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e Research Center for the Territory and Sustainable Habitat, Universidad Tecnológica Indoamérica, Machala y Sabanilla, 170301 Quito, Ecuador 
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A B S T R A C T   

The concentration of gases in the atmosphere is a topic of growing concern due to its effects on 
health, ecosystems etc. Its monitoring is commonly carried out through ground stations which 
offer high precision and temporal resolution. However, in countries with few stations, such as 
Ecuador, these data fail to adequately describe the spatial variability of pollutant concentrations. 
Remote sensing data have great potential to solve this complication. This study evaluates the 
spatiotemporal distribution of nitrogen dioxide (NO2) and ozone (O3) concentrations in Quito and 
Cuenca, using data obtained from ground-based and Sentinel-5 Precursor mission sources during 
the years 2019 and 2020. Moreover, a Linear Regression Model (LRM) was employed to analyze 
the correlation between ground-based and satellite datasets, revealing positive associations for O3 
(R2 = 0.83, RMSE = 0.18) and NO2 (R2 = 0.83, RMSE = 0.25) in Quito; and O3 (R2 = 0.74, RMSE 
= 0.23) and NO2, (R2 = 0.73, RMSE = 0.23) for Cuenca. The agreement between ground-based 
and satellite datasets was analyzed by employing the intra-class correlation coefficient (ICC), 
reflecting good agreement between them (ICC ≥0.57); and using Bland and Altman coefficients, 
which showed low bias and that more than 95% of the differences are within the limits of 
agreement. Furthermore, the study investigated the impact of COVID-19 pandemic-related re
strictions, such as social distancing and isolation, on atmospheric conditions. This was catego
rized into three periods for 2019 and 2020: before (from January 1st to March 15th), during (from 
March 16th to May 17th), and after (from March 18th to December 31st). A 51% decrease in NO2 
concentrations was recorded for Cuenca, while Quito experienced a 14.7% decrease. The 
tropospheric column decreased by 27.3% in Cuenca and 15.1% in Quito. O3 showed an increasing 
trend, with tropospheric concentrations rising by 0.42% and 0.11% for Cuenca and Quito 
respectively, while the concentration in Cuenca decreased by 14.4%. Quito experienced an in
crease of 10.5%. Finally, the reduction of chemical species in the atmosphere as a consequence of 
mobility restrictions is highlighted. This study compared satellite and ground station data for NO2 
and O3 concentrations. Despite differing units preventing data validation, it verified the Sentinel- 
5P satellite’s effectiveness in anomaly detection. Our research’s value lies in its applicability to 
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developing countries, which may lack extensive monitoring networks, demonstrating the po
tential use of satellite technology in urban planning.   

1. Introduction 

Air pollution has become the greatest challenge to global public health; its impacts also threaten the integrity of ecosystems, and 
material goods, and alter the climate [1–4]. In particular, developing countries face significant pollution problems, leading to air 
quality levels below those recommended by the World Health Organization (WHO), thus imposing economic and health burdens on the 
inhabitants of these regions [5,6]. 

The primary air pollutants include carbon monoxide (CO), sulfur dioxide (SO2), nitrogen monoxide and nitrogen dioxide (NO and 
NO2), ozone (O3), and particulate matter with aerodynamic diameters less than 10 (PM10) and 2.5 (PM2.5) microns. These pollutants 
are primarily emitted by transportation, industries, agricultural production, and waste generation [7]. NO2 and O3 are severe and 
harmful pollutants, with NO2 causing respiratory illnesses and even cognitive implications [7–9]. Their concentrations are strongly 
linked to human activity, mainly due to the burning of fuels caused by vehicular traffic and industrial activities [10]. Moreover, NO2 is 
a crucial precursor to tropospheric O3 [11], which, due to its highly oxidizing nature, can have acute and chronic effects on pulmonary 
and cardiovascular morbidity, and even cause premature mortality [12,13]. 

Despite efforts to control the sources of atmospheric pollutant emissions, our country’s economic growth dynamics are strongly 
linked to the transportation and industrial sectors [14], making it unfeasible to restrict these origins. On the other hand, the COVID-19 
pandemic led to extraordinary restrictive measures to curb the spread of the virus. Social distancing and isolation were progressively 
implemented in Ecuador starting on March 17, 2020, improving air quality [15]. For this study, March, April and May are established 
as period of special interest, because they were the months with the greatest restriction. 

Various studies around the world have demonstrated a decrease in pollution as a result of restrictive measures and/or lockdowns, 
mainly in NO2 [16–19], whose decrease resulted in an increase in O3 concentrations; phenomenon documented previously and with 
current studies highlights the complex interconnection between these components of the atmosphere [20–26]. The variability in 
concentrations was more noticeable in cities with higher population densities than those with lower population densities. 

Fig. 1. Map indicating the study area’s location: a) Quito, situated in northern Ecuador; b) Cuenca, located in southern Ecuador; c) study sites 
throughout Ecuador; and d) Ecuador’s position within South America. 
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This study has evaluated this phenomenon in Quito and Cuenca, which account for approximately 18.6% of Ecuador’s total 
population, a large part of the automobile fleet, and essential industries located within their boundaries. Both areas are equipped with 
air quality monitoring networks that collect, process, and disseminate real-time information regarding surface concentrations on an 
urban scale, covering a range of up to 50 km [27]. 

Therefore, it is vital to identify methodologies that allow us to make accurate inferences about air quality variability. Mejía C. et al. 
[27], Arikan & Yildiz [28], and Zalakeviciute et al. [29] have relied on information derived from Sentinel-5 Precursor satellite data 
carried by the TROPOspheric Monitoring Instrument (TROPOMI) to monitor pollutant concentrations. Satellite detection is also 
limited regarding the actual transport and transformation of pollutants by the presence of clouds, which affect continuous and uniform 
sampling and coverage [10]. 

As mentioned above, the historical drops in atmospheric pollutant levels during the COVID-19 pandemic are an ideal scenario to 
evaluate the performance of atmospheric pollutant measurement methodologies, mainly satellite remote sensing. This research aims to 
evaluate the temporal behavior of NO2 and O3 concentrations in the atmosphere during the years 2019 and 2020, through surface and 
Sentinel-5P derived data in the cities of Quito and Cuenca, Ecuador. In addition, the impact of restrictive measures in the country on 
pollutant emissions has been quantified by calculating the rate of change recorded by the two data sets. 

2. Methods 

2.1. Study area 

The study area corresponds to Quito and Cuenca, located in Ecuador (Fig. 1c and d), some of the most representative cities in the 
country at a demographic and industrial level. They are also the only two cities that manage air quality in Ecuador through permanent 
monitoring networks, allowing air quality trends to be established based on data reliable and continuous. Quito (Fig. 1a) is located in 
the central northern area of the country at Latitude 0◦ 13′ 07″ S and Longitude 77◦30′35″ W. Its territory spans around 372.4 km2 of 
irregular topography with 44 climatic zones and ecosystems; it displays a significant altitudinal variation with elevations ranging from 
1200 m above sea level (m.a.s.l.) in the northwest to 4794 m.a.s.l. at the Pichincha volcano massif located to the west [30]. Its 
approximate population is 2.011 million inhabitants, of which 68.7% reside in the urban area. 

Cuenca is located within the canton of the same name in the south-central zone of the country (Fig. 1b), it has an area of 73 km2, its 
altitudes vary between 2560 and 3100 m.a.s.l [31,32]. In 2018 it registered an estimated population of 614539 inhabitants, of which 
65.64% belonged to the urban area [33]. Both cities are located in the inter-Andean alley of the Andes Mountains and according to the 
Köppen-Geiger classification their climate corresponds to Cfb (marine west coast), characteristic of mid-latitudes, humid and 
temperate [31,34]. 

In the city of Cuenca, NO2 and O3 data are collected by a single station, located in the city’s center. In Quito, data are collected by 
eight stations distributed mainly in the urban area, except for three (Carapungo, Tumbaco and Los Chillos) located in rural areas. 
Table 1 shows the characteristics of the stations mentioned above. 

2.2. Ground-based data 

The data correspond to the information provided by ground-based stations. One station is located in Cuenca on top of the Municipal 
Building (MUN), and there are eight stations in Quito: Belisario, Camal, Carapungo, Centro, Los Chillos, Cotocollao, Guamaní, and 
Tumbaco. These stations are distributed across different points within the canton and at varying elevations (Fig. 1 and Table 1). The 
temporal coverage of data for O3 is 94.08% in Quito and 98.6% in Cuenca, and for NO2, it is 93.70% in Quito and 97.8% in Cuenca [35, 
36], covering the dates from January 01, 2019 to December 31, 2020. 

The stations have urban-neighborhood coverage (4–50 km) and a sampling rate of one per minute (real-time), from which the 
means are calculated in the periods established in the NCAA (daily for NO2 and eight-hourly for O3). The recording methodologies and 
instrumentation used are listed in Table 2. 

For data dissemination, the data are available at an hourly frequency, reported in μg m− 3, and are freely accessible through the 
digital platforms of Quito’s Environment Secretariat (http://datosambiente.quito.gob.ec/) and the Municipal Public Company of 
Mobility, Transit and Transportation of Cuenca (EMOV EP) in Cuenca (http://caire.emov.gob.ec/monitoreo/pages/get-data.xhtml? 

Table 1 
Surface monitoring stations.  

Code City-Area Name Latitud Longitud Altitude 

MUN Cuenca - Centro Histórico Municipio 2◦53′50″ S 79◦00′14″ W 2538 
BEL Quito – Norte Belisario 0◦10′48″ S 78◦29′24″ W 2835 
CAR Quito – Calderón Carapungo 0◦5′54″ S 78◦26′50″ W 2851 
CAM Quito – Sur Camal 0◦15′00″ S 78◦30′36″ W 2840 
CEN Quito – Centro Centro 0◦13′12″ S 78◦30′36″ W 2820 
LCH Quito - Los Chillos Los Chillos 0◦18′00″ S 78◦27′36″ W 2453 
COT Quito - La Delicia Cotocollao 0◦6′28″ S 78◦29′50″ W 2739 
GUA Quito – Quitumbe Guamaní 0◦19′51″ S 78◦33′50″ W 3066 
TUM Quito – Tumbaco Tumbaco 0◦12′36″ S 78◦24′00″ W 2331  
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dataType=AIR&avgType=DAYLI). 
The hourly ground-based data were processed to obtain the monthly mean per gas during the specified period, generating a 

database with 24 records per station and pollutant. 

2.3. Satellite data 

NO2 and O3 concentrations in μmol m− 2 columns were obtained from the TROPOMI instrument on board the Sentinel-5P. For our 
analysis, we used L3 level satellite data of monthly means with a spatial resolution of 1 km2, provided by the Google Earth Engine 
(GGE) platform (https://earthengine.google.com/). The data correspond to monthly means from January 01, 2019 to December 31, 
2020 concentrations for NO2 and O3. However, the spatial visualization of pollutants was categorized into three periods for the years 
2019 and 2020: before (from January 1st to March 15th), during (from March 16th to May 17th), and after (from May 18th to 
December 31st) (Table 3). These specific dates were chosen as they reflect a shift in mobility due to the COVID-19 pandemic in 
Ecuador. 

With Sentinel-5P data, an additional analysis was performed in order to have a better spatial resolution and eliminate the inter
ference of clouds or other weather conditions; the Empirical Bayesian Kriging (EBK) method was used to obtain images of 0.03 km2 per 
pixel [27,29]. On the other hand, for the calculation of statistics we worked at the level of raw pixel data of O3 and NO2 which were 
considered values > 0.70 and > 0.75 respectively, which eliminates cloud-coverage distortions, errors and problematic recoveries [29, 
37–39]. 

2.4. Data normalization 

Due to the nature of the data (in situ and Sentinel 5P) it is not possible to equate their units, however, so that they can be com
parable to each other, they were normalized between 0 and 1 using the formula (eq. (1)): 

X norm=
X − Xmin

Xmáx − Xmin
(1)  

where Xnorm = the normalized value, X = the original value, Xmin = the minimum value of the data set, Xmax = the maximum value 
of the data set. 

2.5. Data analysis 

2.5.1. Linear Regression Model and spatio-temporal analysis 
To determine the association between ground-based and satellite data, a LRM was specifically employed. These regression analyses 

were performed using R-4.3.0 in RStudio 2022.07.1. The LRM, widely recognized for its simplicity [40], was used to calculate the 
coefficients of determination (R2) and the similarity (p-value) between the two datasets. The dependent variable in this case is the 
ground-based data, denoted as Y. The equation (eq. (2)) used to construct the model is described below: 

Y = β + βiXi + ε (2)  

Where Y represents the dependent variable (ground-based data), β corresponds to the intercept, βi represents the coefficient, Xi 
represents the independent variables (satellite data) in the equation and ε represents the error. 

Moreover, ground and satellite data from 2019 to 2020 were analyzed to evaluate their temporal behavior before and during the 
COVID-19 pandemic. The analysis used Python 2.9.0 software in Google Collaboratory (https://colab.research.google.com/). 

2.5.2. Intraclass correlation coefficient (ICC) 
On the other hand, although the R2 coefficient evaluates the degree of association between two variables, it does not examine the 

Table 2 
Characteristics of ground-based instruments.  

Gas Place Recovery methodology Instrument Equivalent Method 

O3 Quito UV radiation absorption Thermo 49C/49i USEPA No. EQOA-0880-047 
Cuenca Teledyne M400E USEPA EQOA-0992-087 

NO2 Quito Chemiluminescence Thermo 42C/42i USEPA No. RFNA-1289-074 
Cuenca Teledyne M200E USEPA RFNA-1194-099  

Table 3 
Sentinel-5P satellite data characteristics.  

Satellite Sensor Polluant Product Frequency Typical Recovery Range Acquisition Period 

Sentinel-5P TROPOMI NO2 L3__NO2___ Monthly 0–0,0002 01/2019-12/2020 
O3 L3__O3_TCL Monthly 0–0,36 01/2019-12/2020  
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level of agreement and concordance between them. Additional information is required to interpret it correctly. A low correlation could 
lead to the conclusion that there is no association, however, this association could be firm but not of a linear nature [41]. To analyze the 
concordance between the data, the ICC and the Bland-Altman graphical method have been used, applied through the IBM SPSS 
Statistics 27 software. 

The ICC evaluates the degree of agreement or consistency between means, whose variance can be attributed to variations between 
instruments that perform measurements on the same sample [42]. This coefficient is widely used in statistical analysis and validation 
of environmental studies [43–45]. The ICC of Absolute Agreement (ICCa) was used (eq. (3)), considering any difference between 
measurements as a mismatch, regardless of its type. Furthermore, it tells us that values greater than 0.5 are considered acceptable [46]. 
To calculate this coefficient, we use the following equation: 

ICCa =
σ2

p

σ2
p + σ2

error
(3)  

where σp
2 = variance, and σerror

2 = variance of the experimental error. The evaluation of the consistency of the instrument measure
ments is reported using the scale proposed by Landis and Koch [47]. 

Bland and Altman propose a standard approach for assessing agreement between two measurement methods [48]. This approach, 
known as “Limits of Agreement,” is based on determining whether points are located near the zero line, indicating a high agreement 
level between the methods. The analysis represents the differences between the measurements of both methods concerning their mean 
through a scatter plot while adhering to the pre-calculated limits [49,50]. The limits of agreement are determined using the following 
equations (eq. (4) and eq. (5)): 

LL=X − 1.96 • SD (4)  

Fig. 2. Behavior of ground-based vs Sentinel-5P data for O3 and NO2 in the cities of Quito and Cuenca during 2019 and 2020.  
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UL=X + 1.96 • SD (5)  

Where LL = Lower limit, UL = Upper Limit; X = mean of the difference and SD = standard deviation of the difference. In the field of 
environmental studies, this analysis has been used to assess the agreement between satellite and ground measurements data [51] and 
for the validation of predictive models [52,53]. 

2.5.3. Bland and Altman’s graphical method 
The graphical method of Bland and Altman was employed to analyze the concordance of the measured data, using IBM SPSS 

Statistics 27 software. This method regards a zero difference between measurements as the ideal agreement. Consequently, in this 
context, the mean difference and its limits can also be found close to zero [54]. 

3. Results 

3.1. Spatial-temporal and statistical analysis 

In Cuenca, O3 ground data recorded in 2020 were generally lower than those in 2019, except for the months of March, November, 
and December, which recorded higher values. In Quito, on the other hand, the values recorded in 2020 are higher than those of 2019 
except for January and August. Sentinel-5P data show the same behavior for both cities, with higher concentrations in 2020 compared 
to those recorded in 2019 starting in June. Ground-based and Sentinel-5P data indicate a decrease in the concentration of this gas 
during the months affected by restrictions in both cities. 

In 2019, elevated levels of NO2 were recorded during March and from June to October, exceeding the limit established by the 
Ambient Air Quality Standard (AQS) and the WHO guidelines (40 μg m− 3) [36,55]. Conversely, in 2020, NO2 concentrations were 
lower than those in 2019. Both data sets (Quito and Cuenca) show similar behavior during 2020, recording slight divergences from 
May to July; the annual average remains within the regulatory limits. In comparison, the data from 2019 show more significant 
differences in their behavior. Lower concentrations of gases are observed in the rural area of Quito compared to its urban area. This is 
especially notable for nitrogen dioxide (NO2), where Sentinel-5P measurements show greater sensitivity (Fig. 2). 

The maximum, minimum, and mean values provided by the monitoring stations and the Sentinel-5P satellite were analyzed, which 
are detailed in Table 4. In general, both data sets agree on the period in which the maximum and minimum values were recorded, or 
they are found in close time intervals. 

According to the reports provided by the EMOV EP of Cuenca, it is determined that the pollutants analyzed in 2019 presented 
annual means lower than those established by the AQS and the values recommended by the WHO. However, there were exceptions in 
the case of NO2, which exceeded the threshold value of 40 μg m− 3 in some stations and months. In the corresponding report for 2020, 
all annual means were below the limits established. Similarly, the city of Quito recorded monthly NO2 values that exceeded the 
regulations; however, the annual mean did not surpass the established limit. 

The medians (Q2) and means of the data show small differences, attributed to the natural variability of the data, but insufficient to 
conclude the existence of a skewed distribution; the tails of the O3 data present a slight platykurtic distribution, which suggests greater 
uniformity of the data; while for NO2 they show a leptokurtic distribution, indicative of greater variability or the presence of unusual 
events in the data. For both gases the behavior differs at the Cuenca station. For the most part, the data show a positively asymmetric 
distribution, indicating a concentration of data towards the left side and upper extreme values scattered to the right side. 

In order to visualize the variations in O3 concentrations over time, box plots are used. For the city of Cuenca, the Sentinel-5P records 
an annual mean of 112519.7 μmol m− 2 in 2019, slightly increasing to 112994.9 μmol m− 2 in 2020 (Fig. 3b), representing a 0.42% 
increase in emissions. On the other hand, the station shows an annual mean of 45.25 μg m− 3 in 2019, which decreases to 38.75 μg m− 3 

in 2020 (Fig. 3a), indicating a significant 14.4% reduction in emissions. It is worth noting that both values fall within limits established 
by the regulation, which is 100 μg m− 3 [56]. 

When comparing the interquartile ranges (IQRs), it can be observed that the data from the stations in 2020 present a more 

Table 4 
Statistics of Ground-based (μg m− 3) and Sentinel-5P (μmol m− 2) data (Min: Minimum, Max: Maximum, Std: Standard Deviation).   

O3 NO2 

Cuenca Quito Quito Cuenca 

Sentinel-5P Ground-base Sentinel-5P Ground-base Sentinel-5P Ground-base Sentinel-5P Ground-base 

Min 107458 20.45 106643.5 17.53 10.7 7.08 4,00 6.79 
Q1 111015.25 35.34 110316.47 21.83 22.81 16.45 14.5 18.55 
Q2 112752.5 40.34 112970.31 25.59 25.19 18.66 17 27.3 
Q3 114377 43.21 114814.62 30.08 30.03 20.14 22.25 38.22 
Máx 118311 76.03 119006.75 37.57 56.00 26.48 39,00 55.58 
Mean 112757 41.9 112879.39 26.15 27.9 17.85 18,21 28.76 
Std 3013.7 13.97 3463.77 5.60 11.05 4.2 8.27 13.44 
Kurtosis − 0.53 1.84 − 0.7 − 0.67 1.89 1.79 1.1 − 0.69 
Skewness 0.15 1.43 0.1 0.53 1.25 − 0.89 0.78 0.32  
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concentrated distribution and are in a lower range due to the decrease in concentration. Outlier data were recorded in 2019, while in 
2020, no extreme values were observed, not even within the quartiles. This is evident from the closeness of the whiskers to the box. As 
for the Sentinel-5P data, the distribution in 2020 is much broader, indicating extreme values, but all are within the expected range, 
thus ruling out outliers and corroborating the generated increase. 

In 2019, Sentinel-5P recorded a mean of 112815.8 μmol m− 2 in Quito, slightly increasing to 112943 μmol m− 2 in 2020 (Fig. 3b). 
This increase represents a 0.11% rise in concentrations. The measurement station recorded an annual mean of 27.46 μg m− 3 in 2020, 
higher than the average of 24.84 μg m− 3 recorded in 2019 (Fig. 3a), implying a 10.5% increase in emissions of this pollutant. During 
2020, Sentinel-5P recorded values with a wider dispersion, indicated by a more extensive interquartile range compared to the 2019 
data. However, overall, the medians of the data were lower in 2020, except for the ground-based data in Quito. The box plots highlight 
the increase in O3 concentrations for 2019 and 2020. However, neither of the two years presents any outliers, meaning all values fall 
within the expected limits. 

In the city of Cuenca, Sentinel-5P recorded a mean NO2 concentration of 21.08 μmol m− 2 in 2019, which decreased to 15.33 μmol 
m− 2 in 2020 (Fig. 4b), reflecting a decrease rate of 27.3%. Meanwhile, the monitoring station reported an annual mean of 38.63 μg m− 3 

in 2019 and 18.89 μg m− 3 in 2020 (Fig. 4a), evidencing a reduction of 51% in NO2 emissions. In comparison, the IQRs of Sentinel-5P 
are only slightly wider than those recorded by the station. In 2019, both data sets exhibited extreme values and outliers distribution. 
However, examining the location of the central values in both cases confirms the decrease in concentrations in the year 2020 (Fig. 4). 

In Quito, Sentinel-5P recorded an annual mean of 30.2 μmol m− 2 for NO2 in 2019, which decreased to 25.64 μmol m− 2 in 2020 
(Fig. 4b), translating into a decrease rate in emissions of 15.1%. On the other hand, the monitoring station recorded an annual mean of 
19.28 μg m− 3 in 2019, decreasing to 16.43 μg m− 3 in 2020 (Fig. 4a), indicating a reduction rate of 14.7%. For Quito, the satellite data 
registers outliers during both years. However, the IQR shows a highly constrained data distribution, and the recorded decreases are 

Fig. 3. Box Plots of O3 concentrations recorded by a) Ground-based and b) Sentinel-5P stations during the years 2019 and 2020. The box represents 
the interquartile range (IQR), which spans from the first quartile (Q1) to the third quartile (Q3) and contains the middle 50% of the data. The 
horizontal line inside the box indicates the median of the data set. The whiskers of the box extend to the most extreme values within a range 
calculated based on IQR; points that fall outside these limits are considered outliers. 

Fig. 4. Box plots of NO2 concentrations recorded by a) Ground-based stations and b) Sentinel-5P during the years 2019 and 2020. The box rep
resents the interquartile range (IQR), which spans from the first quartile (Q1) to the third quartile (Q3) and contains the middle 50% of the data. The 
horizontal line inside the box represents the median of the data set. The whiskers on the box extend to the most extreme values within a range 
calculated based on IQR; points outside these limits are considered outliers. 
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evident in both cases. 
Fig. 5 displays the spatial distribution of NO2 in the city of Quito. The concentrations of this pollutant change during the restriction 

periods, showing a decrease compared to the year 2019. On the other hand, in the city of Cuenca (Fig. 5), despite the mean con
centrations of this gas being similar in both years, a significant decrease in its presence in the troposphere is observed during the 
restriction period. 

In relation to the O3 concentrations during mobility restrictions, a significant decrease of this pollutant can be noted in the cities of 
Quito and Cuenca (Fig. 6). This observation aligns with Fig. 2, both in the data gathered from ground-based stations and those obtained 
via satellite. 

3.2. Relationship of Sentinel-5P data to ground-based data 

As depicted in Fig. 2, both datasets exhibit similar patterns and trends. The disparities observed between the Ground-based and 
Sentinel-5P data can be attributed to the variance in the detection heights of the gases. While the stations record data at the surface 
concentrations, Sentinel-5P provides the mean value across the entire vertical column. Additionally, the datasets showcase maximum 
and minimum concentrations during the same or adjacent months, with the Quito data displaying the highest similarity. In order to 
establish a correlation between the Sentinel-5P data and those provided by EMOV in Cuenca and REMMAQ in Quito (n = 216), 
normalized data is utilized. Linear regressions are conducted to determine the adjusted R2 value and Pearson’s Correlation Coefficient 

Fig. 5. Spatial distribution of NO2 in the cities of Quito and Cuenca during various periods: a) Quito (January–February 2019), b) Quito 
(March–May 2019), c) Quito (June–December 2019), d) Quito (January–February 2020), e) Quito (March–May 2020), f) Quito (June–December 
2020), g) Cuenca (January–February 2019), h) Cuenca (March–May 2019), i) Cuenca (June–December 2019), j) Cuenca (January–February 2020), 
k) Cuenca (March–May 2020), i) Cuenca (June–December 2020). 
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(r) using RStudio (Fig. 7). 
Firstly, the complete dataset was examined, and subsequently analyzed separately, using the city as the differentiation criterion. 

For Cuenca, the relationships were found to be low, which could be attributed to the small sample size, as outlier values could cause 
significant variations in the determined coefficients. 

For the total dataset, lower relationships were observed than in the differentiated data (Table 5). Regarding the data for Cuenca, R2 

value of 0.73 was obtained for both gases, indicating a high association between the variables. As for the mean data of the city of Quito, 
R2 value of 0.83 was recorded, which points to an almost perfect degree of association between the measurements. According to the 
RMSE values, a reasonable accuracy can be attributed to the models in terms of fit to the data, while the recorded MBE values suggest 
that the models do not have pronounced biases and tend to make fairly accurate predictions on average. 

According to Levene’s statistics based on the mean, the significance value (p ≥ 0.05) indicates that the variances of the station data 
with those collected by Sentinel-5P are equal, both groups are homogeneous (Table 6). The results of the ANOVA between one-factor 
groups accept the null hypothesis and indicate equality of the group means. 

Table 7 shows the coefficients obtained for each of the stations in the city of Quito, all stations show similar correlations for the 
gases analyzed. The Belisario station shows the best correlations between the data for both O3 and NO2, the Guamaní station showed a 
good correlation for O3 and Carapungo for NO2. 

Fig. 6. Spatial distribution of O3 in the cities of Quito and Cuenca during various periods: a) Quito (January–February 2019), b) Quito (March–May 
2019), c) Quito (June–December 2019), d) Quito (January–February 2020), e) Quito (March–May 2020), f) Quito (June–December 2020), g) 
Cuenca (January–February 2019), h) Cuenca (March–May 2019), i) Cuenca (June–December 2019), j) Cuenca (January–February 2020), k) Cuenca 
(March–May 2020), i) Cuenca (June–December 2020). 
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Fig. 7. Linear regression for Sentinel-5P vs ground-based data: a) O3 data, b) NO2 data.  

Table 5 
Values of Coefficient of Determination (R2), Root Mean Square Error (RMSE), Mean Biased Error(MBE), and P-Value for Sentinel-5P data vs. Ground- 
based data.   

Total Data Cuenca Quito  

R2 RMSE MBE p-value R2 RMSE MBE p-value R2 RMSE MBE p-value 
O3 0.74 0.13 0.01 2e-16*** 0.72 0.23 0.04 4.2e-8*** 0.83 0.18 0.03 2e-16*** 
NO2 0.66 0.20 0.04 2e-16*** 0.72 0.26 0.05 4.6e-8 *** 0.74 0.25 0.07 2e-16*** 

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1. 

Tabla 6 
Levene statistics based on mean and sample values One-way between-group ANOVA.    

Levene p-value F p-value 

Cuenca O3 1.25 0.269 1.73 0.195 
NO2 1.49 0.23 0.358 0.553 

Quito O3 0.005 0.946 0.842 0.364 
NO2 0.078 0.781 6.842 0.012  

Table 7 
Values of R2, RMSE and r for Senrinel-5P data for the Quito stations.   

R2 RMSE MBE 

O3 NO2 O3 NO2 O3 NO2 

BEL 0.81 0.82 0.25 0.24 0.015 0.08 
CAM 0.77 0.69 0.29 0.43 − 0.005 0.18 
CAR 0.77 0.77 0.24 0.28 0.04 0.11 
CEN 0.76 0.76 0.28 0.30 0.01 0.12 
CHI 0.75 0.72 0.30 0.31 0.05 0.14 
COT 0.77 0.41 0.25 0.41 0.01 0.06 
GUA 0.85 0.75 0.20 0.25 0.01 0.05 
TUM 0.77 0.72 0.28 0.29 0.05 0.12  
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3.3. Intraclass correlation coefficient (ICC) 

The ICC of absolute agreement was calculated, which considers any discrepancy between measurements, whether of constant, 
proportional, or other types, as a lack of concordance. The ICC was applied to the normalized data from the cities of Cuenca and Quito, 
obtaining the following results (Table 8). 

3.4. Bland and Altman’s graphical method 

For the dataset corresponding to the city of Cuenca (Table 9), the Bland and Altman method revealed a mean bias ± SD between the 
measurements of Sentinel-5P and the city’s automatic monitoring station for O3 of − 0.100 ± 0.276, with concordance limits of − 0.629 
and 0.429 (Fig. 8a). The concordance limits established for NO2 were − 0.490 and 0.580, with a mean bias ± SD between the mea
surements of Sentinel-5P and the monitoring station of the City of Cuenca of 0.044 ± 0.273 (Fig. 8b). The evaluation determines that, 
with 95% of the points close to the line representing the mean bias and within the agreement limits, the reliability of Sentinel-5P data is 
guaranteed. 

The Bland and Altman graphical method was applied for the data recorded in Quito (Table 8). For O3, the plot showed the mean ±
SD bias between Sentinel-5P measurements and in situ data as − 0.079 ± 0.210, and the limits of agreement were − 0.490 and 0.330 
(Fig. 9a). For NO2, the mean ± SD bias between Sentinel-5P measurements and in situ, data was 0.19 ± 0.21, and the limits of 
agreement were set at − 0.230 and 0.620 (Fig. 9b). 

The evaluation of these results suggests that the differences are close to the line representing the mean bias. Within the agreement 
limits, the reliability of the data provided by Sentinel-5P is ensured. Moreover, it can be determined that the differences obtained 
between the data do not show any trend, ruling out the presence of systematic errors or interferences of any other kind in the mea
surement of values.. 

4. Discussion 

The results obtained support the efficiency and relevance of Sentinel-5P in the continuous monitoring of air quality in cities in 
Ecuador, using the collateral effect of COVID-19 on air quality during 2020. NO2 concentrations are directly linked to linear sources, 
for which the decrease in vehicle traffic had a notable influence. The comparative analysis between a conventional year and another 
marked by pandemic restrictions, with emphasis on the critical months of confinement, showed a spatio-temporal evolution of air 
pollution influenced by the restriction measures implemented. 

The regression model applied satisfactorily corrected the spatial deficiencies of the monitoring network, validated by calculating 
the CCI and graphical representation of Bland and Altman. This highlights the sensitivity of Sentinel-5P regarding detection and 
modelling of changes in the concentration of air pollutants in the vicinity of the surface [58,59] and as noted by Jeong and Hong [60], 
in identifying contamination hotspots, a crucial aspect to strengthen the monitoring air pollutants in cities that lack monitoring 
networks or have incomplete networks. 

Historical data collected by EMOV EP indicates an increasing trend in NO2 concentration since 2012. However, restrictive measures 
managed to mitigate this trend with significant decreases in average annual concentrations. In Quito, a decrease of 15.1% by Sentinel- 
5P and 14.7% by the stations is observed, corroborating what has been documented by Mejia et al. [27], Zalakeviciute et al. [15,29], 
and Zambrano & Ruano [61]. Similarly, significant increases (0.11% for Sentinel 5P and 10.5% for the stations) of O3 are recorded, 
which support what was reported by Carzola et al. [62], and Pacheco et al., [63]. In Cuenca, an increase of 0.42% in the concentration 
of O3 was observed by Sentinel-5P, while the stations indicated reductions of 14.4% for this gas and 27.3% and 51% of NO2 by 
Sentinel-5P and the stations respectively. 

These findings align with those of Sicard et al. [64], who documented decreases of 53% in NO2 concentrations in Nice, Rome, 
Valencia and Wuhan, and 30% in Turin. These cities also experienced an increase in O3 levels. Anbari et al. [65] reported a 12.2% 
increase in annual O3 concentrations in the city of Khorramabad (Iran), attributed to the decrease in NO2 due to lockdown measures. 
Tudor [66] also revealed that O3 levels increased during the first COVID-19 lockdown in the United Kingdom, leading to more severe 
pollution from March to June 2020. Similar findings have been reported in Spain [67,68]; Previously other authors had already 
documented this effect [69,70]. 

Although currently the annual pollution regulations have not been exceeded, daily records have already exceeded these thresholds; 
In addition to highlighting the importance of satellite data, this study supports previous analyzes that have established relationships 
between the decrease in pollution and the reduction in mobility, establishing an informative precedent that can be used as a basis for 
the implementation of future measures aimed at controlling pollution levels and that, in accordance with Art. 14 of the Constitution of 
Ecuador, guarantee all citizens the right to live in a healthy and ecologically balanced environment. Future studies are encouraged to 
use these data in statistical techniques such as geographical weighted regression (GRW) that include spatial variability or regression 
algorithms that make predictions with a broader set of variables such as Random Forest. 

5. Conclusions 

This study analyzed Sentinel-5P satellite data sets from 2019 to 2020. To validate the derived data on O3 and NO2, information from 
automatic stations monitoring surface concentrations and urban air quality was utilized. The results exhibited a significant correlation 
(O3, R2 = 0.72 for Cuenca and 0.83 for Quito; NO2, R2 = 0.72 for Cuenca and 0.74 for Quito). 
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Table 8 
Intraclass Correlation Coefficient (ICC) for Sentinel-5P vs. Ground-based data.   

Cuenca Quito 

ICC value ICC Mean Significance ICC value ICC Mean Significance 

O3 0.43 0.60 0.011 0.415 0.586 0.001 
NO2 0.43 0.60 0.015 0.404 0.576 0.001 

The ICC for O3 and NO2 recorded values of approximately 0.6 in the mean measurements and with a statistical significance of p < 0.05, from which it 
was determined, as proposed by Ref. [57], that by having an ICC between 0.41 and 0.75 the agreement between the Ground-Based data and the 
Sentinel-5P data for O3 and NO2 is good. 

Table 9 
Statistics for differences between data for the city of Cuenca.   

Median Standard deviation Mean standard error Upper Limit Lower Limit 

O3 − 0.10 0.276 0.056 0.43 − 0.63 
NO2 0.04 0.273 0.056 0.58 − 0.49  

Fig. 8. Bland and Altman graphical method for Ground-based vs Sentinel-5P measurements in the city of Cuenca. a) O3, b) NO2. The black lines 
correspond to the upper and lower limits, while the red line corresponds to the median their values are detailed in Table 9. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 9. Bland and Altman’s graphical method for Ground-based vs Sentinel-5P measurements in Quito. a) O3, b) NO2. The black lines correspond to 
the upper and lower limits, while the red line corresponds to the median their values are detailed in Table 10. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of this article.) 

Table 10 
Statistics for data differences for Quito.  

Differences Mean Standard deviation Mean standard error Upper Limit Lower Limit 

O3 − 0.079 0.210 0.015 0.33 − 0.49 
NO2 0.194 0.219 0.016 0.62 − 0.23  
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Additionally, the impact of COVID-19 mobility restrictions on gas concentrations was examined. The months of interest were 
March, April, and May when mobility was heavily restricted nationwide. Both data sets indicated a decrease in NO2 concentrations and 
an increase in O3 concentrations, particularly during these months, in both cities. 

This study highlights the usefulness of Sentinel-5P data for air quality studies and assesses the impact of mobility restrictions on air 
pollution in Quito and Cuenca. Future research can consider additional factors, such as meteorological parameters, to further 
investigate the convergence of pollutants in specific areas of the cities. The findings provide valuable information for authorities, 
health agencies, and academics interested in improving urban development to prioritize health and quality of life. 

Finally, it has been determined that the Sentinel-5P satellite can effectively detect anomalies in NO2 and O3 concentrations. It is 
essential to acknowledge that previous studies have access to more extensive monitoring networks than those available in Ecuador. 
Thus, the significance of our research lies in its applicability to developing countries that may have limited monitoring infrastructure 
for urban planning purposes. 
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