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A study of nitrogen dioxide (NO2) 
periodicity over the United Arab 
Emirates using wavelet analysis
Aishah Al Yammahi* & Zeyar Aung

NO2 and nitric oxide (NO) are the most reactive gases in the atmosphere. The interaction of NOx 
molecules with oxygen, water and other chemicals leads to the formation of acid rain. The presence of 
NO2 in the air affects human health and forms a photochemical smog. In this study, we utilize wavelet 
analysis, namely, the Morlet wavelet, which is a type of continuous wavelet transform, to conduct 
a spectral analysis of the periodicity of nitrogen dioxide (NO2). The study is conducted using data 
from 14 weather stations located in diverse geographic areas of the United Arab Emirates (UAE) over 
a period of two years (2019 and 2020). We explain and relate the significance of human activities to 
the concentration level of NO2, particularly considering the effect of the COVID-19 lockdown to the 
periodicity of NO2. The results show that NO2 concentrations in desert areas such as Liwa and Al Quaa 
were unaffected by the lockdown period (April–July 2020) resulting from the COVID-19 pandemic. 
The other stations in the urban areas of Abu Dhabi city, Al Dhafra and Al Ain, showed a reduction in 
NO2 during the lockdown. NO2 is more highly concentrated during winter seasons than during other 
seasons. The periodicity of NO2 lasted from a few days up to 16 days in most regions. However, some 
stations located in the Al Dhafra region, such as Al Ruwais and the Gayathi School stations, exhibited 
a longer period of more than 32 days with a 0.05 significance test. In the Abu Dhabi region, NO2 lasted 
between 64 and 128 days at the Al Mafraq station. The correlation between the NO2 concentration 
across several ground stations was studied using wavelet coherence.

Wavelet transform is a statistical method based on time series that is used in various fields, such as economics, 
climatology, astronomy, and medical image processing1–4. Climate variability can be studied by using wavelet 
analysis to track patterns, cycles and periodicity5.

Climatic time series data are either stationary or nonstationary. The Fourier transform is usually used for 
stationary time series data. However, wavelet transform is used to track the periodicity and variability of nonsta-
tionary climatic and meteorological parameters, such as temperature and precipitation, and atmospheric compo-
sition, such as sodium, sulfate concentrations, carbon dioxide (CO2), and other greenhouse gases (GHGs)1,6–9. 
Wavelet analyses are also used in other domains, such as studying the variability in phytoplankton seasonal and 
annual periodicity10 and identifying the monsoon drought index period over India11.

Some GHGs, such as nitrogen dioxide (NO2), sulfur dioxide (SO2) and carbon monoxide (CO), were studied 
over China12 and Poland13 during the lockdown that resulted from the COVID-19 pandemic. Some researchers 
have focused on studying the variability of nitrogen dioxide (NO2) and sulfur dioxide (SO2) specifically more than 
other air pollution components because of their serious impacts on human health. Additionally, the emissions 
of these gases increase proportionally with the growth of human industrial activities7,12–14.

Recently, in7, the spatiotemporal fluctuation of the NO2 tropospheric column concentration from 1996 to 
2017 in Italy was studied based on human activities in terms of gross domestic product (GDP). The study related 
GDP, an indicator of economic performance, to its effect on air quality and NO2-induced pollution. In addition 
to human activities, the study considered the nature of NO2, as it is a reactive trace gas; its emissions are change-
able during the daytime. The lifetime of NO2 varies in different seasons from a few hours in summer to a day 
during winter. It also lasts for more days if it reaches the height of the boundary layer between the troposphere 
and stratosphere. The wavelet power spectrum classified NO2 into three periods: 1999–2007, 2007–2013 and 
2013–2016. It was reported that the reduction in NO2 presented in the second period was due to the global 
financial crisis in 20087.

The changes in air quality based on the daily mean concentrations of five atmospheric components, PM2.5, 
PM10, SO2, NO2, and CO, were studied in Shanghai, China12, using descriptive statistics during the lockdown 
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that resulted from COVID-19. The data were obtained from the China National Environmental Monitoring 
Center of Ministry of Ecology and Environment for 3 months (January–March) over 4 years from 2017 to 2020. 
The results show that daily concentrations of PM2.5, PM10, SO2, NO2, and CO during the lockdown period were 
reduced by 9%, 77%, 31.3%, 60.4%, and 3%, respectively12.

A similar study was performed in Poland13 during the COVID-19 pandemic regarding the impact of four 
pollutants (PM2.5, PM10, NO2 and SO2) during the lockdown. The data were obtained from satellite (MODIS & 
TROPOMI) and ground stations from January to 25 April 2020 and aligned with the same time period in 2019 
to study the absolute differences. The study period was divided into groups: before lockdown, during lockdown 
and after lockdown. The study used simple mathematics and statistics, and the results showed a reduction in the 
concentrations of PM2.5, PM10, NO2 and SO2

13.
The Haar wavelet was used to study NO2 and SO2 in Uttar Pradesh, which is located in northern India, for 

two time periods before the lockdown (01-01-2018 to 31-12-2019) and two time periods after the lockdown 
(01-06-2020 to 31-07-2020). The data are provided from the website of the Central Pollution Control Board. 
The results show that the lockdown had a positive effect on the environment because it caused a reduction in 
the average concentrations of NO2 and SO2

14.
Wavelet coherence is used to address the correlation, either negative or positive, between variables such as 

temperature and CO2 over the time period, as done in15. Additionally, multiple wavelet coherence (MWC) is 
used to study the correlation between more than two variables, using one variable as a dependent variable and 
the others as independent variables. MWC has been applied to soil water content using several factors, including 
depth to CaCO3 layer, soil organic carbon and sand content16. Generally, wavelet coherence has some unique 
features when compared to traditional time series methods. It is able to compare the negative and positive cor-
relations between variables in one scalogram in one time period17.

The aim of this research is to study the periodicity of NO2 at 14 ground stations in the UAE during the two 
years of 2019 to 2020 using Morlet wavelet analysis18. We explain and relate the effect of the COVID-19 lockdown 
to the periodicity of NO2, as NO2 is a source of air pollution and the pandemic occurred within the period of 
interest for this study. Previous studies used simple mathematics and statistics to address the concentration of 
NO2 during the lockdown. However, in this study, we use a more advanced method, wavelets. Wavelet coher-
ence analysis has been used to study the relation between NO2 concentrations across some ground stations19.

Data and methods
NO2 concentration data in the UAE.  The United Arab Emirates (UAE) is located between latitudes 22.5° 
N to 26.5° N and longitudes 51.6° E to 56.5° E. The ground station data for 14 sites on the Abu Dhabi Emirates 
were provided by the Environment Agency—Abu Dhabi for 2 years: 2019 and 2020. The fourteen ground station 
sites are distributed in the Abu Dhabi Capital region, Al Dhafra region and Al Ain region, as shown in Table 1 
and Fig. 1, to monitor the atmospheric composition, which affects air quality. The ground station locations are 
classified into different categories: (i) urban, (ii) suburban, and (iii) rural. The concentration of NO2 measured 
from the ground stations is provided hourly in units of µg/m3. This study uses the daily average NO2 concentra-
tion. Then, the outliers are identified and clipped to three standard deviations from the mean (covering 99.7% 
of the original data)20.

To elucidate the relationship between the NO2 concentration level and the land use of the surrounding area 
of a ground station, we conducted hierarchical clustering using Ward’s linkage criterion21 of the ground stations’ 
NO2 concentration profiles over the period of 2019–2020. The clustering results are depicted in Fig. 2, in which 
the similarities of the NO2 concentrations across the ground stations are presented. The lower the Euclidean 
distance is, the more similar the NO2 concentration profiles of the two stations are. It is observed that land use 
is related to NO2 concentrations at many stations, regardless of their geographical distance.

Table 1.   Ground station network in the Abu Dhabi, Al Dhafra, and Al Ain regions.

Station ID Name Station type (land use of surrounding area) Region

1 Hamdan Street Urban traffic Abu Dhabi Capital Region

2 Khadejah School Urban background Abu Dhabi Capital Region

3 Khalifa School Suburban background Abu Dhabi Capital Region

4 Bani Yas School Suburban background Abu Dhabi Capital Region

5 Bain Al Jessrain Suburban background Abu Dhabi Capital Region

6 Al Mafraq Suburban industrial Abu Dhabi Capital Region

7 Bida Zayed Suburban background Al Dhafra Region

8 Gayathi School Suburban background Al Dhafra Region

9 Al Ruwais Suburban industrial Al Dhafra Region

10 Liwa Rural background Al Dhafra Region

11 Al Quaa Rural background Al Ain Region

12 Sweihan Suburban background Al Ain Region

13 Al Tawia Suburban background Al Ain Region

14 Zakher Urban background Al Ain Region
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It was observed that the NO2 concentration profiles of Liwa (Station 10) and Al Quaa (Station 11), both 
located in rural areas, are very similar (with the lowest Euclidean distance). The profiles of Bida Zayed (Station 
7), Sweihan (Station 12), and the Gayathi School (Station 8) are found to be clustered together, as they are all 
located in small towns (suburban background) with populations of approximately 29.1 thousand, 5.4 thousand, 
and 14.0 thousand, respectively. The concentration of NO2 in all schools (Stations 2, 3, and 4) that lie in the Abu 
Dhabi City Region (a large city with 1.5 million population) are in one cluster. Hamdan Street (Station 1, urban 
traffic in Abu Dhabi) and Al Mafraq (Station 6, suburban industrial in Abu Dhabi) also fall into one cluster even 
though the Euclidean distance between them is quite high. Located in downtown Abu Dhabi and an industrial 
area, these two stations exhibit the highest overall NO2 concentration levels.

Figure 1.   The locations of 14 ground stations on the map of the UAE (note: stations 1–3 are located relatively 
close to each other in Abu Dhabi City).

Figure 2.   Hierarchical clustering of the ground stations based on their NO2 concentration profiles over the 
period of 2019–2020. The lower the Euclidean distance is, the more similar the NO2 concentration profiles of the 
two stations are.
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Morlet wavelet analysis.  The Fourier transform translates signals from the temporal domain into the fre-
quency domain, yet it does not localize the time of the frequency components. It is useful for studying stationary 
signals. Therefore, the short-time Fourier transform (STFT), which uses windowing to afford time localization 
to Fourier’s frequency, is developed to overcome the limitation of localizing the time. The STFT treats each 
segment of signals as a discrete portion of a stationary process by using a finite window function to specify the 
time windows and compare the signal with the known windowed function. There are many types of window-
ing functions, such as Gaussian curves, rectangular window functions, and triangular window functions. The 
fixed size of the windows creates a limitation in the resolutions for both time and frequency. Therefore, a high 
time resolution results in low frequency resolution, and vice versa; thus, an empirical test is needed for various 
window lengths to determine the most relevant among them6,22.

There is another type of windowing function called wavelet. There are two wavelet transform methods: dis-
crete and continuous. Discrete wavelet transforms (DWT) are used for noise reduction and data comparison. 
Continuous wavelet transforms (CWTs) are used for feature extraction. There are three main mother functions 
of CWT: Morlet, Paul, and Mexican Hat. Morlet wavelet analysis is extensively used in climatic studies in various 
time and frequency domains to extract the features of the pattern and periodicity of a certain variable18,23–25. The 
significance levels and confidence intervals are also considered in the Morlet wavelet power spectrum, which 
identifies the periodicity in climatic components23. Wavelet transform has advantages over Fourier transform as it 
localizes the time of the spectral characteristics. The time–frequency window of the wavelets is not fixed as in the 
STFT. Multiscale windows in wavelet give higher resolution by including the high- and low-frequency cycles26,27.

The continuous wavelet transform (CWT) is used to study a one-dimensional signal and decompose it into 
scale (a) and time (τ). The CWT has the advantage of localizing the spectral components along the time domain, 
which helps in recognizing the changes in nonstationary signals even if the signal is short-lived, as the scale a 
can compress or extend the function to pass over the signal. The wavelet transform decomposes a signal and 
expresses it as a sum of wavelets, and the continuous wavelet transform (CWT) signal in the time domain x(t) 
is defined as in Eq. (1).

where (*) symbolizes the complex conjugate of the wavelet function, a is the scaling parameter, and τ is the loca-
tion parameter that slides (transform) the wavelet over the time domain. The transform acts as a convolution 
function, which is an integration of the product of the signal x(t) and sliding wavelet function ψ. The convolution 
measures the similarity between the signal and the shifting function from the overlap between them. The shape 
of the wavelet function can be modified by the scaling parameter a , which stretches and compresses the mother 
wavelet into its daughter wavelets. It also changes the temporal duration of the windowing function by altering 
the window width and thus captures the frequency features. The energy of the mother wavelet and the energy of 
the scaled wavelet remain the same by normalizing them with a factor 1/

√
a . Therefore, the coefficient Cx

ψ(a, τ)  
and its power  |Cx

ψ(a, τ)|
2 are comparable. All the possible scales are applied in CWT; it is independent of the 

transform, unlike STFT.
Different types of localized waveforms can be applied if they satisfy the three mathematical criteria. The first 

is that it must have finite energy, which characterizes the signal. The second is the admissibility condition to 
ensure that the CWT can be inverted; it can reconstruct the original signal by applying the inverse of the CWT. 
This implies that the wavelet has a zero mean and no zero frequency. If ψ̂

(
f
)
  is a Fourier transform as in Eq. (2), 

then the admissibility constant Cg is finite, as illustrated in Eq. (3); it is dependent on the type of wavelet chosen. 
The admissibility criteria were achieved by using the frequency of 6.06,14,28,29.

The third criterion considers the real part of the complex wavelet used to compute the squared magnitude 
and remove the negative frequencies. This creates a scalogram that is defined as a two-dimensional wavelet 
energy density function, as shown in Eq. (4). The energy distribution is demonstrated in a three-dimensional 
graph (scalogram) with a scale range (y-axis), time domain (x-axis), and energy in a color gradient scale. The 
scale is inversely proportional to the frequency and directly proportional to the period, so the y-axis can be 
represented by the period range. Different forms of the scalogram equation can be considered if the function 
varies from Eq. (5) by a constant multiplicative factor such as (1/Cg ) or (1/Cg fc ), where fc  is the characteristic 
frequency of the wavelet function. The total energy in the signal can be recovered by integrating the scalogram 
over the wavelet parameters a and τ using the admissibility constant, as shown in Eq. (3). The Morlet wavelet is 
characterized by ω0 > 5.06,14,28.

(1)C
x
ψ(a, τ) =

1
√
a

∫ +∞

−∞
x(t)ψ∗

(
t − τ

a

)
dt

(2)ψ̂
(
f
)
=

∫ +∞

−∞
ψ(t)e−i(2π f )tdt

(3)Cg =
∫ ∞

0

∣∣∣ψ̂
(
f
)∣∣∣

2

f
df < ∞

(4)E(a, τ)=
∣∣∣Cx

ψ(a, τ)
∣∣∣
2



5

Vol.:(0123456789)

Scientific Reports |        (2022) 12:18144  | https://doi.org/10.1038/s41598-022-21937-3

www.nature.com/scientificreports/

Since the time series length is finite and needs to maintain the same length to compute the next higher power 
of two (2, 4, 8, 16, …) to be aligned with the time series, errors occur at the beginning and end of the wavelet 
power spectrum closer to the edge. To minimize the effect of the errors in the edge points (edge effects), the time 
series is padded with zeros before performing the wavelet transform and then removing them afterward. The 
region of the wavelet spectrum that has the edge effect is marked as a cone of influence (COI) and is defined as 
the e-folding time. The edge effects are dropped by a factor of e−2 , and the power spectrum outside the cone of 
the influence line is neglected23,24. The wavelet power spectrum is normalized by the variance of the time series 
and then approximated by a Chi-square distribution. The test of significance α = 0.05 is based on the first-order 
Autoregressive (AR(1)) model, and a new sample is created using the bootstrap technique or by drawing an error 
from a Gaussian distribution1,2,28.

Wavelet coherence analysis.  We can measure the relationships between two time series profiles using 
wavelet coherence analysis19. The power distribution of two time series signals is measured by using wavelet 
cross spectrum as explained in Eq. (7), where S is a smoothing operator and * is a complex conjugate. The wavelet 
coherence (R2) is expressed in Eq. (8), and the value of R2(a, b) lies between 0 and 117. It gives the direction and 
strength of the correlation between two time series by mining the localized frequency events17,29,30.

Results and discussions
Periodicity of NO2.  The results are interpreted based on the seasonal classification of UAE as presented 
in31: Spring (Mar, Apr, and May), Summer (June, July, and Aug), Autumn (Sep, Oct, and Nov) and Winter (Dec, 
Jan, and Feb). The color bar of the wavelet power spectrum ranges from blue to red, which describes the power 
intensity from low to high, respectively. The cone of influence is presented in black, and the contour assigns the 
5% significance level of the wavelet power spectrum. If the time period intersects with the cone of influence, 
then it is not considered in the periodicity interpretation, as it might have an edge effect or a high scale value.

Abu Dhabi capital region.  The periodicity of the NO2 concentration for Hamdan Street differs between 2 and 
14 days, as shown in Fig. 3a. The NO2 concentration over a period of 14 days appeared in Apr 2019 and from 
Jan to Feb 2020. During the lockdown period (April–July 2020), the NO2 concentration was much lower than 
that during the same time period in 2019, a result of the COVID-19 pandemic. The highest intensity of the 
power spectrum occurs in the wintertime between Dec 2019 and Feb 2020. However, the lowest power spec-
trum is during the summer. The periodicity of NO2 for Khadejah School is similar to that for the Hamdan Street 
ground station, as presented in Fig. 3b, with the highest power spectrum presented during the winter between 
Dec 2019 and Feb 2020, which is equal to 1.4410 and shown in red. The geographic locations of Hamdan Street 
and Khadejah School are close to each other, and there are similarities in the periodicity of NO2 and the wavelet 
power spectrum.

The periodicity of NO2 for the Khalifa School is similar to those for Hamdan Street and the Khadejah School, 
as shown in Fig. 4a. However, in the Bani Yas School in Fig. 4b, the periodicity range extends from two days to 
over 14 days (almost 16 days), which occurs in the winter months (December 2019 to February 2020), and no 
periodicity is shown during the lockdown month (April–July 2020). In the Bain Al Jessrain and Al Mafraq, as 
presented in Fig. 4c,d, NO2 is highly concentrated in the winter months, and a reduction in NO2 is observed 
during the lockdown period. However, the highest periodicity is measured in Al Mafraq and lasts between 64 
and 128 days, though its intensity is approximately 0.5 that of the higher intensity associated with periodicity 
ranges of a few weeks.

Al Dhafra and Al Ain regions.  The Al Dhafra region contains the ground stations of Bida Zayed, the Gayathi 
school, Al Ruwais and Liwa. The periodicity range is higher than that in the Abu Dhabi region. The periodicity 
of NO2 in Bida Zayed and the Gayathi School has a range of up to 32 days. This is noticed in a time range from 
July 2019 to Sep 2019 in Bida Zayed and from March 2019 to July 2019 in the Gayathi School, as presented in 
Fig. 5a,b, respectively. However, the periodicity of NO2 in Al Ruwais is extended to 64 days in the spring season 
of 2019, which is less intense than the periodicity that lasts approximately 14 days, as shown Fig. 5c. Two stations 
in the Al Dhafra Region, which are Bida Zayed and the Gayathi School, shows a reduction in NO2 concentrations 
during the lockdown of the COVID-19 pandemic, whereas there is no noticeable reduction at the Al Ruwais site. 
However, Liwa is a rural area located in the Al Dhafra region; it was unaffected by the lockdown, yet its periodic-
ity of NO2 matches the observations in Al Quaa, which is also a rural area located in the Al Ain region with a 
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range of periodicity from 2 to 8 days. The wavelet power spectra of Liwa and Al Quaa are shown in Figs. 5d and 
6a, respectively.

The other stations in the Al Ain Region, such as Sweihan, Al Tawia, and Zakher, have the same periodicity 
range of 2–14 days, and the concentration of NO2 is reduced between April and July 2020 due to the COVID-19 
pandemic, as presented in Fig. 6b–d.

Relationships between station pairs.  In addition to the wavelet analysis of individual ground stations, 
we carried out wavelet coherence analysis on pairs of ground stations. Here, as selected case studies, we show two 
examples of wavelet coherence analysis for two pairs of remotely located stations.

First, wavelet coherence of NO2 concentrations between the Liwa and Al Quaa ground stations (two rural 
background stations from the two different regions of Al Dhafra and Al Ain, respectively) is presented in Fig. 7a. 
The red islands are scattered in the figure. In the frequency band from 16 to 32 days, the correlation of NO2 
between the two stations is perfect phase, as the arrows point to the right in a time period between October 2019 
and March 2020. Additionally, the same case occurs in the red region at a 64-day frequency between August 2019 
and January 2020. The other red regions in the band frequency between 8 and 16 present some uncertainties.

As a second example, wavelet coherence of NO2 concentrations between the Al Mafraq and Al Ruwais ground 
stations (two suburban industrial stations from Abu Dhabi city and Al Dhafra regions, respectively) is illustrated 
in Fig. 7b. The largest red region in the middle of the figure presents between the 8- and 64-day frequency bands 
during the second half of 2019. The right arrows indicate the perfect correlation between the NO2 concentrations 
at the Al Mafraq and Al Ruwais ground stations during the second half of 2019. The right arrows indicate the 
perfect correlation between the NO2 concentrations at the Al Mafraq and Al Ruwais ground stations. The right 
upward direction shows the uncertainties, and the right downward arrows specify the leading of the variable29,30.

Discussion of results.  The concentration of NO2 in rural desert areas such as Liwa and Al Quaa is unaf-
fected by the lockdown period (April–July 2020) that resulted from the COVID-19 pandemic. The other stations 
in Abu Dhabi, Al Dhafra and Al Ain showed a reduction in NO2 during the lockdown. This implies that the 
NO2 concentration generally tends to last longer in the less populated areas than in the more populated areas, 
probably because of more dynamic atmospheric conditions due to human activities in the latter. This finding is 
consistent with those of other studies conducted in China12, Poland13, and India14.

The highest concentration of NO2 is in the wintertime. This is noticed at all the ground stations when com-
pared to the low concentration in summer. The result agrees with the findings in7 for northern Italy with respect 
to the relation between the concentration of NO2 and the seasons. The periodicity of NO2 lasted from a few days 
up to 16 days in most regions. The relatively high intense concentration of NO2 occurred at the Khadeja School 
during winter.

Although the NO2 concentrations in Al Mafraq and Hamdan Street fall under one cluster (according to hier-
archical clustering analysis), a high correlation is shown between Al Mafraq and Al Ruwais in the second half of 
2019, which was the pre-lockdown period (according to wavelet coherence analysis). However, the correlation 
patterns during the lockdown are less pronounced. This might be because of the stronger effect of COVID-19 

Figure 3.   Wavelet power transform in urban areas of the Abu Dhabi capital region: (a) Hamdan Street and (b) 
Khadejah School.
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in the industrial areas of large cities (e.g., Abu Dhabi, where Al Mafraq is located) compared to the industries 
in small towns (e.g., Al Ruwais). However, the concentrations in Liwa and Al Quaa, both of which are rural 
deserts, exhibit good correlation in wavelet coherence analysis and lie under one cluster in clustering analysis.

Conclusion
In this study, we employed wavelet spectral analysis (particularly Morlet continuous wavelet transform) for the 
NO2 concentration levels of the United Arab Emirates (UAE); these data came from fourteen ground stations. 
To the best of our knowledge, this study is the first of its kind to use wavelet analysis on a greenhouse gas in the 
UAE. We studied the periodicity of NO2 levels over the period of 2019–2020, which included the COVID-19 
lockdown period. Our study found that the lockdown did affect the atmospheric concentration of NO2, especially 
in urban and industrial areas. We also found a generally seasonal pattern of NO2 in the UAE. In addition, we 

Figure 4.   Wavelet power transform in suburban areas of the Abu Dhabi capital region: (a) Khalifa School, (b) 
Bani Yas School, (c) Bain Al Jessrain, and (d) Al Mafraq.
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show a good correlation in the NO2 concentration profiles of stations located in areas of similar land uses even 
though these stations are geographically distanced.

The concentration of NO2 in the atmosphere fluctuates according to human activities and the presence of 
factories in industrial areas. Tracking the variability of NO2 concentrations needs to be studied accordingly with 
population intensity and other environmental factors, such as temperature, which affects the movement of NO2 
in the atmosphere. It is vital to study the concentration of NO2 via many other natural trappers, such as water and 
sand, because NO2 can change from one location to another. As a future work, we plan to study the environmental 
concentration of NO2 in UAE using X-ray powder diffraction (XRD) for environmental samples, such as sand32.

Figure 5.   Wavelet power transform in the Al Dhafra region: (a) Bida Zayed, (b) Gayathi School, (c) Al Ruwais, 
and (d) Liwa.
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Figure 6.   Wavelet power transform in the Al Ain region: (a) Al Quaa, (b) Sweihan, (c) Al Tawia, (d) Zakher.
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Data availability
The ground station data used in the study to support findings were made available by Environment Agency—Abu 
Dhabi specifically for the study under a license agreement. Hence, the data are not publicly available and must 
be requested directly from the Environment Agency—Abu Dhabi by writing to customerhappiness@ead.gov.ae.

Received: 11 July 2022; Accepted: 6 October 2022

References
	 1.	 Rodríguez-Murillo, J. C. & Filella, M. Significance and causality in continuous wavelet and wavelet coherence spectra applied to 

hydrological time series. Hydrology 7(4), 82 (2020).
	 2.	 Aguiar-Conraria, L. & Soares, M. J. The continuous wavelet transform: Moving beyond uni-and bivariate analysis. J. Econ. Surv. 

28(2), 344–375 (2014).
	 3.	 Willett, R., Jermyn, I., Nowak, R. & Zerubia, J. Wavelet-based superresolution in astronomy. in Technical Report, Astronomical 

Society of the Pacific (2003).
	 4.	 Xie, G., Wang, Y. & Ming, L. The application research of wavelet analysis in medical image processing. in Wavelet Analysis and Its 

Applications. Vol. 2. 751–756 (World Scientific, 2003).
	 5.	 Coulibaly, P. & Burn, D. H. Wavelet analysis of variability in annual Canadian streamflows. Water Resour. Res. 40(3), W03105 

(2004).
	 6.	 Schulte, J. A. New methods in wavelet analysis and their application to the understanding of hydroclimate variability in the Mid-

Atlantic Region of the United States. Ph.D. Thesis. (Pennsylvania State University, 2015).
	 7.	 Bichler, R. & Bittner, M. Comparison between economic growth and satellite-based measurements of NO2 pollution over Northern 

Italy. Atmos. Environ. 272, 118948 (2022).
	 8.	 Alola, A. A. & Kirikkaleli, D. Global evidence of time-frequency dependency of temperature and environmental quality from a 

wavelet coherence approach. Air Qual. Atmos. Health 14(4), 581–589 (2021).
	 9.	 Hatvani, I. G., Clement, A., Korponai, J., Kern, Z. & Kovács, J. Periodic signals of climatic variables and water quality in a river-

eutrophic pond-wetland cascade ecosystem tracked by wavelet coherence analysis. Ecol. Ind. 83, 21–31 (2017).
	10.	 Carey, C. C., Hanson, P. C., Lathrop, R. C. & St. Amand, A. L. Using wavelet analyses to examine variability in phytoplankton 

seasonal succession and annual periodicity. J. Plankton Res. 38(1), 27–40 (2016).
	11.	 Kumar, K. N., Rajeevan, M., Pai, D., Srivastava, A. & Preethi, B. On the observed variability of monsoon droughts over India. 

Weather Clim. Extremes 1, 42–50 (2013).
	12.	 Filonchyk, M. & Peterson, M. Air quality changes in Shanghai, China, and the surrounding urban agglomeration during the 

COVID-19 lockdown. J. Geovisual. Spatial Anal. 4(2), 1–7 (2020).
	13.	 Filonchyk, M., Hurynovich, V. & Yan, H. Impact of COVID-19 pandemic on air pollution in Poland based on surface measure-

ments and satellite data. Aerosol Air Qual. Res. 21, 200472–200472 (2021).
	14.	 Kumar, A. Spectral and statistical analysis of nitrogen dioxide and sulphur dioxide air pollutants using wavelet transforms. Invertis 

J. Sci. Technol. 14(2), 97–103 (2021).
	15.	 Pla, C. et al. Insights on climate-driven fluctuations of cave 222Rn and CO2 concentrations using statistical and wavelet analyses. 

Geofluids 2020, 8858295 (2020).
	16.	 Hu, W., Si, B. C., Biswas, A. & Chau, H. W. Temporally stable patterns but seasonal dependent controls of soil water content: 

Evidence from wavelet analyses. Hydrol. Process. 31(21), 3697–3707 (2017).
	17.	 Fareed, Z. et al. Co-variance nexus between COVID-19 mortality, humidity, and air quality index in Wuhan, China: New insights 

from partial and multiple wavelet coherence. Air Qual. Atmos. Health 13(6), 673–682 (2020).
	18.	 Büssow, R. An algorithm for the continuous Morlet wavelet transform. Mech. Syst. Signal Process. 21(8), 2970–2979 (2007).
	19.	 Chavez, M. & Cazelles, B. Detecting dynamic spatial correlation patterns with generalized wavelet coherence and non-stationary 

surrogate data. Sci. Rep. 9(1), 7389 (2019).
	20.	 Brownlee, J. How to Remove Outliers for Machine Learning. https://​machi​nelea​rning​maste​ry.​com/​how-​to-​use-​stati​stics-​to-​ident​

ify-​outli​ers-​in-​data/ (2021) 

Figure 7.   Wavelet coherence: (a) wavelet coherence of Liwa vs. Al Quaa ground stations. (b) Wavelet coherence 
of the Al Mafraq vs. Al Ruwais ground stations (the x-axis shows the number of days from the starting date of 
January 1st, 2019).

https://machinelearningmastery.com/how-to-use-statistics-to-identify-outliers-in-data/
https://machinelearningmastery.com/how-to-use-statistics-to-identify-outliers-in-data/


11

Vol.:(0123456789)

Scientific Reports |        (2022) 12:18144  | https://doi.org/10.1038/s41598-022-21937-3

www.nature.com/scientificreports/

	21.	 Murtagh, F. & Contreras, P. Algorithms for hierarchical clustering: An overview, II. Wiley Interdiscip. Rev. Data Min. Knowl. Discov. 
7(6), e1219 (2017).

	22.	 Macedo, A. Signal analysis and coherence using the continuous wavelet transform. in Technical Report, Nipissing University (2013).
	23.	 Torrence, C. & Compo, G. P. A practical guide to wavelet analysis. Bull. Am. Meteorol. Soc. 79(1), 61–78 (1998).
	24.	 Liu, X.-M., Min, J.-Z. & Liu, T.-L. Wavelet analysis of temperature and precipitation variation in the Yarkant River Basin, Xinjiang. 

J. Desert Res. 29(03), 566–570 (2009).
	25.	 Janicke, H., Bottinger, M., Mikolajewicz, U. & Scheuermann, G. Visual exploration of climate variability changes using wavelet 

analysis. IEEE Trans. Visual Comput. Graph. 15(6), 1375–1382 (2009).
	26.	 Cohen, M. X. A better way to define and describe Morlet wavelets for time-frequency analysis. Neuroimage 199, 81–86 (2019).
	27.	 Kirby, J. Which wavelet best reproduces the Fourier power spectrum?. Comput. Geosci. 31(7), 846–864 (2005).
	28.	 Zhang, Z. & Moore, J. Intrinsic feature extraction in the COI of wavelet power spectra of climatic signals. in 2011 4th International 

Congress on Image and Signal Processing. Vol. 5. 2354–2356 (IEEE, 2011).
	29.	 Menegaki, A. A Guide to Econometric Methods for the Energy-Growth Nexus (Academic Press, 2020).
	30.	 Chakrabarty, A., De, A., Gunasekaran, A. & Dubey, R. Investment horizon heterogeneity and wavelet: Overview and further 

research directions. Physica A 429, 45–61 (2015).
	31.	 Nelli, N. et al. "Characteristics of atmospheric aerosols over the UAE inferred from CALIPSO and sun photometer aerosol optical 

depth. Earth Sp. Sci. 8(6), e2020EA001360 (2021).
	32.	 Luévano-Hipólito, E., Martínez-de la Cruz, A., Yu, Q. & Brouwers, H. Photocatalytic removal of nitric oxide by Bi2Mo3O12 

prepared by co-precipitation method. Appl. Catal. A 468, 322–326 (2013).

Acknowledgements
We would like to thank the Environment Agency—Abu Dhabi for providing us with the ground station data.

Author contributions
A.A.Y generated the results and wrote the manuscript. Z.A. carried out the review and editing.

Competing interests 
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to A.A.Y.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

© The Author(s) 2022

www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	A study of nitrogen dioxide (NO2) periodicity over the United Arab Emirates using wavelet analysis
	Data and methods
	NO2 concentration data in the UAE. 
	Morlet wavelet analysis. 
	Wavelet coherence analysis. 

	Results and discussions
	Periodicity of NO2. 
	Abu Dhabi capital region. 
	Al Dhafra and Al Ain regions. 

	Relationships between station pairs. 
	Discussion of results. 

	Conclusion
	References
	Acknowledgements


