is a rising curve with values higher than
the original data. In this period, therefore, it is estimated that
the expected values for March 3, 2021, would be 920.6 daily
cases, a divergence of values compared to the 474 officially
reported, with a recession pattern in the number of cases.

C. Frequency Events

The dynamics of infection can exhibit trends and/or seasonal
effects, which are characteristic of non-stationary series. The
employment of time series decomposition models is a viable
method in such scenarios. The additive model considers the
signal to be created by the sum of the elements Tt, St, and
Rt given the series Xt.

Selecting the period from 25-05-2020 to 20-03-2021 only
for Araraquara and decomposing seasonality, two different

19
20

21
20

23
20

25
20

27
20

29
20

31
20

33
20

35
20

37
20

39
20

41
20

43
20

45
20

47
20

49
20

51
20

01
21

03
21

05
21

07
21

09
21

11
21

13
21

Biweekly period

0

200

400

600

800

1000

Ar
ar

aq
ua

ra
 C

OV
ID

-1
9 

Da
ily

 c
as

es

Real
SARIMA estimates

Fig. 2: Araraquara original daily cases and SARIMA forecasts.
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Fig. 5: Seasonal curves for Araraquara with lockdown and SARIMA forecasts.

seasonality scenarios are observed: the original curve, and
SARIMA forecasts Figure 5.

When decomposing seasonality from COVID-19 deaths for
Araraquara and São Carlos, a pattern is present in the two sea-
sonal curves. Using the Dynamic Time Warping (DTW) [20]
distance analysis and normalizing this distance, seasonality
curves are highly correlated (Figure 6); the reference index
is the Seasonal curve of Araraquara and the Query index
represents São Carlos Seasonal curve.

Fig. 6: DTW distance of the seasonal curves between
Araraquara and São Carlos.

Now, applying the FFT, we noticed that there are significant
changes in the pattern of the spectrum that is used to produce
the seasonal curve of Araraquara approaches, the original
curve, and SARIMA prediction model prediction (Figure 7
and Figure 8).

These findings show a significant change in the pattern of
the seasonality when the lockdown, an NPI approach, is used.
An important impact, a variation, occurs in the formation of

Fig. 7: FFT applied to the Araraquara Daily Cases.

Fig. 8: FFT applied to the Araraquara Daily Cases Predicted
by SARIMA model.

seasonality in the curve of COVID-19 cases, according to
frequencies.

Comparing the original (without date filter) curves for
Araraquara and São Carlos, despite the similarities highlighted
in Section III-A, other patterns emerge and distinguish cases
in each city, as shown in Figure 9 and Figure 10. Despite
composition similarities at certain frequencies, there is a
divergence in amplitude, such as frequencies 60, 90, 149, and
209.

IV. CONCLUSION

Using auto-regressive methods and comparing the period in
which lockdown was implemented in Araraquara, it is possible
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Fig. 9: FFT applied to the entire Araraquara Daily Cases.
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Fig. 10: FFT applied to the entire São Carlos Daily Cases.

to observe the contribution of the NPI to the decrease in cases
and deaths of COVID-19, which is different from the pattern
shown in São Carlos.

We observed that it is possible to use the FFT method to
investigate the patterns in pandemics by measuring the cycle
length of the power peak spectrum and bold in the frequency
domain rather than the number of daily cases. Government
and policymakers can understand and adjust their restrictive
measures, such as implementing NPI measures.

Besides, we believe that the approach of using Fourier
transforms to determine exactly which events influence the
curve of cases of COVID-19 can be used to deepen other
studies. As a result, we are conducting an analysis to identify
exactly which events have a high contribution in common
through comparisons with other urban centers.
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