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ABSTRACT

Introduction: Exposure to air pollution heightens respiratory vulnerability, 
particularly during pandemics. The COVID-19 lockdowns in Iran provided a 
natural experiment to investigate how reduced human activity influenced air 
quality across 31 provinces. Understanding these environmental responses is 
vital for informing sustainable public health and pollution mitigation policies.
Materials and methods: Satellite derived data on air pollutants and air 
quality and meteorological variables were obtained for all 31 provinces 
of Iran from Sentinel-5P, the GLDAS 2 dataset developed by National 
Aeronautics and Space Administration (NASA), and Google Earth Engine 
(GEE). The study covered two COVID-19 lockdown periods and their 
corresponding pre pandemic periods from the previous year. The evaluated 
air quality indices consisted of Carbon monoxide (CO), Water Vapor (H₂O,) 
Nitrogen dioxide (NO₂), Ozone (O₃), Sulfur dioxide (SO₂), Absorbing Aerosol 
Index (AER), and Atmospheric Formaldehyde (HCHO). Meteorological 
covariates comprised temperature, pressure, precipitation, and wind speed. 
Sparse temporal data were reconstructed using FDA and FPCA, representing 
Functional Data Analysis and Functional Principal Component Analysis, 
respectively. Three Function on Function (FOF) regression models standard, 
smooth, and principal component based were developed, with and without 
meteorological adjustments. Model performance was assessed using R², AIC, 
and BIC, representing the coefficient of determination, Akaike Information 
Criterion, and Bayesian Information Criterion, respectively.
Results: Air pollutant levels significantly declined during both lockdowns 
compared with the corresponding pre pandemic periods, with spatial 
variations influenced by meteorological and industrial factors. Incorporating 
meteorological covariates markedly improved model accuracy, particularly 
for NO₂ and CO. The principal component based FOF model provided the 
best fit, explaining over 80% of variance in major pollutants.
Conclusion: COVID-19 lockdowns produced measurable, regionally 
heterogeneous improvements in air quality across Iran. Integrating 
meteorological adjustments and advanced functional regression approaches 
enhances environmental modeling and supports evidence based air pollution 
control strategies during health emergencies.
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Introduction

Exposure to atmospheric pollutants over 
both brief and prolonged periods has been 
associated with adverse COVID-19 outcomes. 
In particular, fine particulate matter measuring 
≤2.5 μm in aerodynamic diameter (PM2.5) has 
been linked to higher COVID-19 transmission 
and mortality in the United States  [1, 2], China 
[3-5], Italy [6], Spain, France, and Germany [7], 
as well as across Asia [8] and other countries 
worldwide [9]. Moreover, air pollution has 
been identified as an important confounding 
variable in studies examining racial disparities 
in COVID-19 cases and fatalities within the 
United States [10]. In addition to pollution-
related factors, meteorological conditions—
especially elevated temperatures—have also 
been reported to substantially affect global 
COVID-19 transmission patterns  [11].
Although air pollution and meteorological 
conditions are recognized as important 
factors in COVID-19-related research, 
many investigations have primarily focused 
on the effects of pandemic restrictions on 
transportation and industrial operations. These 
restrictions provided a distinctive setting 
for environmental policymakers to evaluate 
existing assumptions and develop alternative 
approaches for controlling global pollution 
levels. In India, substantial reductions in air 
pollutant concentrations were reported during 
lockdown periods [12], prompting suggestions 
for periodic two- or four-day restrictions as a 
potential strategy for air pollution mitigation 
while accounting for economic consequences 
and seasonal fluctuations [13]. The economic 
impacts associated with air pollution during the 
COVID-19 pandemic have been investigated, 
highlighting the importance of implementing 
more rigorous environmental regulations [14]. 

Nevertheless, these preventive measures failed 
to substantially decrease severe air pollution in 
certain regions of China because of prevailing 
meteorological and atmospheric chemical 
conditions [15]. Despite this, lockdown 
measures positively influenced global public 
perceptions of air quality improvement [16, 
17].
In this regard, new technologies are now able 
to measure various atmospheric conditions. 
For instance, air pollution monitoring using 
the AURA satellite of the Earth Observation 
System (EOS), operated by the National 
Aeronautics and Space Administration 
(NASA), in China has shown a reduction in  
CO (Carbon Monoxide) and NO2 (Nitrogen 
Dioxide) levels over the COVID-19 pandemic 
period, attributed to transportation restrictions 
and reduced economic activities [18]. Satellite 
measurements from MODIS (Moderate-
resolution Imaging Spectroradiometer) show 
declining PM2.5 concentrations across various 
nations [19]. Research further indicates 
a global decline in air pollution based on 
analyses from Google Earth Engine (GEE) and 
Apple mobility datasets [20]. This decrease 
is statistically significant across multiple air 
pollution indicators in Iran and neighboring 
countries [21].
This study investigates the impact of COVID-19 
restrictions on air pollution indices across Iran 
and its provinces during two restriction waves, 
using two datasets obtained from GEE (Google 
Earth Engine) , including satellite-derived 
observations: 1) Air Quality and Air Pollution 
indices (Sentinel-5P) and 2) Meteorological 
indices (GLDAS-2). We also applied novel 
and advanced statistical methodologies 
such as FDA (functional data analysis) and 
FOF regression (function-on-function) and 
considering the weather condtion variables in 
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two regresstion strategies to investiage their 
effects.The FDA models consider the time 
series as whole curves and used dimension 
redctuion methods like Functional Principal 
Components  Analysis (FPCA) and smoothing 
methods such as B-Spline. 

Materials and methods

The methods are briefly outlined in the 
following subsections.

Data collection procedures and management
Administrative boundary shapefiles for 
Iran’s 31 provinces were downloaded from 
ArcGIS Online. Two sets of indices were 
used: (1) air quality and pollution variables 
derived from the Sentinel-5P Near Real-
Time (NRTI) satellite product, including CO 
(Carbon Monoxide), H₂O (Water Vapor), NO₂ 
(Nitrogen Dioxide), O₃ (Ozone), SO₂ (Sulfur 
Dioxide), AER (Absorbing Aerosol Index), 
and HCHO (Atmospheric Formaldehyde), and 
(2) meteorological variables from GLDAS-2 
(Global Land Data Assimilation System Version 
2), developed by NASA (National Aeronautics 
and Space Administration), including pressure, 
total precipitation rate, air temperature, and 
wind speed. These data were retrieved from 
GEE (Google Earth Engine) Data Catalog.
COVID-19 restrictions included limitations 
on transportation, government operations, 
and educational institutions such as schools 
and universities, as well as increased reliance 
on online activities (21). In this study, two 
comparative periods were considered: (1) the 
37-day first wave lockdown period (March 
14–April 20, 2020) compared with the 
corresponding period in 2019 (March 14–April 
20, 2019), and (2) the 12-day second wave 
lockdown period (April 13–April 25, 2021) 

compared with the equivalent period in 2020 
(April 13–April 25, 2020) in Iran.

Functional data analysis (FDA)
The air quality and pollution indices ,XijwC 

(t),  and meteorological indices, MkjwC (t), are 
treated as functional data with the following 
index sets{XijwC (t),i=1,…,7 ,j=1,…,31,w=1,2 
,C=1,2} and {MkjwC (t),k=1,…,4 ,j=1,…
,31,w=1,2 ,C=1,2}. Here, i represents the 
name of the air quality and pollution indices, 
k represents the name of the meteorological 
indices,  j denotes the province, w represents 
the COVID-19 wave (first and second), and C 
indicates the COVID-19 status (previous year 
and pandemic year) [22]. The XijwC (t) data 
include missing values and are considered 
sparse functional data. Consequently, the 
FPCA (functional principal component 
analysis) method for sparse data is applied 
using the FPCA() function from the fdapace 
library. Each XijwC (t) is centered and scaled, 
then decomposed into eigenfunctions and 
eigen scores, with a percentage of variance 
Explained  (PVE)≥0.99. Subsequently,  each 
XijwC (t) is reconstructed based on the FPCAs. 
Two modeling strategies are then applied, 
including function-on-function regression 
(FOF) using the pffr() function from the refund 
library for each XijwC (t)  : [23-25].

(1)

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐼𝐼 ∶  𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖2(𝑡𝑡)
= 𝑓𝑓0(𝑡𝑡)

+  ∫ 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖1(𝑠𝑠)𝛽𝛽1,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠)𝑑𝑑𝑑𝑑 +  𝜖𝜖𝑖𝑖(𝑡𝑡)
𝑆𝑆

               𝜖𝜖𝑖𝑖(𝑢𝑢)~ 𝑁𝑁(0, 𝜎𝜎𝜖𝜖
2)                                      

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐼𝐼 ∶  𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖2(𝑡𝑡)
= 𝑓𝑓0(𝑡𝑡)

+  ∫ 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖1(𝑠𝑠)𝛽𝛽1,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠)𝑑𝑑𝑑𝑑 +  𝜖𝜖𝑖𝑖(𝑡𝑡)
𝑆𝑆

               𝜖𝜖𝑖𝑖(𝑢𝑢)~ 𝑁𝑁(0, 𝜎𝜎𝜖𝜖
2)                                      

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐼𝐼 ∶  𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖2(𝑡𝑡)
= 𝑓𝑓0(𝑡𝑡)

+  ∫ 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖1(𝑠𝑠)𝛽𝛽1,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠)𝑑𝑑𝑑𝑑 +  𝜖𝜖𝑖𝑖(𝑡𝑡)
𝑆𝑆

               𝜖𝜖𝑖𝑖(𝑢𝑢)~ 𝑁𝑁(0, 𝜎𝜎𝜖𝜖
2)                                      
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(2)

In Model (1), the air quality and pollution 
indices during the COVID-19 period, Xjw2 (t), t 
ϵ T or days during COVID-19 restriction,  are 
only associated with the previous year’s indices, 
Xijw1 (s), s ϵ S or same days during previous year 
without any COVID-19 restriction, through 
the estimated coefficient β1,iw (t,s). However, 
in model (2), the air quality and pollution 
indices during COVID-19 period, Xijw2 (t), are 
related to the previous year’s indices, Xijw1 (s), 
with the estimated coefficient β1,iw (t,s), and 
are additionally adjusted by four metrological 
variables M1jw2 (s), M2jw2 (s), M3jw2 (s)  and M4jw2 
(s), with estimated coefficients β2,iw (t,s), β3,iw 
(t,s), β4,iw (t,s)  and β5,iw (t,s), respectively.
To estimate the model parameters, three 
FOF regression methods were employed: 
function-on-function regression [ff()], smooth 
function-on-function regression [sff()], and 
principal component-based function-on-
function regression [ffpc()]. The results were 
compared and validated using R² (Coefficient 
of Determination), AIC (Akaike's Information 
Criterion), and BIC (Bayesian Information 
Criterion). The best-performing model 

among the three FOF estimation approaches 
was selected based on higher R² values and 
lower AIC and BIC criteria.. The estimated 
coefficients are plotted as heatmap with 
pointwise p-values as black lined regions 
overlayed (α<0.05 is considered as statistical 
significant). 

Results and discussion

Descriptive satistics
The calculated changes in estimated mean 
values and percentage increases for each 
atmospheric contamination indicator are 
reported together with statistical significance 
analyses using both distribution-based and 
distribution-free methods, by contrasting the 
pandemic restriction period against the same 
dates in the preceding year. These results are 
presented separately for the first and second 
waves, grouped by province [26].

Effective degrees of freedom and model fit quality
As shown in Table 1, the estimated Effective 
Degrees of Freedom (EDF) and their 
corresponding p-values are compared between 
models I and II for each wave and air pollution 
index. EDF exceeding 2 suggest a strong 
non-linear association between the dependent 
variable and the explanatory factors [27]. The 
p-values for most covariates are statistically 
significant at α=0.05. For example, the NO2 in 
the first wave and both model I (unadjusted) 
and model II (adjusted) have  the edf for 
previuse year of the  NO2 equal to 5.33 and 
7.96 , respectively and they have p-values less 
than 0.05 which means the relationship are 
highly non-linear and statistically significant. 
In the second wave, the same relationship have 
edf equal to 5.06 and 5.56 respectively and the 
p-values are less than 0.05. 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐼𝐼𝐼𝐼 ∶  𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖2(𝑡𝑡)

= 𝑓𝑓0(𝑡𝑡) +  ∫ 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖1(𝑠𝑠)𝛽𝛽1,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

+ ∫ 𝑀𝑀1𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽2,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

+  ∫ 𝑀𝑀2𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽3,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

+  ∫ 𝑀𝑀3𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽4,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

+  ∫ 𝑀𝑀4𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽5,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

                     𝜖𝜖𝑖𝑖(𝑢𝑢)~ 𝑁𝑁(0, 𝜎𝜎𝜖𝜖
2)    

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐼𝐼𝐼𝐼 ∶  𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖2(𝑡𝑡)

= 𝑓𝑓0(𝑡𝑡) +  ∫ 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖1(𝑠𝑠)𝛽𝛽1,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

+ ∫ 𝑀𝑀1𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽2,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

+  ∫ 𝑀𝑀2𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽3,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

+  ∫ 𝑀𝑀3𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽4,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

+  ∫ 𝑀𝑀4𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽5,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

                     𝜖𝜖𝑖𝑖(𝑢𝑢)~ 𝑁𝑁(0, 𝜎𝜎𝜖𝜖
2)    

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐼𝐼𝐼𝐼 ∶  𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖2(𝑡𝑡)

= 𝑓𝑓0(𝑡𝑡) +  ∫ 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖1(𝑠𝑠)𝛽𝛽1,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

+ ∫ 𝑀𝑀1𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽2,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆
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𝑆𝑆

+  ∫ 𝑀𝑀2𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽3,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

+  ∫ 𝑀𝑀3𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽4,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

+  ∫ 𝑀𝑀4𝑗𝑗𝑗𝑗2(𝑠𝑠)𝛽𝛽5,𝑖𝑖𝑖𝑖(𝑡𝑡, 𝑠𝑠) 𝑑𝑑𝑑𝑑
𝑆𝑆

                     𝜖𝜖𝑖𝑖(𝑢𝑢)~ 𝑁𝑁(0, 𝜎𝜎𝜖𝜖
2)    
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Table 1. Estimated EDF and corresponding P-values FOF regression models, grouped by air pollution indices, 
lockdown waves, and model strategies in Iran

Air Quality 

Indices 
Waves 

Model 

Strategy 

Covariates 

Previous Year of 

COVID-19 
Pressure Precipitation Temperature Wind 

CO 

1 

I 
1 

(<0.05) 
- - - - 

II 
1 

(<0.05) 

1 

(<0.05) 

1 

(0.42) 

1 

(0.26) 

1 

(0.55) 

2 

I 
1 

(<0.05) 
- - - - 

II 
1 

(0.05) 

1 

(<0.05) 

1.03 

(0.25) 

1 

(0.05) 

1 

(<0.05) 

H2O 

1 

I 
1.97 

(<0.05) 
- - - - 

II 
9.46 

(<0.05) 

4.07 

(<0.05) 

1 

(0.56) 

3.13 

(<0.05) 

1 

(0.79) 

2 

I 
5.11 

(<0.05) 
- - - - 

II 
5.08 

(<0.05) 

2.95 

(<0.05) 

8.69 

(<0.05) 

1 

(<0.05) 

4.93 

(<0.05) 

NO2 

1 

I 
5.33 

(<0.05) 
- - - - 

II 
7.96 

(<0.05) 

1 

(0.92) 

10.14 

(<0.05) 

2.04 

(0.1) 

3.71 

(0.08) 

2 

I 
5.06 

(<0.05) 
- - - - 

II 
5.56 

(<0.05) 

1.06 

(0.14) 

2.56 

(0.33) 

4.5 

(<0.05) 

1.99 

(<0.05) 

O3 

1 

I 
9.89 

(<0.05) 
- - - - 

II 
3.55 

(<0.05) 

1 

(<0.05) 

2.09 

(0.05) 

4.41 

(<0.05) 

1.68 

(0.15) 

2 

I 
1 

(<0.05) 
- - - - 

II 
4.14 

(<0.05) 

1.37 

(0.17) 

1.45 

(0.67) 

3.51 

(<0.05) 

1 

(<0.05) 

SO2 1 I 
1.65 

(0.28) 
- - - - 
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Table 1. Continued 

Each cell presents the estimated EDF followed 
by its significance level (P-value) in parentheses. 
Model I represents the unadjusted model, and 
Model II includes meteorological covariates 
(pressure, precipitation, temperature, and wind).

Comparison of FOF regression models  
Table 2 presents a comparison of the goodness-
of-fit statistics for the three FOF regression 
methods used in strategy II across three models 

for both waves, grouped by air pollution index 
names. The NO2 models for both wave 1 and 
wave 2 exhibit the highest R² values with ffpc(), 
achieving 80.01% and 89.53%, respectively. 
Overall, the models for wave 2 show higher R² 
values than those for wave 1. In most cases, the 
ffpc() method produces the highest or nearly the 
highest R² values. In addition, the lowest AIC and 
BIC are bold and they indicate the best model 
based on these goodness of fit indices. 

II 
1 

(0.26) 

1 

(0.89) 

1 

(0.56) 

1.6 

(0.45) 

1 

(0.91) 

2 

I 
4.88 

(<0.05) 
- - - - 

II 
2.04 

(<0.05) 

1 

(0.42) 

1.85 

(0.28) 

2.03 

(<0.05) 

3.02 

(<0.05) 

AEI 

1 

I 
1 

(<0.05) 
- - - - 

II 
2.47 

(<0.05) 

1 

(0.26) 

10.2 

(<0.05) 

1 

(0.66) 

1 

(0.17) 

2 

I 
2.69 

(<0.05) 
- - - - 

II 
1.91 

(0.2) 

1 

(<0.05) 

2.85 

(0.53) 

1 

(<0.05) 

5.68 

(<0.05) 

HCHO 

1 

I 
1 

(<0.05) 
- - - - 

II 
1 

(<0.05) 

1 

(0.26) 

1 

(0.31) 

1 

(0.1) 

2.44 

(0.41) 

2 

I 
9 

(<0.05) 
- - - - 

II 
10.63 

(<0.05) 

3.16 

(<0.05) 

1 

(0.14) 

1.55 

(0.33) 

1.71 

(0.08) 

 

*- Estimated EDF (P-Value) 

 

II 
1 

(0.26) 

1 

(0.89) 

1 

(0.56) 

1.6 

(0.45) 

1 

(0.91) 

2 

I 
4.88 

(<0.05) 
- - - - 

II 
2.04 

(<0.05) 

1 

(0.42) 

1.85 

(0.28) 

2.03 

(<0.05) 

3.02 

(<0.05) 

AEI 

1 

I 
1 

(<0.05) 
- - - - 

II 
2.47 

(<0.05) 

1 

(0.26) 

10.2 

(<0.05) 

1 

(0.66) 

1 

(0.17) 

2 

I 
2.69 

(<0.05) 
- - - - 

II 
1.91 

(0.2) 

1 

(<0.05) 

2.85 

(0.53) 

1 

(<0.05) 

5.68 

(<0.05) 

HCHO 

1 

I 
1 

(<0.05) 
- - - - 

II 
1 

(<0.05) 

1 

(0.26) 

1 

(0.31) 

1 

(0.1) 

2.44 

(0.41) 

2 

I 
9 

(<0.05) 
- - - - 

II 
10.63 

(<0.05) 

3.16 

(<0.05) 

1 

(0.14) 

1.55 

(0.33) 

1.71 

(0.08) 

 

*- Estimated EDF (P-Value) 

 

Air Quality 

Indices 
Waves 

Model 

Strategy 

Covariates 

Previous Year of 

COVID-19 
Pressure Precipitation Temperature Wind 

CO 

1 

I 
1 

(<0.05) 
- - - - 

II 
1 

(<0.05) 

1 

(<0.05) 

1 

(0.42) 

1 

(0.26) 

1 

(0.55) 

2 

I 
1 

(<0.05) 
- - - - 

II 
1 

(0.05) 

1 

(<0.05) 

1.03 

(0.25) 

1 

(0.05) 

1 

(<0.05) 

H2O 

1 

I 
1.97 

(<0.05) 
- - - - 

II 
9.46 

(<0.05) 

4.07 

(<0.05) 

1 

(0.56) 

3.13 

(<0.05) 

1 

(0.79) 

2 

I 
5.11 

(<0.05) 
- - - - 

II 
5.08 

(<0.05) 

2.95 

(<0.05) 

8.69 

(<0.05) 

1 

(<0.05) 

4.93 

(<0.05) 

NO2 

1 

I 
5.33 

(<0.05) 
- - - - 

II 
7.96 

(<0.05) 

1 

(0.92) 

10.14 

(<0.05) 

2.04 

(0.1) 

3.71 

(0.08) 

2 

I 
5.06 

(<0.05) 
- - - - 

II 
5.56 

(<0.05) 

1.06 

(0.14) 

2.56 

(0.33) 

4.5 

(<0.05) 

1.99 

(<0.05) 

O3 

1 

I 
9.89 

(<0.05) 
- - - - 

II 
3.55 

(<0.05) 

1 

(<0.05) 

2.09 

(0.05) 

4.41 

(<0.05) 

1.68 

(0.15) 

2 

I 
1 

(<0.05) 
- - - - 

II 
4.14 

(<0.05) 

1.37 

(0.17) 

1.45 

(0.67) 

3.51 

(<0.05) 

1 

(<0.05) 

SO2 1 I 
1.65 

(0.28) 
- - - - 

Air Quality 

Indices 
Waves 

Model 

Strategy 

Covariates 

Previous Year of 

COVID-19 
Pressure Precipitation Temperature Wind 

CO 

1 

I 
1 

(<0.05) 
- - - - 

II 
1 

(<0.05) 

1 

(<0.05) 

1 

(0.42) 

1 

(0.26) 

1 

(0.55) 

2 

I 
1 

(<0.05) 
- - - - 

II 
1 

(0.05) 

1 

(<0.05) 

1.03 

(0.25) 

1 

(0.05) 

1 

(<0.05) 

H2O 

1 

I 
1.97 

(<0.05) 
- - - - 

II 
9.46 

(<0.05) 

4.07 

(<0.05) 

1 

(0.56) 

3.13 

(<0.05) 

1 

(0.79) 

2 

I 
5.11 

(<0.05) 
- - - - 

II 
5.08 

(<0.05) 

2.95 

(<0.05) 

8.69 

(<0.05) 

1 

(<0.05) 

4.93 

(<0.05) 

NO2 

1 

I 
5.33 

(<0.05) 
- - - - 

II 
7.96 

(<0.05) 

1 

(0.92) 

10.14 

(<0.05) 

2.04 

(0.1) 

3.71 

(0.08) 

2 

I 
5.06 

(<0.05) 
- - - - 

II 
5.56 

(<0.05) 

1.06 

(0.14) 

2.56 

(0.33) 

4.5 

(<0.05) 

1.99 

(<0.05) 

O3 

1 

I 
9.89 

(<0.05) 
- - - - 

II 
3.55 

(<0.05) 

1 

(<0.05) 

2.09 

(0.05) 

4.41 

(<0.05) 

1.68 

(0.15) 

2 

I 
1 

(<0.05) 
- - - - 

II 
4.14 

(<0.05) 

1.37 

(0.17) 

1.45 

(0.67) 

3.51 

(<0.05) 

1 

(<0.05) 

SO2 1 I 
1.65 

(0.28) 
- - - - 

Air Quality 

Indices 
Waves 

Model 

Strategy 

Covariates 

Previous Year of 

COVID-19 
Pressure Precipitation Temperature Wind 

CO 

1 

I 
1 

(<0.05) 
- - - - 

II 
1 

(<0.05) 

1 

(<0.05) 

1 

(0.42) 

1 

(0.26) 

1 

(0.55) 

2 

I 
1 

(<0.05) 
- - - - 

II 
1 

(0.05) 

1 

(<0.05) 

1.03 

(0.25) 

1 

(0.05) 

1 

(<0.05) 

H2O 

1 

I 
1.97 

(<0.05) 
- - - - 

II 
9.46 

(<0.05) 

4.07 

(<0.05) 

1 

(0.56) 

3.13 

(<0.05) 

1 

(0.79) 

2 

I 
5.11 

(<0.05) 
- - - - 

II 
5.08 

(<0.05) 

2.95 

(<0.05) 

8.69 

(<0.05) 

1 

(<0.05) 

4.93 

(<0.05) 

NO2 

1 

I 
5.33 

(<0.05) 
- - - - 

II 
7.96 

(<0.05) 

1 

(0.92) 

10.14 

(<0.05) 

2.04 

(0.1) 

3.71 

(0.08) 

2 

I 
5.06 

(<0.05) 
- - - - 

II 
5.56 

(<0.05) 

1.06 

(0.14) 

2.56 

(0.33) 

4.5 

(<0.05) 

1.99 

(<0.05) 

O3 

1 

I 
9.89 

(<0.05) 
- - - - 

II 
3.55 

(<0.05) 

1 

(<0.05) 

2.09 

(0.05) 

4.41 

(<0.05) 

1.68 

(0.15) 

2 

I 
1 

(<0.05) 
- - - - 

II 
4.14 

(<0.05) 

1.37 

(0.17) 

1.45 

(0.67) 

3.51 

(<0.05) 

1 

(<0.05) 

SO2 1 I 
1.65 

(0.28) 
- - - - 
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Table 2. Model fit evaluation measures for the three FOFregression approaches (ff, sff, and ffpc), categorized 
according to atmospheric pollutant indicators and lockdown phases in Iran

Air 
Quality 
Indices 

Models 

Wave 1 Wave 2 

R-Sqr AIC BIC R-Sqr AIC BIC 

CO 

ff 51.05% 4815.23 4850.57 61.06% 1432.37 1460.01 

sff 51.86% 4822.41 4979.18 66.28% 1411.32 1560.36 

ffpc 51.25% 4842.76 5034.81 65.33% 1427.61 1596.80 

H2O 

ff 34.26% 11306.57 11424.15 46.22% 3465.84 3580.93 

sff 34.95% 11315.57 11531.42 51.10% 3455.57 3662.39 

ffpc 34.73% 11332.68 11617.92 51.14% 3458.87 3681.98 

NO2 

ff 76.91% 8429.37 8587.71 84.52% 2856.79 2933.67 

sff 78.06% 8399.58 8687.21 85.00% 2865.87 3022.18 

ffpc 80.01% 8297.40 8644.58 89.53% 2743.76 2966.85 

O3 

ff 51.60% 2590.99 2673.81 21.69% 797.82 856.81 

sff 51.85% 2592.68 2718.70 24.40% 803.68 935.56 

ffpc 52.25% 2600.59 2810.55 24.16% 802.76 932.35 

SO2 

ff 2.45% 14981.95 15062.70 28.63% 3125.25 3177.36 

sff 2.01% 15001.09 15158.40 33.68% 3125.86 3279.71 

ffpc 5.70% 14975.12 15226.48 49.08% 3047.46 3292.76 

AEI 

ff 18.49% 6604.98 6706.22 20.08% 2134.56 2201.84 

sff 19.34% 6614.37 6818.56 26.69% 2125.65 2279.90 

ffpc 17.55% 6654.60 6929.84 55.39% 1967.63 2242.44 

HCHO 

ff 9.40% 11629.68 11674.23 39.16% 3440.64 3532.16 

sff 11.56% 11628.41 11793.54 40.43% 3452.29 3617.46 

ffpc 11.87% 11633.22 11846.44 48.96% 3415.76 3662.32 

 

• The bold numbers are the highest R2 and lowest AIC and BIC in each gas.  
• The table presents the R² (coefficient of determination), AIC (Akaike Information Criterion), 

and BIC (Bayesian Information Criterion) for each model during the first and second COVID-
19 lockdown waves. Larger R² values together with smaller AIC and BIC scores reflect 
superior model accuracy and overall fit. 

Air 
Quality 
Indices 

Models 

Wave 1 Wave 2 

R-Sqr AIC BIC R-Sqr AIC BIC 

CO 

ff 51.05% 4815.23 4850.57 61.06% 1432.37 1460.01 

sff 51.86% 4822.41 4979.18 66.28% 1411.32 1560.36 

ffpc 51.25% 4842.76 5034.81 65.33% 1427.61 1596.80 

H2O 

ff 34.26% 11306.57 11424.15 46.22% 3465.84 3580.93 

sff 34.95% 11315.57 11531.42 51.10% 3455.57 3662.39 

ffpc 34.73% 11332.68 11617.92 51.14% 3458.87 3681.98 

NO2 

ff 76.91% 8429.37 8587.71 84.52% 2856.79 2933.67 

sff 78.06% 8399.58 8687.21 85.00% 2865.87 3022.18 

ffpc 80.01% 8297.40 8644.58 89.53% 2743.76 2966.85 

O3 

ff 51.60% 2590.99 2673.81 21.69% 797.82 856.81 

sff 51.85% 2592.68 2718.70 24.40% 803.68 935.56 

ffpc 52.25% 2600.59 2810.55 24.16% 802.76 932.35 

SO2 

ff 2.45% 14981.95 15062.70 28.63% 3125.25 3177.36 

sff 2.01% 15001.09 15158.40 33.68% 3125.86 3279.71 

ffpc 5.70% 14975.12 15226.48 49.08% 3047.46 3292.76 

AEI 

ff 18.49% 6604.98 6706.22 20.08% 2134.56 2201.84 

sff 19.34% 6614.37 6818.56 26.69% 2125.65 2279.90 

ffpc 17.55% 6654.60 6929.84 55.39% 1967.63 2242.44 

HCHO 

ff 9.40% 11629.68 11674.23 39.16% 3440.64 3532.16 

sff 11.56% 11628.41 11793.54 40.43% 3452.29 3617.46 

ffpc 11.87% 11633.22 11846.44 48.96% 3415.76 3662.32 

 

• The bold numbers are the highest R2 and lowest AIC and BIC in each gas.  
• The table presents the R² (coefficient of determination), AIC (Akaike Information Criterion), 

and BIC (Bayesian Information Criterion) for each model during the first and second COVID-
19 lockdown waves. Larger R² values together with smaller AIC and BIC scores reflect 
superior model accuracy and overall fit. 
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Estimated coefficients and P-Values
Fig. 1 and Fig. 2 illustrate the estimated 
coefficient surfaces obtained using ff() for 
the atmospheric quality indicators during 
the first and second waves, respectively. 
The colors represent the range of estimated 
coefficient values, from low (dark blue) to 
high (red). Pointwise p-values are overlaid on 
each graph with a contour map, highlighting 
statistically significant regions. In figure 1, the 
horizontal axis represents days 1–36 from the 
corresponding period of the preceding year, 
whereas the vertical axis denotes days 1–36 
during the initial COVID-19 wave. In figure 2, 
the x-axis corresponds to days 1–12 from the 
equivalent period in the previous year, while 
the y-axis represents days 1–12 during the 
second wave of COVID-19.

The patterns of the estimated betas differ. For 
instance, in Fig. 1, H2O shows three positive 
values, resembling isolated regions in yellow 
to red, with statistical significance at α < 0.01. 
The coefficients for CO, NO2, O3, AEI, and 
HCHO coefficients are all positive and most of 
them are statistically significant at  α < 0.01.

In Fig. 1 each surface is adjusted for four 
climatic covariates (pressure, precipitation, 
temperature, and wind), with corresponding 
p-values represented by contour lines.

A comparison between Fig. 1 and Fig. 2 shows 
that their patterns differ between the first and 
second waves of the COVID-19 lockdowns. 
However, the patterns for CO and AEI are 
nearly identical across both waves.

Fig. 1. Estimated coefficient surfaces for seven distinct FOF regression models based on the ff() approach 
across different air pollution indices during the first COVID-19 lockdown wave in Iran
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In Fig. 2 each surface is adjusted for four 
climatic covariates (pressure, precipitation, 
temperature, and wind), with corresponding 
p-values represented by contour lines.

Spatial pattern showing the differences 
between observed measurements and model-
predicted estimates
Maps illustrating the mean differences between 
observed and predicted values, derived from 
the FOF regression using ffpc() for each 
air pollution index and lockdown wave, are 

Fig. 2. Estimated coefficient surfaces for seven distinct FOF regression models based on the ff() approach 
across different air pollution indices during the second COVID-19 lockdown wave in Iran

Fig. 3. Differences between observed and predicted values obtained from the ffpc-based Functional-On-
Functional regression (pffr()) model for NO₂ (×1,000,000) during the COVID-19 lockdowns in Iran 

presented separately. For instance, the maps for 
NO2 are shown in Fig. 3. In both plots A and B, 
the colors range are near zero with grey color, 
indicating that the predicted and observed values 
for all provinces are very similar. However, 
Tehran and Alborz provinces are shaded in blue 
or dark blue, indicating that the observed values 
are higher than the predicted values in plot A. 
Provinces near Tehran, such as Qom, Markazi, 
Qazvin, Gilan, Mazandaran, and Golestan, are 
also shown in purple in wave 1. Maps for other 
air quality indices can be found in [26].
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In Fig. 3 Panel (A) represents the first wave, and 
Panel (B) represents the second wave.

Several studies have documented decreases in 
air pollution levels across Iranian provinces 
during the COVID-19 lockdown period. For 
example, a decrease in PM2.5 was observed from 
February 19, 2020, to March 11, 2020, across 
all provinces [28], , while other studies reported 
reductions in PM2.5, PM10, and NO2 across 12 
cities in Iran [29].  Further research using GEE 
methods found declines in NO2 and CO in Iran 
and four cities [30]. Additional findings showed 
decreases in CO, NO2, PM2.5, and PM10, along 
with increases in SO2 and O3 during the first wave, 
as well as a reduction in the Air Quality Index 
(AQI) across four provinces equipped with 150 
monitoring stations  [31]. Similar patterns were 
also reported for  CO, NO2, and O3 in Isfahan 
[32, 33], Arak province [34],  and Tehran [35-
38], while reductions in Aerosol Optical Depth 
(AOD) were observed in Khuzestan province 
[39].  Moreover, decreases in PM2.5, NO2, and O3 
in Khorramabad, were reported in Khorramabad, 
the capital of Lorestan province [40, 41] , and 
in Bojnurd city in North Khorasan [42]. While 
our study reached most of the prevouse results, 
it also estimates the relationships and dynamic 
changes in days and spatial variations.  
On the other hand, the Containment and Health 
Index (C&H) is a composite indicator that 
integrates the Stringency Index with additional 
variables from the Oxford Coronavirus 
Government Response Tracker (OxCGRT) 
project. It is scaled from 0 to 100 and represents 
the strictness of governmental COVID-19 
response policies, including measures such as 
mobility restrictions, mask requirements, and 
other related interventions. During Iran’s first 
COVID-19 lockdown period (March 14 to April 
20, 2020), the C&H index had an average value 
of 37.09 with a standard deviation of 3.128. In 
contrast, during the second wave (April 13–25, 

2021), the C&H index showed a mean of 71.916 
with a standard deviation of 0.572. We conclude 
that air quality improved more during the first 
wave, whereas the C&H index reached higher 
levels in the second wave [43].
Only a limited number of studies have 
investigated air pollution across both COVID-19 
waves. For example, the decrease in NO2 levels 
during the first wave was more pronounced than 
that observed in the second wave worldwide 
[44]. In Spain, NO2 was found to be the most 
influential variable among meteorological 
indicators associated with COVID-19 incidence 
and severity across both waves [45, 46]. In 
contrast, NO2 concentrations were higher during 
the second COVID-19 wave compared with the 
first lockdown period in India [47]. On the other 
hand, in Australia, NO2 reductions were more 
substantial during the second wave than in the 
first, likely due to more stringent restrictions 
[48]. Our study compares both waves and 
examines how their patterns change over time 
on a daily basis.
Recent studies on climatic indices in Iran 
that applied fuzzy clustering methods [49] 
did not utilize any Functional Data Analysis 
(FDA) techniques; therefore, extending fuzzy 
clustering approaches with FDA-based methods 
represents a promising direction for future 
research. Another recent work [21] , along with 
the present study, is among the first to integrate 
the GEE dataset with Functional Data Analysis 
(FDA) methods, highlighting a promising 
avenue for future research. Lastly, an important 
limitation of this study is the lack of data from 
air quality monitoring stations operated by Iran’s 
Department of Environment..

Conclusion

This study demonstrates the substantial 
effects of COVID-19 lockdowns on air 
pollution levels across 31 provinces of Iran, 
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utilizing satellite-based data to monitor 
environmental changes during periods of 
public health restrictions. By applying FPCA 
and comparing three FOF regression models, 
we demonstrate that advanced statistical 
methods can effectively reconstruct sparse 
data and model complex temporal patterns. 
Incorporating meteorological covariates, such 
as temperature and wind, markedly improved 
model performance, underscoring the role of 
environmental factors in air quality assessment 
[26]. The differential effects observed between 
the first and second lockdowns reveal notable 
regional variability, providing critical insights 
for policymakers to design targeted air quality 
management strategies during public health 
crises.
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