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Abstract: Understanding the spatiotemporal distribution of air pollution is critical for
improving urban air quality. Advances in wireless sensor networks have made it possible
to monitor air pollution across cities at higher spatiotemporal resolutions. The new spatial
coverage allows the novel implementation of advanced statistical methods to detect spa-
tially important, coherent patterns in environmental flows. In this study, we apply proper
orthogonal decomposition to a spatial distribution derived from 34 particulate matter
sensors, which collected data over 250 days across the Liverpool City Region in England, to
identify a set of spatially orthogonal modes. The dominant mode exhibits a daily periodicity
in the increases of particulate matter, with higher increases in residential areas interpreted
as changes driven by daily commutes. The second mode highlights seasonal changes,
and the third mode alludes to pollution transportation with simultaneous increases and
decreases. In contrast with traditional time series and spatial analyses, proper orthogonal
decomposition enables the elucidation of patterns that otherwise might remain hidden.
Our findings highlight the benefits of urban wireless sensor networks and demonstrate the
applicability of proper orthogonal decomposition in studying the movements of polluted
areas and their correlations with meteorological variables and anthropogenic factors.

Keywords: proper orthogonal decomposition; particulate matter; air pollution; wireless
sensor network; urban environment

1. Introduction

Poor air quality is considered one of the most important public health concerns of
this century. In 2019, the World Health Organization (WHO) estimated that outdoor air
pollution caused 4.2 million premature deaths worldwide [1]. Air pollutants have been
linked to a variety of health effects, including respiratory diseases, as well as coronary
and neurological disorders [2—6]. Particulate matter (PM), nitrogen dioxide (NOy), sulfur
dioxide (SO,), and ozone (O3) are among the pollutants with the strongest evidence for
public health concern.

The combustion of fossil fuels and industrial activities are recognized as major sources
of air pollution, particularly in densely populated urban areas. In the United Kingdom,
advances in technology and stricter regulations on mobile and stationary sources of air
pollution have led to air quality improvements over the past three decades, particularly
in reducing NO, and SO, [7]. However, diverse pollutants with a variety of complex
sources, such as PM, present ongoing challenges in monitoring and establishing goals for
air pollution control.
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From a public health perspective, exposure to PM has been widely documented as a
significant risk factor for negative health outcomes, including heart disease, respiratory
disorders, cognitive decline, and metabolic disorders [8,9]. Long-term exposure to PM has
been shown to increase inflammation and oxidative stress in the body, leading to an elevated
risk of cardiovascular events such as heart attack and stroke [10,11]. Additionally, research
has linked PM exposure to a heightened risk of diabetes, obesity, metabolic syndrome,
and cognitive impairments such as attention-deficit/hyperactivity disorder (ADHD) and
Alzheimer’s disease [12-17].

Despite strong evidence linking PM exposure to negative health outcomes, there are
still limitations to quantitative aspects of the research that need to be addressed. The major
significant challenge is the lack of comprehensive air pollution monitoring, particularly at
the city level. Although PM monitoring is a relatively common practice in urban areas, until
recently, the majority of air pollution monitoring networks were low-density, capturing
one-dimensional (1D) data to describe the complex makeup of urban environments often
spanning tens of kilometers [18]. This limited coverage has made it difficult to capture the
full spatial and temporal variability of PM in urban areas; without fine grain measurements,
it is difficult to make informed decisions to mitigate or reduce air pollution i.e., low-
emission zones [19]. To address this limitation, multiple projects have demonstrated the use
of high-density wireless sensor networks (WSNs) using semiconductors and optical particle
counters for urban air quality monitoring [20-24]. With these networks, it is now possible
to obtain a two-dimensional (2D), quasi-3D picture of pollution levels by interpolating
data across the time series of sensors (nodes), taking into account localized impacts on air
pollution levels over fixed time intervals [25,26].

The shift from 1D to 2D data availability in research is not a new phenomenon, as
it has been observed before, particularly in the field of experimental fluid mechanics in
the early 1980s. Prior to this time, fluid mechanics research relied heavily on single-point
laser and other probe measurements, which provided limited information about fluid
flow patterns, particularly in complex fully 3D turbulent flow systems. The advent of
image-based techniques such as particle image velocimetry (PIV) allowed researchers to
gather more comprehensive and detailed data about fluid flow patterns in a variety of
systems [27]. Similarly, the use of WSNs in air quality research allows us to obtain quasi-3D
representations of pollution levels across a city, enabling a better understanding of the
spatial representation of pollution levels and the identification of spatially coherent or
repeating patterns that were previously hidden.

The ability to capture quasi-3D representations of pollution levels also requires the
application of statistical methods that can identify urban spatiotemporal patterns and their
correlations with meteorological conditions. One such technique that has been successfully
used in fluid mechanics is the proper orthogonal decomposition (POD), which allows the
detection of coherent structures by analyzing the statistical properties of the flow data [28].
POD decomposes large datasets into spatially orthogonal Eigen-functions (modes), where
each mode represents a dominant feature or pattern of variation in the system, providing
a basis for the understanding of the organization of a flow [29-32]. In simpler terms,
POD breaks down complex air pollution data into key patterns, like snapshots of how
pollution moves and changes across the city. Compared to other dimensionality reduction
techniques such as principal component analysis (PCA), dynamic mode decomposition
(DMD), or independent component analysis (ICA), POD is particularly well-suited for
urban air pollution studies due to its ability to extract spatially orthogonal modes that
maximize variance, directly relating to physical structures in environmental flows. While
PCA is statistically similar, it lacks the physical interpretability of POD’s spatial modes
in fluid-like systems. DMD focuses on dynamic evolution but requires higher temporal
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resolution data [33], often unavailable in air quality monitoring, whereas ICA assumes
statistical independence, which may not hold for correlated pollution patterns. POD’s
optimality in capturing dominant variance with fewer modes makes it ideal for identifying
coherent pollution structures across Liverpool’s complex urban landscape. For instance,
POD has revealed seasonal ice velocity patterns in Greenland glaciers [34] and pollutant
dispersion in urban street canyons [35], demonstrating its versatility in environmental
applications beyond this study.

POD can be a powerful technique for the detection of elusive coherent structures that
populate air pollution patterns, and which could be overlooked by traditional methods of
analysis. This has been demonstrated in the analysis of environmental flows in meteorol-
ogy, oceanography, and glaciology with POD [32,34-37]. Likewise, recent reviews of the
application of all techniques in elucidating patterns for solar flares demonstrated its strong
environmental applicability [38,39]. In this paper, we apply POD to understand spatiotem-
poral patterns of PM pollution data captured by a WSN in the Liverpool City Region in
the United Kingdom. Liverpool’s unique geography, characterized by the River Mersey’s
influence, varying elevation, and dense urban-industrial mix, poses specific challenges
for air quality monitoring, such as localized pollution hotspots and variable dispersion
patterns driven by coastal meteorology. POD is employed here to disentangle these com-
plex interactions, leveraging its strength in identifying spatially coherent structures that
traditional methods might miss amidst such geographic variability. This paper is structured
as follows: First, we describe the WSN and how the data are obtained. Next, we describe
the dataset using traditional methods of data analysis. This is followed by the application
of POD to decompose the dataset into a set of deterministic spatial functions (modes)
and temporal coefficients, which can be used to define and observe complex features. We
compare each of these techniques, summarizing our findings in the conclusions section.
This novel application of the POD to data obtained from a WSN extends the current arsenal
of tools typically used to understand spatial and temporal patterns of air quality across an
urban environment.

2. Methods
2.1. Study Area and Descriptive Analysis

The Liverpool City Region (LCR) is located in the North West Region in England and
has a population of 486,100 people, ranking 34th in population density in England and
Wales with 4347 people per square kilometer [40]. One of the most notable features of
the LCR is the River Mersey, stretching for 70 miles from Stockport to Liverpool Bay. The
climate in this area is defined as Marine West Coast (Cfb) according to Képpen Climate
Classification [41]. The elevation in the center of the LCR is 70 m above sea level, and the
annual mean average ground temperature is 10.5 °C. In 2011, an equivalent of between
800 to 1040 deaths in the LCR was estimated to be attributable to anthropogenic PM2.5
and NO, [42]. A task to examine the issue of air quality in the LCR led to the creation
of clean air zones, through initiatives such as green infrastructure, pollution mitigation,
communication, and research [43].

Air pollution data for particulate matter PM10 and PM2.5, temperature (TEM), and
relative humidity (RH) are measured through a WSN deployed in Liverpool and sur-
rounding areas. The WSN has been operational since September 2022 and has continued
operating up to the time of this study, sending data through the low power wide area net-
working (LPWAN) communication protocol LoRaWAN (long-range, wide-area network).
This technology, among others, has been a key component of the development of Smart
City projects worldwide [44]. The network comprises 34 sensors (nodes) with an average
distance between each node of 0.8 km. The network is built using single-type sensors
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(Aeternum) capturing TEM and RH via two laboratory-calibrated BMP680 sensors and PM
counts using a single laboratory-calibrated R-series Alpha Sense Optical Particle Counters.
To ensure sensors remain accurate each sensor is calibrated via a portable node at weekly
intervals. The spatial extent is 40 square kilometers (shown in Figure 1), classified as city
scale according to the categorization of urban meteorological networks made by Muller
et al [45].
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Figure 1. (a) Spatial areal extent of the 34 sensors deployed in the Liverpool City Region (UK).
(b) Land use for the area of study based on OSM information mapped to CORINE classes [46].
Approximation to center of LCR areas highlighted with a dotted line and significant construction site
indicated with the icon.

For this study, the total number of measurements per variable is 6000, spanning a total
of 250 days without gaps. Data integrity was ensured through rigorous preprocessing:
outliers exceeding three standard deviations from the mean were removed (affecting less
than 0.5% of data), sensors were calibrated weekly against a portable reference node to
maintain accuracy within 5% as per manufacturer specifications, and missing data were
minimal due to continuous LoRaWAN transmission, with any gaps (less than 0.1% of
total records) imputed using linear interpolation between adjacent time points. These data
were analyzed with descriptive statistics, starting with time series analysis to detect peak
events, normalized data for comparison between variables, and cumulative distribution
functions to compare the levels of pollution between sensor locations. Spatial snapshots
were derived from the sensors using a piecewise linear image registration method for data
interpolation, fully described in Higham and Brevis [47]. This method was chosen for its
ability to preserve sharp gradients in pollution data across irregular urban grids, offering
advantages over simpler methods like nearest-neighbor interpolation, which may smooth
out critical local variations, or kriging, which assumes a level of stationarity that is not
always present in urban settings. Once processed, 2D data fields of PM2.5, PM10, RH, and
TEM were created at hourly intervals.

2.2. Proper Orthogonal Decomposition

Proper orthogonal decomposition (POD) is a statistical method that can be used to
elucidate the most important features (modes) from a complex system, such as time series
or spatial data, by finding a set of orthogonal basis vectors that capture the dominant
patterns of variation. Essentially, it is a tool to simplify big datasets by highlighting the
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main trends, like identifying the biggest waves in a sea of numbers. This technique is a
powerful tool for identifying coherent structures in turbulent flows and is commonly used
in fluid dynamics to create approximate low-dimensional descriptions of nonlinear, highly
complex processes [28,48]. As a ‘proper’ or optimal method, it maximizes the variance
that can be captured by the first n spatial modes. The orthonormal property of each mode
implies that each time coefficient depends on the spatial mode.

The method we choose to compute the POD is the direct method via a Singular
Value Decomposition (SVD), as opposed to the snapshot method [49,50]. In our study, we
compute POD by constructing an N x T data matrix X = [X1, X, ..., X7] whose columns
are formed from mean subtracted vectors formed from individual stacked vectorized data
fields of TEM, RH, PM2.5, and PM10 (x;) at regular time intervals (t = 1,2,...,T). An
‘economy-size’ SVD (where only the first T columns of X are computed) is performed on X:

X = USV* (1)

where (¥) is a conjugate transpose, U is an N x N orthogonal matrix of left singular vectors,
arranged as columns; V*isa T x T orthogonal matrix of right singular vectors arranged
asrows, and S is a T x T diagonal matrix of singular values in descending order along the
diagonali.e., 0y < 03 < 03 < 0; > 0. The left orthogonal vectors in matrix U correspond to
the spatial modes. The right singular vectors V* correspond to the eigenvectors, the time
coefficients that describe the temporal evolution of each mode. The eigenvalues or singular
values S quantify the contribution or energy captured by each mode. The spatial modes U
are ranked by their importance, or variance, as determined by the eigenvalues S, which
means the modes are ranked by their contribution to the total variability of the system. The
relative importance of each mode can be computed via the following;:

2

%
Contribution (%) of the iy, singular value = 71)\2 x 100 (2)

-
j=1""j

where /\l2 denotes the iy, singular value, r is the rank of the matrix (non-zero singular values
taken from the diagonal of S), and Z]r-zl /\]2 x 100 is the sum of the squares of all non-zero
singular values. The result is the contribution of the iy, singular value to the total variance
of the matrix. In this study, we have integrated PM2.5, PM10, temperature, and humidity
data into the input matrix for the POD analysis. This integration is justified by the inherent
interconnections among these environmental parameters, where temperature and humid-
ity influence PM dispersion through processes like convection and hygroscopic growth,
potentially affecting mode separation but also enriching the physical interpretability of
the modes by capturing coupled effects. POD allows us to extract dominant spatial and
temporal patterns while preserving the physical interpretation of the resulting singular
values. An illustrated diagram of the POD computation is shown in Figure 2.

From a physical interpretation, the POD can be used to gain a spatial picture of patterns
that are repeating or coherent through a time series. The evolution of these modes through
time, extracted from the eigenvectors V*, can be particularly important as it allows us to see
particular trends and their repeatability which can be quantified through a Fourier power
spectrum [31]. In short, POD allows us to look for patterns that are important in space,
rank how these elucidated patterns relate to one another, and to what extent these patterns
are important and repeatable through time. It is worth mentioning that other techniques
such as dynamic mode decomposition (DMD) can also be used to extract structures from
complex datasets. Unlike POD, DMD explicitly seeks to capture dynamic behavior within
a system [51] and is commonly employed on very detailed spatial resolution.
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Figure 2. Illustrated diagram of POD computation using the SVD algorithm (‘economy size’).
Pseudocode of the POD algorithm can be found in Appendix A.

3. Results and Discussion
3.1. Data Analysis—Descriptive Statistics

In Figure 3, we present the time series data captured by each individual sensor and
average daily patterns of PM2.5 and PM10, TEM, and RH. The time series data in Figure 3a
show a cyclic pattern of peaks and drops for both PM10 and PM2.5. During the winter of
2022, particularly in early- to mid-December, late January, and early February, pollution
levels increased significantly. These increases match the periods with the lowest TEM
values. Similarly, in the period ranging from late December to mid-January, outdoor PM
levels dropped significantly in the LCR while TEM increased; these simultaneous changes
suggest an association between TEM and PM. One potential link to TEM is the changes in
domestic combustion, an activity that increases when temperatures drop. Most emissions
from this source come from households burning wood in closed stoves and open fires [52].

As 2023 progressed, PM2.5 reduced while PM10 levels continued around 10 pg/m3
throughout March and April, increasing significantly by the end of April. On the other
hand, the diurnal patterns observed in Figure 3b include an increase in PM from 7:00 to
8:00, with a second PM increase around 19:00-20:00 h. These peaks in PM could be linked
with increased traffic related to commutes to workplaces and school hours. In contrast, the
lowest levels are observed around midday when TEM records are the highest; the reason
may be that high temperature promotes the convection of air, leading to the dilution and
diffusion of air pollutants [53].
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Figure 3. Time series of measured data in Liverpool. (a) Time series of all sites, with the black line
indicating the average trend and the gray area indicating the standard deviation. Top and bottom
values are respectively highlighted with blue and red vertical lines. (b) Diurnal variations of all
variables with the gray area indicating standard deviation. (c) Normalized values for the time series
spanning 250 days and (d) normalized daily values. (e) The cumulative distribution function of all
variable readings recorded over 250 days in Liverpool.

The normalized time series in Figure 3c showed a significant increase in PM2.5 and
PM10 in December that matched reductions in TEM, supporting the records shown in
Figure 3a. This was followed by a reduction in PM as TEM rose. Similarly, reductions
in TEM in late January and February 2023 were linked to increases in PM, particularly
PM10. A snapshot into the diurnal patterns of these variables (Figure 3d), shows levels
of PM to be the highest in the early morning before dropping significantly from 10:00 to
16:00, a behavior similarly recorded for RH. These variable changes are contrasted with
the daily increase in TEM peaking at midday. The variation between the different sites
(particularly PM10) highlights the need for a method that can differentiate the impacts of
spatial variability across the LCR.

In Figure 3e, we present cumulative distribution functions (CDFs) to gain insight
into the probabilistic distributions of the data. The CDF shows that 50% of PM2.5 and
PM10 values were below 7.5 ug/ m3. For PM2.5, the majority (80%) of values were below
15 pg/ m?3. Similar records were observed for PM10, however, for this pollutant there were
more events of extreme records reaching more than 25 j1g/m3. While these values comply
with the UK’s Air Quality Standards and Regulations [52], they exceed significantly the
most recent Air Quality Guidelines from the WHO [54], which state that PM2.5 and PM10
should not exceed an annual average of 5 g/m3 and 15 pg/m3, respectively.

Analyzing one-dimensional representations of air quality data can reveal notable
disparities in air quality among different regions of the LCR at any given time. However,
fully comprehending the implications of these disparities can be challenging. Among these
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implications, understanding the contribution of specific urban areas to the concentration
of air pollutants is of utmost importance. Similarly, aspects of urban development could
impact the urban heat island effect, and the presence of a shoreline in a port city like the
LCR may exert a significant influence on the local climate [55]. To gain a comprehensive
understanding of these disparities, it is necessary to perform a spatial interpretation of the
data. By visually correlating disparities across the LCR, we can gain invaluable insights
into how specific events within the urban environment can contribute to increased levels of
pollutants, changes in RH, and temperature.

3.2. Data Analysis—Spatial Interpolation

To gain a deeper insight into the spatial distribution of the PM, RH, and TEM we create
a set of spatial maps as per Higham et al. [56] but at a local scale. We begin by investigating
the first-order statistics of the time series, a set of basic measures of central tendency and
dispersion. The mean and standard deviation represented spatially, provide insight into
the magnitude of pollutants across the time series. This helps to physically identify areas
where there are significant concentrations of pollutants.

The spatial representations in Figure 4a,b reveal the highest levels of PM are seen near
the LCR center. In Figure 4a, the 250-day average shows consistently high levels of PM2.5
in most of the LCR, and decreased levels near residential areas in the northeast of the study
area. When comparing with its daily pattern (averaged across all hours within each day
and all days), the 250-day averaged pollution levels are significantly higher. This suggests
that events with high levels of PM are influencing the overall representation of pollution
but may not display a daily frequency.

PM10 also shows increased levels along the River Mersey and main traffic roads along
the docks, with the highest levels observed in two main hotspots: one located near the
center of the LCR, to the south in a residential area, and to the north near a substantial
construction site. This is observed in the 250-day average and in the daily patterns, as
shown in Figure 4a,b. Furthermore, areas with higher PM10 levels also exhibit lower TEM
values, supporting the inverse relationship observed between TEM and PM in Figure 3c,d.
It is worth considering that TEM could be influenced locally by the proximity to the river
Mersey [57]. This proximity is a distinctive feature of the LCR, and the areas closer to the
river also experience higher commercial activities and traffic.

Figure 4c,d show a spatial representation of the standard deviations of pollution and
meteorological variables measured by the WSN. From a physical perspective, the standard
deviation provides valuable information about the time series by highlighting significant
variations between high and low levels. Unlike the mean, the standard deviation uncovers
hidden spatial patterns within the data, specifically becoming a useful tool in pinpointing
regions with notable fluctuations in pollutant concentrations.

PM2.5 exhibits the highest standard deviation values in most of the study area for the
250-day average, indicating that isolated events with extreme values strongly influence the
interpolated average patterns. Conversely, daily patterns of PM2.5 capture low standard
deviations, suggesting that the fluctuations in pollution levels throughout the day do
not reach extreme extents. Similarly, PM10 displays higher standard deviations in its
250-day spatial pattern, with significant standard deviations observed in its daily pattern,
specifically in the southern region of the study area. Additionally, TEM and RH exhibit
higher standard deviations in their overall averages, potentially due to seasonal and
meteorological events. However, their daily patterns show little change, implying that their
fluctuations are less extreme on a daily basis.

Spatial representations based on first and second-order statistics provide valuable
insights into the variations in pollutant concentrations across a city. While they are beneficial
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to understanding spatiotemporal patterns, these representations only offer a snapshot view
of the data at a given time. As shown by the single point statistics, the time series of PM and
weather variables are clearly subject to change. Consequently, these methods fail to capture
changes arising from seasonal variation and cyclic patterns, and the correlations between
spatial and temporal events. Moreover, due to their inherent nature, certain statistics may
inadvertently mask cyclic sinusoidal-like events. Therefore, in this study, we turn to the
POD to decompose the time series of data into spatial modes and temporal modes. By
employing the POD, we can effectively capture both spatial and temporal correlations in

the data, enabling us to gain deeper insights into the dynamics of air pollutants within
the LCR.

(a) PM2.5 ug/m’ PM10 ng/m’ Celsius RH %

(b)  puzs gt PMI0 g/

(€) rmzs g/ PMI0 g/t TEM Celsius  RH %

(d) pmzs w/m PMI0 wmt TEM cosios RH %

1.2
| [ 6:00 o1 g [] 700 0 1 2um|| {650 01 im 0

Al [ 300 Al [l 3.00 N E Al 080

Figure 4. Spatial representation of data measured by the low-cost WSN in Liverpool: (a) 250-day records
average, (b) daily patterns, (c) 250-day records standard deviations, and (d) daily standard deviation.
3.3. Proper Orthogonal Decomposition

The POD can be used to extract spatially coherent patterns from a time series. By
simultaneously inputting RH, TEM, and PV, it is possible to extract spatial correlations
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in time as well as find coherence or similarities across variables. In fluid mechanics, the
POD is commonly used to find relationships between streamwise and spanwise compo-
nents. Similarly, it can be used to find correlations between meteorological factors and
pollution levels.

The first 10 modes account for a contribution of 98.84% to the total variance of the
dataset (a detailed depiction of each mode contribution is shown in Appendix B). This
contribution was calculated as depicted in Equation (1). Figures 5-8 present the first four
modes, which together account for 94.61% of variance in the dataset. Unlike conventional
POD approaches in other studies [35], there is an absence of a clear quasi-conjugate relation-
ship between the first two modes. This absence suggests minimal or negligible interaction
between the top four modes.

Mode 1 (U;) is the dominant mode, with 50.04% of the variance attributed to its
singular value. This suggests that U is a reliable approximation for describing the overall
pattern of variables’ changes in the LCR. It is noteworthy that U; contributes to nearly twice
the variance compared to the second mode. Consequently, it is reasonable to anticipate that
U; among all spatial distributions will encompass the most significant alterations, while
the second mode might capture harmonics or even finer-scale distribution shifts present in
the data.

Uj patterns, depicted in Figure 5a, reveal a positive correlation between PM2.5 and
PM10 across all locations. The changes in Uy vary across the LCR, indicating that the
sources driving these alterations can be localized, rather than just a large-scale process
influencing the rate of change in PM levels across the entire area. For PM2.5, greater
changes happen in the south of the study area (both increases and decreases), transitioning
toward fewer changes in the northeast. This aligns well with the standard deviation and
mean depicted in Figure 4. PM10 also exhibits greater changes in the south of the study area,
while the lowest magnitudes are observed in the center of the LCR, particularly around the
docks. However, it should be noted that PM10 changes are an order of magnitude smaller
than those of PM2.5.

As expected, TEM and RH changes are coupled. In the northwest area of the study,
particularly around the docks, the flux of simultaneous TEM and RH changes is significant.
For TEM, the direction of changes is opposite in the southeast (suburban stations). These
patterns could be indicative of localized phenomena influencing the rate of TEM changes
near the city center, such as the urban heat island effect, the regulating effect of a water
body along the docks, and other meteorological parameters. Interestingly, this pattern of
changes is not as clear in the standard deviations from Figure 4, highlighting the complexity
of TEM and RH distribution in the city that can be elucidated through POD.

The temporal coefficients (V1) corresponding to U; are shown in Figure 5b. A cyclical
pattern is observed, with larger peaks in mid-December 2022, and late January 2023, and
consecutive peaks and troughs in the spring of 2023. These peaks indicate increases in the
flux of PM and a decrease in TEM variation. This is likely attributed to cold spells and
anthropogenic events leading to increased levels of PM, as recorded in Figure 3a. To assess
the periodicity of Uy, we apply a Pwelch Fourier power spectral density (PSD) analysis on
the temporal coefficients (Figure 5c). The dominant frequencies of 1 day relate to the diurnal
pattern of the variables. While the top signal showed a daily periodicity, a secondary peak
shows a periodicity of ~1 month on average, followed by signals with higher timescale.
This suggests that Uy is strongly influenced by anthropogenic changes given by daily and
weekly activities, as supported by Figure 5d with positive magnitudes in the morning and
evening. On the other hand, signals with higher timescales could be indicative of natural
fluctuations driven by seasonal changes.
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Figure 5. (a) First POD spatial mode of all variables of the study. The POD temporal coefficients for
mode 1 are shown in panel (b), where vertical lines highlight the days with the highest (yellow) and
lowest (purple) values. (c) Power spectral density (PSD) and (d) daily pattern of the time coefficients
shown in (b).

Figure 6 illustrates the second mode (Uy), which accounts for 29.23% of the total
variance. In contrast to the first mode, the U, patterns for PM10 and PM2.5 are very similar
to each other, showing simultaneous reductions across the LCR (Figure 6a). The lowest
magnitudes were observed in the south of the city. It should be noted that the variance
explained by the eigenvalue is approximately half of the observed for Uj, thus, the impact
of these changes will be less than those of U;. On the other hand, TEM and RH changes are
not coupled. It seems that the most significant TEM changes occur in the south of the city,
whilst the opposite pattern is observed in RH, which also exhibits a similar pattern to PM
in Uy. The areas with higher TEM values tend to decrease in PM more significantly in Uy,
supporting the inverse relationship observed in Figure 3. Some spatial features of RH are
similar between its U; and U,, the magnitudes are notably higher for U,.
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Figure 6. (a) Second POD mode of all variables of the study. The POD temporal coefficients for mode
2 are shown in panel (b), where vertical lines highlight the days with the highest (yellow) and lowest
(purple) values. (c) Power spectral density (PSD) and (d) daily pattern of the time coefficients shown
in (b).

Figure 6b displays the temporal coefficients of Uy, which exhibit significant variation
over the 250 days, with significant changes in mid-December to late December 2022, late
January to mid-February 2023 and late April 2023. When compared to the time coefficients
of Uy, the contribution of U, exhibits a few opposite trends, as supported by the daily
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pattern depicted in Figure 6d. The power spectral density (PSD) plot in Figure 6c indicates
that U, has dominant frequencies ranging from a week to 2 months, with the strongest
signal displaying a periodicity of 43 days. The majority of peak signals showed a 1-month
or weekly periodicity, followed by signals with a higher timescale.

The frequencies from Figure 6¢ correspond to discernible shifts in activities on a weekly
or fortnightly basis, with a fortnightly pattern emerging as a harmonic of the weekly pattern
with additional variations occurring during weekends. This insight suggests that across the
span of a week, substantial changes manifest in the northern part of the city. Conversely,
the preceding U; highlights alterations in the southern regions concerning PM. Evidently,
U describes diagonal patterns, likely driven by TEM, while U, sheds light on shifts in
weekly or fortnightly cycles.

Figures 7 and 8 depict the two modes Uz and Uy, which account for 15.34% of the total
variance of the system. Despite their lower contribution, these modes play a crucial role
in accurately reconstructing the original variables and revealing overlooked patterns. Us
shows negative changes throughout the LCR (Figure 7a) with the lowest magnitudes in
the northern regions and higher magnitudes in the center and south of the study area. A
similar pattern is observed for PM10 with the lowest magnitudes in the northeast.

The variations in the directions of PM10 changes, with simultaneous increases in the
south and decreases in the north, may reflect the movement of pollution throughout the
city due to transport and emissions sources. In this vein, Uz exhibits some similarities to
the standard deviation in Figure 4, particularly for PM10, with increases in the south. TEM
patterns in Us differ significantly from U, U;, and Figure 4a, displaying simultaneous
decreases in Uz with higher magnitudes in the center of the LCR and along the northern
docks. Meanwhile, RH displays correlated negative magnitudes in the north of the study
area and positive values in the furthest south.
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® .

20 F

—_~
o
~
~
=
=i

5

Mode 3

PSD [v1v1]
vi

0.0}

-2.0 b

-4.0 5 o 10 20
Oct22  Nov22  Dec22  Jan23  Feb23  Mar23  Apr23 00 05 1o 15 20

Cycles per day

Figure 7. (a) Third POD mode of all variables of the study. The POD temporal coefficients for mode 3
are shown in panel (b), where vertical lines highlight the days with the highest (yellow) and lowest
(purple) values. (c) Power spectral density (PSD) and (d) daily pattern of the time coefficients shown
in (b).

The temporal coefficients (V3) exhibit a gradual change in the contribution of this
mode, as illustrated in Figure 7b. The PSD analysis (Figure 7c) reveals that the dominant
frequency in Us is 57 days. The highest peak of dominant signals depicted in Figure 7c
exhibits an average periodicity of 34 days with the smallest periodicity of 2 weeks and
the highest of 3 months. Additionally, Us exhibits a less prominent daily signal com-
pared to the other temporal modes, while its daily pattern shares similarities with U
(Figure 7d). The patterns identified in Uj are likely associated with seasonal mid-term
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changes (frequencies > 1 month), as well as short-term meteorological changes and anthro-
pogenic influences.

Uy (Figure 8a) is the last mode analyzed in this study, exhibiting similar PM10 features
to those observed in Uy, albeit to a lesser extent. In contrast, the direction of PM2.5 Uy
is opposite to the observed in U, and Uz. PM2.5 changes exhibit simultaneous increases
across the study area and a significant difference in the magnitude of changes south to
the center of the LCR. This area covers residential areas and also urban features with a
transition to commercial and industrial features. Although the contribution of Uy to the
total variance is limited, with a 3.47%, this mode may point to isolated events or changes
over time that resulted in correlated changes in pollutant magnitudes across specific regions.
Similar to U, TEM patterns in Uy display correlated decreases across the LCR, while RH
patterns show both correlated increases and decreases. The temporal coefficients of Uy vary
significantly throughout 2023 (Figure 8b), with PSD frequencies revealing a predominant
frequency of 21 days. This is followed by other dominant signals at weekly and monthly
timescales, and a smaller signal with a daily periodicity, whose daily patterns (Figure 8d)
is similar to U; and Us. The majority of the top signals in Uy exhibit weekly frequencies
(Figure 8c).
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Figure 8. (a) Fourth POD mode of all variables of study. The POD temporal coefficients for mode 4
are shown in panel (b), where vertical lines highlight the days with the highest (yellow) and lowest
(purple) values. (c) Power spectral density (PSD) and (d) daily pattern of the time coefficients shown
in (b).

We can extract the following findings for each mode (summarized in Appendix B
Figure A2):

1.  The dominant U; shows correlated increases in the whole of the study area. PM2.5
pollution changes more in the south of the LCR, while PM10 increases both in the
southern and northern regions, albeit to a lesser extent. The dominant periodicity of
Uj is daily, suggesting cyclic components such as TEM and RH linked to the pollution
level changes in U;. However, considering that the spatial correlation between the
meteorology variables and pollution levels in Figure 4 is not clear-cut, anthropogenic
factors could also be driving PM changes. This is supported by the daily patterns
of the U; time coefficients, in which the positive contributions of the PM mode are
observed in the morning and evening. Overall, the increases in pollution levels can be
linked to both temperature and changes in traffic, potentially due to transport from
residential areas to workplaces.

2. U; shows positive correlations with simultaneous reductions in PM. The patterns of

PM2.5 and PM10 changes in U, share similarities between both pollutants suggesting
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a common source driving their changes. Areas with higher TEM positive changes
experience more significant negative changes in PM magnitudes, supporting the
inverse relationship observed in Figure 3. The most dominant frequencies showed
weekly to 1-month periodicity, corresponding to shifts in activities on a weekly and
fortnightly basis.

3. PM2.5 decreases at varying rates across the LCR in Us, with higher reductions in
the north compared to the south. PM10 tends to increase significantly from the
center to the southern regions, with lower increases observed in the northeast. These
simultaneous variations could reflect the movement of pollution throughout the LCR.
Us dominant frequency is 57 days, and it may be associated with seasonal short-term
changes (top 10 dominant frequencies ~1 month), as well as cyclic components such
as temperature, considering its daily pattern.

4. In Uy, PM2.5 increases across the study area with higher increases in the changes
across residential and urban areas transitioning into commercial /industrial features.
In contrast, PM10 magnitudes decrease in the south of the LCR. While the Uy contribu-
tion is limited, this mode may indicate isolated events or temporal changes resulting
in correlated pollutant changes in specific regions. Temporal coefficients (V4) vary
significantly throughout 2023, with a dominant frequency of 21 days. Its daily pattern
is similar to U; and Ujs, suggesting that these modes might share common sources
or behavior.

To strengthen the causal interpretation of these modes, future work could correlate
them with external datasets. For instance, Mode 1’s daily periodicity aligns with peak
commuting hours, suggesting a link to traffic counts from Liverpool City Council’s traffic
monitoring systems. Mode 3’s pollution transport patterns could be validated against wind
direction and speed data from local meteorological stations, enhancing the physical basis
of these findings.

3.4. Implications for Urban Air Pollution Management

The need for sustainable development in the context of urbanization has led to con-
cepts such as Smart Cities, which focus on innovative technologies including sensors, and
data-driven insights to improve the quality of life [58,59]. As a result, the number of
WSN deployments sensing changes in environmental features such as air pollution has
significantly increased [60,61]. This study demonstrates the benefits of WSN for capturing
air quality data at higher resolutions to identify temporal trends and spatial patterns.

Granular spatial data are crucial for developing targeted policies to address high pol-
lution events [62] and reduce the intensity of pollution hotspots. Moreover, the availability
of high-resolution data allows the implementation of numerical methods such as POD.
The results from the application of POD in our study highlight the significant temporal
variability in the patterns of PM.

The temporal variability is particularly important for the detection of PM hotspots [63].
Traditionally, areas that exhibit high pollutant averages are categorized as pollution
hotspots and managed accordingly. However, the identification of hotspots of significant
changes in pollution through POD highlights their dynamic features. This implies that the
management of areas with pollution hotspots is not straightforward and should consider
mobile sources of air pollution and the frequency at which citizens could be exposed.

In our study, the dominant daily mode draws attention to the impact of commuting in
residential areas, emphasizing the urgency of incorporating effective traffic management
strategies. Mode 1’s diurnal peaks suggest targeted traffic calming measures, such as
time-specific low-emission zones in southern residential areas during morning and evening
commutes, while Mode 3’s transport patterns indicate a need for wind-informed routing
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of heavy vehicles near the city center to mitigate pollution spread. The variability in
magnitudes for each mode suggests the effect of localized phenomena on the distribution
of PM, supporting the need for local measures that mitigate disparities among different
neighborhoods, such as green areas. Furthermore, the detection of frequencies for each
observed pollution pattern can help regulate citizens’ exposure and reduce the impacts of
air pollution on vulnerable groups.

Decision-makers could use these findings to implement real-time air quality alerts
during peak Mode 1 h, optimize sensor placement in southern hotspots identified by Mode
1, and adjust industrial schedules near the center based on Mode 3’s transport patterns,
enhancing urban air quality management with data-driven precision.

In practice, POD offers an efficient method for analyzing near real-time air pollution
data by capturing complex patterns and correlations between pollution and meteorological
variables. However, the uneven sensor coverage, with sparser nodes in the northern LCR,
may introduce interpolation errors, potentially underrepresenting pollution dynamics in
those areas. This limitation of spatial resolution could be addressed in future deploy-
ments by increasing sensor density in underrepresented regions. The application of POD
can be integrated into decision support systems for managing extreme pollution events,
implementing air quality targets, and understanding pollution hotspots.

4. Conclusions

In this study, we discuss the application of proper orthogonal decomposition (POD)
for analyzing air pollution and meteorology variables. The application of this technique is
driven by the deployment of wireless sensor networks (WSNs) that capture high-resolution
spatiotemporal data. We compare the results of traditional time series analysis, spatial
representations, and POD from a dataset produced by a WSN in the Liverpool City Region
(LCR) in the United Kingdom.

The results of the temporal analysis show an increase in pollution levels in December
2022, January 2023, and February 2023. These increases appear to be inversely correlated
with temperature, with pollution levels reaching their lowest point at midday. Half of
the PM values were lower than 7.5 jig/m3, and extreme events were recorded, especially
for PM10. While these values comply with the UK Air Quality Standards Regulations
of 2010, they exceed the air quality guidelines set by the WHO in 2021. To complement
the time series analysis, we performed a spatial interpolation. The spatial distribution
revealed that the highest PM2.5 values were recorded in the center of the LCR. While PM10
hotspots were observed near the center of the LCR, these also covered residential areas. The
250-day average spatial representation shows values higher than the daily representations,
suggesting that extreme pollution events might be influencing the overall computations.
This was supported by the standard deviation, with higher values for PM2.5. For PM10 the
standard deviation was highest in the south of the study area, including residential spaces.
These representations gave us insight into the pollution levels on-site, however, they failed
to capture the variability arising from cyclic patterns and seasonal variations.

To perform a higher-resolution analysis of these data, we applied the POD and decom-
posed the time series into modes. Four dominant modes were discussed as they accounted
for 94.61% of the total variance of the system. In the dominant U;, PM2.5 correlates posi-
tively throughout the study area, with higher magnitudes in the south. This mode shows
a daily periodicity and it is influenced by cyclic components and likely anthropogenic
factors. Morning hours have the greatest contributions, potentially reflecting increased
traffic from residential areas to workplaces, a hypothesis that could be confirmed with
traffic flow data from Liverpool authorities. In Uy, simultaneous reductions in PM levels
are observed, and higher temperature areas record greater PM reductions. This mode is
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similar between PM2.5 and PM10, suggesting a common source. U, patterns show a weekly
and fortnightly periodicity. In Uz, PM2.5 decreases at varying rates across the LCR, while
PM10 increases significantly from the center to the south. These simultaneous increases and
decreases reflect the dynamics of pollution throughout the LCR. This pollution transport
hypothesis could be validated with meteorological data, such as wind direction and speed
from LCR stations. On the other hand, U, shows significant differences in the magnitudes
of PM2.5 changes near the city center, which might point to isolated events of air pollution,
considering the variability of its time coefficients.

Overall, the POD allowed us to see patterns that were not easily discernible from the
traditional spatiotemporal representations. The dominant patterns were not indicative of
the averaged spatial representation, but a detection of correlations that could be driven by
common factors. This is important in order to target interventions for improving air quality.
Additionally, the time coefficients given by POD allowed us to see an evolution of each of
the detected modes, and pinpoint specific events in time where each of the modes was more
active. This, coupled with the Fourier power spectra, allowed us to identify the cyclicity of
each pattern and its association with anthropogenic activities. This result offers advantages
versus the time series data as it considers both the spatial movements of pollution and
the changes through time. Therefore, the POD helps identify where pollution levels may
change more significantly at any given time and targets initiatives to limit citizens’ exposure.
This level of detail was not achieved from time series or spatial distributions alone. It is
worth noting that, while the patterns reflect urban and anthropogenic features of the
study area, the modes observed in this study reflect areas of correlation and are not an
indication of pollution concentrations, as they are usually measured and analyzed through
other methods. Therefore, a careful environmental interpretation of each mode should
be performed.

Author Contributions: C.A.R. undertook the data analysis and writing of the text, J.E.H. conceived
the idea and supervised the work. All authors have read and agreed to the published version of
the manuscript.

Funding: Funding comes from CONACYT Mexico in funding the studies of C.A.R.
Data Availability Statement: Data will be made available upon request.

Conflicts of Interest: The authors declare that they have no known competing financial interests or
personal relationships that could have appeared to influence the work reported in this paper.

Appendix A. POD Pseudocode

Algorithm A1: Proper orthogonal decomposition (POD)

1 Function pod_from_svd(data)
Data: data: 3D array in the shape (T, M, N) with time-dependent data

Result: U, S, Vt: Resulting POD components

2 X ¢— data —mean_along_time (data);

3 X _reshaped <— reshape_data(X, time_ points);
4 U,S, Vt < svd(X_reshaped);

5 S ¢ create_diagonal_matrix(S);

6 return U, S, Vi;
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Algorithm A2: Function: mean_along_time

1 Function mean_along_time (data)
Data: data: 3D array of shape (T, M, N) with time-dependent data
Result: Mean along (axis = 0) time axis of data

2 | return Mean array;

Algorithm A3: Function: reshape_data

1 Function reshape_data (data)
Data: data: 3D data array to 2D matrix with rows representing locations
(M x N) and columns representing time points (T')
Result: Reshaped matrix

2 return 2D reshaped data;

Algorithm A4: Function: svd

1 Function svd (X)
Data: X: Input matrix

Result: U, S, Vt: Results of SVD // Use full_matrices — False
2 return SVD of matrix X;

Algorithm A5: Function: create_diagonal_matrix

1 Function create_diagonal_matrix(S)
Data: S: 1D array

Result: Diagonal matrix

2 return Convert 1D array S into a diagonal matrix;

Appendix B. Modes Details

\ariance (%)

Mode

Figure A1. Contribution of the first 10 modes to the total variance in the dataset. Highlighted in the

box are the details of the contributions of modes 4-6.
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Figure A2. Summary of findings for each mode, where periodicity has a sample of 10% of the total
signals (n = 205).
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