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Abstract: This work analyzes the evolution of an urban thermal environment using measurements,
in the form of time series, of atmospheric pollutants (PM10, PM2.5, CO) and meteorological vari-
ables (temperature (T), relative humidity (RH) and magnitude of wind speed (WS)) of three periods,
each of 3.25 years: 2010–2013, 2017–2020 and 2019–2022. The study region is the capital of Chile,
Santiago de Chile, located in a rugged basin geography. Of the total communes that make up
the capital, six communes that are at different heights from sea level were selected for this study,
providing 3,074,004 data records. These communes have been subject to an intensive urban densifi-
cation process. The time series are analyzed through the chaos theory, demonstrating that they are
chaotic through the calculation of the parameters: Lyapunov exponent (λ > 0), correlation dimension
(DC < 5), Kolmogorov entropy (SK > 0), Hurst exponent (0.5 < H < 1), Lempel–Ziv complexity
(LZ > 0). Based on these parameters, the following is constructed for each commune: the CK ratio,
which results from the ratio between the entropies of the meteorological variables and the entropies of
the pollutants; the loss of information (<∆I> < 0) using the Lyapunov exponent; the fractal dimension
(D) using the Hurst exponent. It is verified, when comparing the three periods for the six communes,
that: CK evolves declining with height, with a greater influence of pollutants; the loss of information
is faster in urban meteorology; an increase in fractality. The estimation of the entropic flows, based
on the Clausius equation, confirm the trend. The descriptive framework shows the weakness of the
mitigation measures.

Keywords: air pollutants; urban meteorology; densification; entropy; loss of information; mitigation

1. Introduction

Santiago de Chile contains a little more than 40% of the total population of the country
and has been the object, in recent years, of a very intense process of urban densification.
The location of the city in a geographical basin of variable roughness, which produces
a semi-enclosed condition, makes it relevant to measure urban meteorology and air pol-
lution close to the ground in different periods for comparative studies. This makes it
possible to analyze the evolution over time of urban thermal conditions at the level of the
ordinary citizen.

This research uses the CK parameter (sum of the entropies of the time series of the
urban meteorology variables/sum of the entropies of the time series of the pollutant
concentration variables), whose behavior has been explored by the authors in two periods
(2010–2013 and 2017–2020) of 3.25 years each [1–5]. The presence of confinement due
to the SARS-CoV-2 pandemic (2020 until the beginning of 2022), with the reduction of
human activities to a minimum (total confinement) in Santiago de Chile, represented a great
opportunity to study the behavior of CK in a new period 2019–2022 given the significance
that urban meteorology and air pollution have in its calculation. The CK parameter is
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based on extensive periods of measurements of variables of the urban meteorology system
(characterized by temperature, relative humidity and magnitude of the wind speed) and
of the atmospheric pollutants system (PM10, PM2.5, CO), which the authors have used to
determine the effect of the polluting system on the urban meteorology system from the
perspective of damping the entropy of the urban meteorology [1,2]. CK is of a localized
nature and represents years of measurements, considering that any year has different
seasons (autumn, winter, spring and summer) and may be affected by drought, heat waves,
geography, human activity, etc. The procedure uses the measurements of six locations in
the geographical basin of Santiago de Chile, according to three different periods: 2010–2013,
2017–2020, 2019–2022, with two periods sufficiently separated (2010–2013 and 2017–2020)
and with two very close periods with partially overlapping data (2017–2020 and 2019–2022,
last measurement). CK was also examined, calculating its values with data from two
other countries (Mexico, Ecuador), in order to investigate its behavior in other geographic
morphologies and contexts of human activity, such as mountains and coasts [3]. What
is notable is that a similar behavior of CK was found in the geographic basin of Mexico
City, but CK changes, as in Chile, on the coast and in the mountains (Ecuador, comparison
country) [3]. The interest of this research is focused on Santiago de Chile, because it
contains 40% of the country’s population, as pointed out. In Chile, CK declines from
2010 to the present, which informs us about the magnitude of the interactive process
between the meteorological–pollutant systems, with dominance of the pollutants, also
showing strong variation in the proximity to the ground. The characteristics that CK
exhibits are compatible with behavior of the Kolmogorov cascade type: high turbulence
in the proximity to the ground which attenuates with height [4,5]. Using the very rough
basin geography, of variable surface height, of Santiago de Chile allows for locations of
instruments for measuring urban meteorology and pollutants at different levels, proving
that the interaction, summarized in the CK parameter, evolves over time with dependence
of the height [4], of the entropy of the contaminants and of the entropy of the meteorological
variables. A contrast study using the heat conduction equation and the Clausius equation
for entropic flows [5] confirmed CK’s diagnosis of the interactive process. Forming a
sufficiently fine grid of measurement locations, it is possible to build the CK layer that
allows for visualization of the geometry, variable in time, of its configuration (in R3). The
layer in the vicinity of the earth’s surface, is highly dynamic or turbulent [5]. CK goes
beyond the traditional daily air quality index since the proposed parameter indicates the
magnitude of the disturbance, the effect on urban meteorology and the nature of the process
(irreversible). The elaboration of CK, from very extended periods of time of measurements,
shows in a more precise way the tendency of the interaction between the entropy of the
pollutants and the entropy of urban meteorology, whose significant variables (temperature,
magnitude of the velocity of the wind and relative humidity) are used to characterize
properties of the atmosphere. If the third measurement period (2019–2022) confirms the
trend described by CK in the two previous periods, CK attributes would allow for more
informed and complex decisions to be made (regarding: changes in ground roughness
due to tall buildings, effects of the mitigation measures in force, recovery of tributaries,
modification of the energy matrix, etc.)

1.1. Urban Densification

The use of public data [6,7] allows for the study of the urban density that has a high
incidence in the change in the roughness of the soils. From the official information [6,7], it
is possible to estimate that the number of residential properties (N◦) between the years (t)
2009–2020 grew exponentially: N◦ = 3.32 ∗ 10−14[N◦]e0.0226[ 1

Years ]t, 2009 ≤ t ≤ 2020.
By 2015, many of the buildings were 15 floors and in 2020 the majority were 30 floors.

The supply of apartments (2020) increased by 77.3%. In the Metropolitan Region, there were
50 homes/hectare in 1990; in 2020 there were around 5000 homes/hectare [6,7]. According
to census data from 1970, the proportion of apartments in Chile was only 7% (116,748).
Since then, that alternative has been widely more accepted by Chileans, so that in 2002 that
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percentage reached 12.6% (474,199, according to the 2002 census). In 2018, they represented
17.5% of a total of 1,138,062 homes (552,678 more than in 2002) [5,6,8,9].

1.2. Mitigation Measures

Mitigation [10,11], in the sense that this research addresses it, corresponds to the set of
measures that can be applied to counteract or minimize the negative environmental impacts
that can be generated by anthropic interventions. These measures must be contained
in a mitigation plan, which must be part of an environmental impact study [10,11]. A
consequence of anthropogenic interventions, in a given geographical area, are the urban
heat islands (UHI) generated by cities.

Urban heat islands are a phenomenon that occurs in those urban areas that experience
higher temperatures than the surrounding areas due to human activity. The main reason
is due to the partitioning of the energy flux of the earth’s surface according to Q* + QF
= QH + QE + ∆QS + ∆QA, where Q* is the net radiation, QH and QE are the fluxes of
the sensible and latent heat, respectively, QF represents the anthropogenic energy release
within the control volume, ∆QA is the net advection through the lateral sides of the control
volume, and ∆QS is the storage heat flux and represents all energy storage mechanisms
within elements of the control volume, including air, trees, building fabrics, and soil [12–14].
Impervious surfaces can rarely experience cooling effects induced by latent heat, but much
sensible heat induces temperature rise. Added to this, heat and pollution are generated by
traffic and industry. All this aggravates the consequences of climate change in cities and
decreases the quality of life of its inhabitants [15–19]. In the last 20 years, associated with
climate change in Chile, there have been heat waves, which have intensified and increased
in duration. Heat waves are becoming more frequent, especially in the central zone of
the country, which is where the capital of Chile, Santiago de Chile, is located in a basin
geography. According to the Report on the Evolution of the Climate in Chile 2021, carried
out by the Chilean Meteorological Directorate, the last 11 years have been the warmest
on record.

Chile has developed a strategy for the future (2050) and that is summarized in the
Nationally Determined Contributions (NDC) [20] where the economic variable has an
influential role. The NDC provides a framework of laws and actions for mitigation, covering
areas such as inventories of climate pollutants, adaptation to climate change with capacity
development, and international negotiation and financing. The problem, and this is what
this research demonstrates through the measured data, is that human activity changes
the initial conditions in the environment and in the geography (no matter how small the
disturbance), causing great effects on the environment and on the health of the population
in very short times [21].

This shows the relevance of having relatively simple techniques that allow for un-
derstanding the initial thermal condition of various communes before the arrival of heat
waves, for example. This condition is built by urban micrometeorology, pollutants and a
geographical environment subjected to intensive urban densification.

The study of dynamic systems according to chaos theory implies the evaluation
of a series of parameters. Among them, due to the precision of its quantitative results
and the relative ease of execution, the Kolmogorov entropy, which measures the loss of
information throughout the evolution of the system, is of essential importance, especially
in its application to systems of which there are only time series of values of some variable
that is considered specific. This is applied to the study of polluting systems + urban
meteorology, systems whose high dynamic complexity suggests the possibility that they
are chaotic systems [22]. Kolmogorov entropy is a parameter that allows for determining
the information content and gain in a given system. It is based on Shannon’s information
theory [23] in which the concepts of storage capacity and information gain are defined and
analyzed. The Kolmogorov entropy corresponds to an entropic flow, that is, it has a unit of
time in the denominator.
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Considering that the behavior of CK and the losses of information show the action of
pollutants on urban meteorology and the effect of thermal conditions that affect urban life
in the geographical basin studied in the periods 2010–2013 and 2017–2020, is it possible
to extend its application to the new measurement period 2019–2022 considering that this
period includes the forced confinement of the population due to SARS-CoV-2 and the
reduction of activities to a minimum? This would allow us to examine CK and its reliability
in conditions very different from the previous ones.

2. Materials and Methods
2.1. Measurement Recording Area

The capital city of Chile, Santiago de Chile, is located at 33.5◦ S and 70.8◦ W. It contains
a population of 7,508,334 inhabitants, which represents 40% of the total population of
the country, on a surface of approximately 641 km2. It is located in the middle of the
country, at a height of about 520 m.a.s.l. The altitude above sea level increases from west
to east. It is surrounded by two mountain chains: The Andes and the Chilean Coastal
Range. Its climate is Mediterranean (Figure 1). The driest and warmest months are from
December to February, reaching maximum temperatures of about 35 ◦C in the shade (air
temperature in the sun). Figure 1 presents the measurement locations. Given its topography
and the dominant meteorological conditions, there is, in general, a strong horizontal and
vertical dispersion of pollutants generated by an important number of sources in the city
(heating, vehicles, industries, etc.), especially during fall (20 March–21 June) and winter
(21 June–23 September) [24]. The emissions have a tendency to increase given the also
increasing population density, which implies an increase in fixed and mobile sources. In
addition, the number of vehicles has increased rapidly in recent years. The automotive
fleet in Santiago de Chile has added about 750,000 vehicles since 2010, totaling today
about 2.15 million cars, according to the latest data available, for 2018, from the National
Institute of Statistics of Chile (INE, in Spanish). Growth will continue, and by 2025, another
546,000 units would be added, which implies a 25% increase in that period.
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Figure 1. Geographical distribution of the monitoring stations for this study (network of black
crosses) and high urban densification [21] (in color for the areas with the persons/hectare;
EML = La Florida, EMM = Las Condes, EMV = Quilicura, EMN = Santiago, EMS = Puente Alto,
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2.2. The Data

The measurements for the 2019–2022 period have the same amount as those for the
2010–2013 and 2017–2020 periods and were collected from the MACAM III Network of
the National Air Quality Information System, under the Ministry of the Environment of
Chile [25]. The data correspond to 3.25 years or 39 months of measurements of PM10,
PM2.5, CO, temperature (T), relative humidity (HR) and wind speed magnitude (WV),
totaling 28,463 data points for each variable, giving a total of 1,024,668 measurements for
all communes in the 2019–2022 period (Table 1). The temporal resolution of the time series
is one hour. If the other two periods used in this research are considered, 2010–2013 and
2017–2020, there are a total of 3,074,004 processed data points.

The measuring instruments used are calibrated and certified according to the EPA
(USA) standard. The reason for this extreme care in its measurements is that in Chile,
based on the measured data, an air quality index is built that determines restrictions on
transportation, the use of fireplaces, student attendance at classes, etc. in the city. This
is essentially important for the winter period. The city of Santiago de Chile, because it
is in a geographical basin, has poor ventilation and in winter the thermal inversion layer
occurs, which causes serious events in the respiratory tract, especially in children and the
elderly population.

2.3. Kolmogorov Entropy and Loss Information

According to Farmer, one of the essential differences between chaotic and predictable
behavior is that chaotic trajectories continuously generate new information while pre-
dictable trajectories do not [26,27]. The metric, or Kolmogorov–Sinai entropy, provides
an upper bound on the information acquisition rate. Although in a context unrelated
to dynamical systems, the metric entropy was originally defined by Shannon [28]. This
quantity was later applied to dynamical systems, and shown to be a topological invariant
by Kolmogorov [29] and Sinai [30].

According to Pesin’s identity [31], the sum of the positive Lyapunov exponents is the
Kolmogorov–Sinai entropy (or invariant) or K-S entropy (or invariant) or metric entropy
(or invariant). Kolmogorov [32] proposed to apply the concept of entropy to dynamical
systems, and Sinai [30] gave a proof. More precisely, according to Ruelle’s inequality [33],
the entropy of K-S is a lower bound on the sum of the Lyapunov exponents; however, they
are equal when the natural measurement is continuous along the directions unstable, as is
the usual case of chaotic flows.

This is related to the usual entropy of thermodynamics, which is a measure of the
disorder of a system, since it measures the expansion of nearby trajectories into new regions
of the space state. Unlike thermodynamic entropy, however, K-S entropy has inverse units
of time (or inverse iterations for mappings) and is a measure of the average rate at which
predictability is lost. Its inverse is a rough estimate of the expected time for a reasonable
prediction. A purely random system has infinite entropy, and a periodic system has
zero entropy.

Entropy can also be considered as the information creation rate when a chaotic system
evolves, called Shannon entropy. The sensitive dependence of the initial conditions means
that two points indistinguishably close in a spatial state move apart in time. As time
progresses, we learn more and more about the initial condition as initially insignificant
digits in its specification make themselves felt. A chaotic system is an endless source of
new information [34]. Information is said to be a measure of the surprise of an occurrence
or the distinguishability of a configuration, and entropy is the information that is not yet
available. Entropy is always positive and can be large for a chaotic system. Sometimes
this process is visualized as a loss of information, since the predictions from an initial state
become less accurate as time progresses.
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Table 1. The continuous recording of the variables in this study is carried out at 2 m above the ground in all sensors, with the exception of the one measuring the
magnitude of wind speed, which is at 10 m [5].

Station Name Location PM10 PM2.5 CO T RH WV OWNER

1. La Florida,
EML,

masl:784 m

33◦30′59.7′ ′ S
70◦35′17.4′ ′ W

Attenuation
Beta-Met One 1020

Attenuation
Beta-Met One 1020

Gas Correlation
Filter IR Photometry

-Thermo 48i

VAISALA
HMP35A

VAISALA
HMP35A

Sensor-Met
One 010C SINCA

2. Las Condes,
EMM,

masl:709 m

33◦22′35.8′ ′ S
70◦31′23.6′ ′ W

Attenuation
Beta-Met One 1020

Attenuation
Beta-Met One 1020

Gas Correlation
Filter IR Photometry

-Thermo 48i

VAISALA
HMP35A

VAISALA
HMP35A

Sensor-Met
One 010C SINCA

3. Santiago-
Parque O’Higgins,

EMN,
masl: 570 m

33◦27′50.5′ ′ S
70◦39′38.5′ ′ W

Attenuation
Beta-Met One 1020

Attenuation
Beta-Met One 1020

Gas Correlation
Filter IR Photometry

-Thermo 48i

VAISALA
HMP35A

VAISALA
HMP35A

Sensor-Met
One 010C SINCA

4. Pudahuel,
EMO,

masl:469 m

33◦27′06.2′ ′ S
70◦40′07.8′ ′ W

Attenuation
Beta-Met One 1020

Attenuation
Beta-Met One 1020

Gas Correlation
Filter IR Photometry

-Thermo 48i

VAISALA
HMP35A

VAISALA
HMP35A

Sensor-Met
One 010C SINCA

5. Puente Alto,
EMS,

masl:698 m

33◦33′01.3′ ′ S
70◦34′51.4′ ′ W

Attenuation
Beta-Met One 1020

Attenuation
Beta-Met One 1020

Gas Correlation
Filter IR Photometry

-Thermo 48i

VAISALA
HMP35A

VAISALA
HMP35A

Sensor-Met
One 010C SINCA

6. Quilicura,
EMV,

masl:485 m

33◦21′51.6′ ′ S
70◦44′53.9′ ′ W

Oscillating Element
Microbalance

TEOM-Thermo 1400AB

Attenuation
Beta-Met One 1020

Gas Correlation
Filter IR Photometry

-Thermo 48i

VAISALA
HMP35A

VAISALA
HMP35A

Sensor-Met
One 010C SINCA
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We consider a Markov process as a process that can be thought of as a source of informa-
tion, so that it randomly generates one of n symbols at discrete timesteps [28,35]. The text
from this response, for example, can be considered to constitute a Markov process. These
symbols can be thought of as the outcome of sequential measurements. For convenience,
assume that the n possible symbols are the integers from 0 to n − 1. If the occurrence of
a given symbol s depends on m − 1 preceding symbols, then the Markov process is of
mth order. Assume throughout that the Markov process is ergodic, so that time averages
are independent of starting time, and are equal to ensemble averages. For an mth order
process whose current symbol is sm, the sequence including the previous m-1 symbols, (s1
s2 . . . sm), can be represented as the m digit base n fraction s1 s2 . . . sm, abbreviated Sm.
This number defines the state of the source. (This should not be confused with the state of
a dynamical system) [28].

A sequence of numbers obtained by making a series of measurements may be thought
of as the symbols emitted by a Markov source. A distinct symbol is assigned to each of
the n elements of the partition induced by the measuring instrument. A measurement at
time t = 0 determines that the state of the dynamical system is located somewhere inside
a given element of the partition. A finite time ∆t later, another measurement may give a
different outcome, indicating that the state is in a different partition element. Thus, a series
of measurements generates a sequence of symbols. The information rate per unit time for
this symbol sequence may be calculated by taking the limit as m→ ∞ of ∆Im/l∆t = ∆l/∆t.
Following Sinai [30], the metric entropy can be defined as the maximum information rate
when the partition and sampling rate are varied:

hµ = sup︸︷︷︸
β,∆t

lim
m→∞

{
Im

m∆t

}
(1)

To an observer with optimal measuring instruments taking samples at the optimal
rate, the metric entropy is the average amount of new information gained per sample.

Considering a trajectory x(t) = [x1(t), x2(t) . . . xd(t)], according to Figure 2, in the phase
space of dimension d of a dynamical system. This space is assumed to be divided into
boxes of size ld with d the dimension of the space, the state of the system being measured
at uniformly spaced time intervals τ. Let Pi be the joint probability that at time t = 0 the
system is in box i0, at t = τ at i1 . . . and at nτ at in. Using Shannon’s theory, the magnitude
Kn is defined:

Kn = −k
n

∑
i

PilogPi (2)

and is proportional to the information required to locate the system on a special trajectory
that goes through the boxes i0 . . . in with a certain precision. The choice of coefficient k is a
matter of convenience and amounts to the choice of a unit of measure.
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Kn+1 − Kn represents the additional information required to know in which cell in+1
the system that was previously found in i0 . . . in will be found. From this it results that
Kn+1 − Kn measures the loss of information about the system when passing from time nτ
to (n + 1)τ. The Kolmogorov entropy is the average loss of information when l and τ are
made as small as desired, that is, they tend to zero:

SK = − lim
τ→0

lim
l→0

lim
n→∞

(nτ)−1
n

∑
i=1

PilogPi (3)

SK has units of information bits per second and bits per iteration in the case of a
discrete system [36,37]. The limit process of Equation (1) develops according to the order:
(i) n→ ∞, (ii) l→ 0, canceling the dependency of the selected partition (n is the number of
cells or partitions) and (iii) τ→0, for continuous systems.

In summary, for the calculation of the Kolmogorov entropy, it is first verified that the
entropy is between zero and infinity (0 < SK < ∞), which allows for verifying the presence
of chaotic behavior. If the Kolmogorov entropy is equal to 0, no information is lost, and
the system is regular and predictable. If SK → ∞, the system is completely random, and
it is impossible to make any predictions. Secondly, the amount of information required
to predict the future behavior of two interacting systems is determined, in this case, by
the atmosphere (represented by meteorological variables) and the hourly concentration of
pollutants. In this way, the rate at which the system loses (or outdates) information over
time can be estimated. Finally, the horizon of maximum predictability of the system can be
established. This horizon is a limit frontier from which it is not possible to make predictions
or formulate new scenarios [28].

The loss of information can be determined according to the equation:

< ∆I > = < INEW − IOLD > =
−λ(i0(t))

log 2
(4)

is the average loss of information (I) in [bits/h]. NEW is the new data created and OLD is
the old data, λ is the Lyapunov exponent. The Lyapunov exponent, λ(x0) represents the
exponential separation between two trajectories, initially close, after N steps or iterations
and which contains a quantity of information, I, referred to that separation I(x0). Due to
notation considerations, λ0(t) remains.

< ∆I > =

{
→ 0, rapid loss of information, chaotic system
→ large values, slow loss of information, more predictable system

(5)

The objective indicators of chaos are various and can be classified in a general way
into two large groups: those that measure in some way how information is lost throughout
evolution, such as the Lyapunov exponent, the Kolmogorov entropy, and even the transform
Fourier, or those that refer to the fractal character of either the signal itself or its attractor in
phase space. In this work we will deal with the first type of indicators and especially with
the Kolmogorov entropy, due on the one hand to the ease of processing its calculation and
on the other to the amount of information it provides.

Two types of <∆I> must be calculated for each commune:

(1). For each of the time series of the pollutants (P): PM10, PM2.5 and CO;
(2). In the same way as in (1) for each meteorological variable (MV): temperature (T),

magnitude of wind speed (WS) and relative humidity (RH) [3].

Flowchart

The applied technique requires two well-defined stages:
1. Time series with no missing data ideally each containing over 5000 data points (for

stability reasons in the calculation [38]).
2. Prove that all series are chaotic.
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For the second point to be fulfilled, it must necessarily happen that five parameters
calculated, through chaos theory, to the time series are in the appropriate ranges:

Lyapunov exponent: λ > 0, correlation dimension: DC < 5, Kolmogorov entropy:
SK > 0, Hurst exponent: 0.5 < H < 1 and Lempel–Ziv complexity: LZ > 0.

Figure 3 represents the process that allows for verifying the chaoticity of each time
series (the total is 36 for the study period, 2019–2022) [5].

Atmosphere 2023, 14, x FOR PEER REVIEW  9  of  22 
 

 

1. Time series with no missing data ideally each containing over 5000 data points (for 

stability reasons in the calculation [38]). 

2. Prove that all series are chaotic. 

For the second point to be fulfilled, it must necessarily happen that five parameters 

calculated, through chaos theory, to the time series are in the appropriate ranges: 

Lyapunov exponent: λ > 0, correlation dimension: DC < 5, Kolmogorov entropy: SK > 

0, Hurst exponent: 0.5 < H < 1 and Lempel–Ziv complexity: LZ > 0. 

Figure 3 represents the process that allows for verifying the chaoticity of each time 

series (the total is 36 for the study period, 2019–2022) [5]. 

 

Figure 3. Flowchart that allows for verification if each time series is chaotic and calculates the chaotic 

parameters  of  interest  (Lyapunov  exponent,  correlation  dimension,  entropy,  Hurst  exponent, 

Lempel–Ziv complexity, fractal dimension and loss of information). 

Some limitations of the method: 

With respect to stages 1 and 2 indicated 

1. The  time  series  of meteorological  variables  and  concentration  of  pollutants with 

many data [38] were measured hourly and simultaneously in all locations (6) used in 

the study. 

Figure 3. Flowchart that allows for verification if each time series is chaotic and calculates the
chaotic parameters of interest (Lyapunov exponent, correlation dimension, entropy, Hurst exponent,
Lempel–Ziv complexity, fractal dimension and loss of information).

Some limitations of the method:
With respect to stages 1 and 2 indicated

1. The time series of meteorological variables and concentration of pollutants with many
data [38] were measured hourly and simultaneously in all locations (6) used in the study.

2. There can be no missing data in the time series. There are filling methods such
as Kriging [39].

3. As it is a procedure based on measurements, the quality of the measurement in-
struments is fundamental (certification and calibration, Environmental Protection
Agency (EPA) [25]).
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4. Using the software requires setting of parameters (for example, the embedding
dimension) [40,41].

Constructing the equation:

CK = SK,MV/SK,P = (∑ SK.MV,i/∑ SK.P,i)COMMUNES (6)

the sum according to i indicates that the entropies of each meteorological variable are
added in the numerator (temperature time series, relative humidity time series, wind
speed magnitude time series) and the entropies are added in the denominator of each
pollutant considered in the study (PM10 time series, PM2.5 time series, CO time series)
of each commune (there are 6) where the monitoring station was located. Since it is a
quotient between entropies (urban meteorology system/pollutant system) referring to
similar properties, CK is a dimensioned quantity that compares the entropies of the two
systems that interact during a period of 3.25 years, according to the height of each com-
mune studied. In general, the ratio shows that for the three periods analyzed (2010–2013,
2017–2020, 2019–2022), the entropy of pollutants is dominant, in such a way that the
polluting system shows a greater capacity to expand and connect with the environment.

3. Results

Table 2 presents the results of the calculation of the fundamental parameters: Lyapunov
exponent (λ), correlation dimension (DC), Hurst exponent (H), Kolmogorov entropy (SK)
and Lempel–Ziv complexity [40,41].

Table 2. Parameters for chaos study of three pollution variables and three meteorological ones, in six
monitoring stations (Santiago, Chile, 2019–2022 period).

Parameters
Station PM10 (µg/m3) PM2.5 (µg/m3) CO (ppm) Temperature (◦C) HR (%) WV (m/s)

EML
λ 0.716 ± 0.031 0.246 ± 0.020 0.025 ± 0.007 0.191 ± 0.016 0.167 ± 0.017 0.314 ± 0.016

Dc 1.067 ± 0.203 1.306 ± 0.172 2.089 ± 0.052 1.632 ± 0.798 2.465 ± 0.701 1.991 ± 0.045
H 0.930 0.946 0.933 0.920 0.934 0.942

SK (1/h) 0.257 0.367 0.382 0.175 0.229 0.275
LZ 0.164 0.257 0.0164 0.073 0.144 0.181

EMM
λ 0.561 ± 0.028 0.345 ± 0.022 0.011 ± 0.006 0.220 ± 0.016 0.203 ± 0.018 0.339 ± 0.016

Dc 0.984 ± 0.071 1.531 ± 0.359 2.156 ± 0.006 1.923 ± 0.781 2.691 ± 0.683 1.986 ± 0.071
H 0.914 0.969 0.933 0.916 0.935 0.942

SK (1/h) 0.247 0.360 0.333 0.182 0.180 0.278
LZ 0.117 0.382 0.0084 0.080 0.111 0.176

EMN
λ 0.727 ± 0.031 0.242 ± 0.020 0.026 ± 0.007 0.184 ± 0.015 0.060 ± 0.011 0.328 ± 0.016

Dc 0.978 ± 0.049 1.421 ± 0.262 2.053 ± 0.019 1.626 ± 0.813 2.752 ± 0.629 1.997 ± 0.073
H 0.934 0.947 0.933 0.921 0.908 0.941

SK (1/h) 0.409 0.385 0.333 0.172 0.148 0.283
LZ 0.205 0.312 0.018 0.062 0.086 0.182

EMO
λ 0.540 ± 0.027 0.332 ± 0.022 0.015 ± 0.006 0.222 ± 0.016 0.256 ± 0.020 0.347 ± 0.016

Dc 0.973 ± 0.059 1.354 ± 0.225 2.095 ± 0.075 1.821 ± 0.708 2.499 ± 0.598 2.019 ± 0.077
H 0.940 0.920 0.933 0.918 0.936 0.941

SK (1/h) 0.388 0.400 0.329 0.180 0.205 0.283
LZ 0.183 0.326 0.012 0.069 0.126 0.182
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Table 2. Cont.

Parameters
Station PM10 (µg/m3) PM2.5 (µg/m3) CO (ppm) Temperature (◦C) HR (%) WV (m/s)

EMS
λ 0.747 ± 0.032 0.257 ± 0.020 0.021 ± 0.007 0.194 ± 0.015 0.104 ± 0.14 0.349 ± 0.016

Dc 0.940 ± 0.028 1.232 ± 0.118 1.883 ± 0.194 1.662 ± 0.810 2.770 ± 0.701 2.005 ± 0.050
H 0.930 0.964 0.933 0.919 0.930 0.942

SK (1/h) 0.280 0.346 0.404 0.168 0.149 0.290
LZ 0.204 0.252 0.012 0.068 0.085 0.182

EMV
λ 0.574 ± 0.030 0.241 ± 0.021 0.580 ± 0.077 0.161 ± 0.014 0.714 ± 0.048 0.080 ± 0.013

Dc 0.945 ± 0.017 1.432 ± 0.216 2.127 ± 0.110 1.559 ± 0.761 2.704 ± 0.036 1.939 ± 0.078
H 0.930 0.938 0.933 0.920 0.934 0.940

SK (1/h) 0.252 0.415 0.285 0.153 0.100 0.351
LZ 0.175 0.337 0.0014 0.054 0.027 0.165

Using Equation (6), a relationship is established between CK and the height of the
different monitoring stations of meteorological and pollutant variables and, in addition, of
the measurement periods (2010–2013 [1,2,4], 2017–2020 [1,2,4], 2019–2022), which appears
in Table 3; the summary (Table 4) is plotted (columns 1, 2, 3 and 4) in Figure 4. Table 3 also
shows a downward trend in the percentage of variation when comparing it between the
periods 2017–2020 and 2019–2022, which indicates the effect of the 2019–2022 confinement
on CK in proximity to the ground.

Table 3. Percentage variations of the CK.

h (masl) 2010–2013 2017–2020 2019–2022 % Variation % Variation % Variation

CK1 (Series 1) CK2 (Series 2) CK3 (Series 3) 1-CK2/CK1 1-CK3/CK1 1-CK3/CK2

784 (EML) 0.865 0.814 0.675 6.0 22.0 17.1
709 (EMM) 0.937 0.857 0.680 8.5 27.4 21.0
698 (EMS) 0.936 0.734 0.589 22.0 37.0 20.0
570 (EMN) 0.824 0.774 0.535 6.1 35.0 31.0
485 (EMV) 0.834 0.815 0.635 2.3 26.0 24.0
469 (EMO) 0.989 0.609 0.598 38.0 40.0 2.0

Table 4. The CK results appear according to commune, height and period.

2010–2013 2017–2020 2019–2022

Station h (m) Series 1 Series 2 Series 3

EML (La
Florida) 784 0.865 0.814 0.675

EMM (Las
Condes) 709 0.937 0.857 0.680

EMV (Quilicura) 485 0.834 0.815 0.635
EMN (Santiago) 570 0.824 0.774 0.535
EMS (Puente
Alto) 698 0.936 0.734 0.589

EMO (Pudahuel) 469 0.989 0.609 0.598
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Figure 4. Shows the CK curves which decrease as time evolves towards the most current period
(2019–2022). Series 1: 2010–2013, Series 2: 2017–2020, Series 3: 2019–2022. On the other hand, the gaps
between curves, according to periods, increase.

Table 4 presents the relevant data from Table 3, which are plotted in Figure 4.
Figure 4 presents the distribution of CK by commune, height and according to the

three study periods 2010–2013 [1,2,4], 2017–2020 [1,2,4] and 2019–2022. Figure 4 shows that
the CK variable, a quotient between the entropies of the meteorological variables and the
entropies of the pollutants, has evolved towards the present, maintaining and increasing
the trend of deterioration of urban meteorology due to pollutants.

An important calculation is provided by the loss of information (<∆I>) of pollutants
and meteorological variables (Table 5) since it shows which system loses information faster
and is becoming more chaotic. It also points out the persistence of contamination, since
by incorporating the measurements of the confinement of the population (SARS-CoV-2
pandemic) and which are part of the 2019–2022 period, the loss of information from both
systems (contaminant and meteorological variables) tends to a lower range of values (in
absolute value) compared to the periods 2010–2013 and 2017–2020. What is new about
the analysis of the recorded data is that in the 2019–2022 period, the loss of information
on pollutants slows down and is comparable (at least in 4 out of 5 communes) with the
2017–2020 period, and is a manifestation of forced mitigation by confinement. Now, the
urban meteorology, aggravated by a 30-year drought, would have a delay in recovering
compared to previous measurement periods.

Table 5. <∆I> (bits/h) = loss information as the sum of the contribution of each P (pollutants: PM10,
PM2.5, CO) and sum of contribution of each MV (meteorological variables: T, WV, RH).

Stations EML EMM EMN EMO EMS EMV

Periods <∆I>P; <∆I>MV <∆I>P; <∆I>MV <∆I>P; <∆I>MV <∆I>P; <∆I>MV <∆I>P; <∆I>MV <∆I>P; <∆I>MV

2010–2013 −5.341; −6.079 −5.039; −6.859 −4.537; −6.357 −3.271; −6.633 −4.656; −6.955 −3.825; −6.899
2017–2020 −2.694; −4.000 −3.355; −3.957 −3.142; −4.092 −3.083; −3.980 −3.010; −4.066 −2.827; −3.820
2019–2022 −3.278; −2.232 −3.046; −2.531 −3.305; −1.900 −2.946; −2.741 −3.405; −2.149 −4.634; −3.172

Table 6 presents the temperature and relative humidity averages according to the
different heights of each commune for the three periods of this study. Table 6 highlights
the effect of the confinement of the population due to the SARS-CoV-2 pandemic (2020
until the beginning of 2022), since it led to the slight average drop in temperature and an
improvement (rise) in relative humidity.
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Table 6. Average total temperature and relative humidity by commune and periods.

EML EMM EMV EMN EMS EMO Average by Commune

2010–2013
T (◦C) 15.4 15.86 15.80 15.34 14.70 16.80 15.65

RH (%) 58.20 58.13 57.34 60.22 60.07 57.52 58.58
2017–2020

T (◦C) 16.12 15.57 16.85 16.17 15.53 16.78 16.17
RH (%) 55.31 55.00 58.95 57.31 56.07 59.22 56.98

2019–2022
T (◦C) 16.10 14.70 15.50 16.05 15.42 15.31 15.51

RH (%) 56.20 57.83 61.20 60.84 56.96 61.32 59.10

Table 7 makes it possible to compare, between measurement periods, the persistence
(H = Hurst exponent) of the time series of both the polluting system and the urban me-
teorological system. H is the ability to influence the future, which declines in the period
2019–2022, which coincides with the confinement of the population due to the effect of the
SARS-CoV-2 pandemic. However, there is an increase, in various communes, of chaoticity
as shown by the fractal dimension (D).

Table 7. Presents all the values of the Hurst exponent (H) and the fractal dimension (D), for all
the variables of interest, the study communes and the three periods (2010–2013, 2017–2020 and
2019–2022).

PM10 PM2.5 CO T HR WV

EML 2010–2013
H 0.967 0.973 0.959 0.989 0.991 0.976
D 1.033 1.027 1.041 1.011 1.009 1.024

2017–2020
H 0.922 0.963 0.933 0.915 0.942 0.975
D 1.078 1.037 1.067 1.085 1.058 1.025

2019–2022
H 0.928 0.946 0.933 0.920 0.934 0.942
D 1.072 1.054 1.067 1.080 1.066 1.058

EMM 2010–2013
H 0.972 0.977 0.981 0.991 0.990 0.980
D 1.028 1.023 1.019 1.009 1.010 1.02

2017–2020
H 0.906 0.983 0.933 0.917 0.941 0.976
D 1.094 1.017 1.067 1.083 1.059 1.024

2019–2022
H 0.914 0.969 0.933 0.916 0.935 0.942
D 1.086 1.031 1.067 1.084 1.065 1.058

EMN 2010–2013
H 0.972 0.974 0.953 0.989 0.991 0.968
D 1.028 1.026 1.047 1.011 1.009 1.032

2017–2020
H 0.929 0.960 0.933 0.916 0.942 0.973
D 1.071 1.040 1.067 1.084 1.058 1.027

2019–2022
H 0.934 0.947 0.933 0.921 0.908 0.941
D 1.066 1.053 1.067 1.079 1.092 1.059
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Table 7. Cont.

PM10 PM2.5 CO T HR WV

EMO 2010–2013
H 0.965 0.955 0.937 0.992 0.989 0.968
D 1.035 1.045 1.063 1.008 1.011 1.032

2017–2020
H 0.936 0.925 0.933 0.919 0.942 0.974
D 1.064 1.075 1.067 1.081 1.058 1.026

2019–2022
H 0.938 0.915 0.933 0.918 0.936 0.941
D 1.062 1.085 1.067 1.082 1.064 1.059

EMS 2010–2013
H 0.969 0.973 0.953 0.990 0.992 0.957
D 1.031 1.027 1.047 1.010 1.008 1.043

2017–2020
H 0.921 0.975 0.933 0.915 0.942 0.976
D 1.079 1.025 1.067 1.085 1.058 1.024

2019–2022
H 0.930 0.964 0.933 0.919 0.927 0.942
D 1.070 1.036 1.067 1.081 1.073 1.058

EMV 2010–2013
H 0.967 0.970 0.952 0.989 0.989 0.956
D 1.033 1.03 1.048 1.011 1.011 1.044

2017–2020
H 0.931 0.966 0.933 0.919 0.942 0.975
D 1.069 1.034 1.067 1.081 1.058 1.025

2019–2022
H 0.930 0.938 0.933 0.920 0.934 0.940
D 1.070 1.062 1.067 1.080 1.066 1.060

From the perspective of localized measurements carried out in a geographical basin
and applying the Clausius equation [42] δS = δQ/T, to estimate the entropic fluxes between
meteorological and polluting variables, the following is obtained:

∆ =

(
δQ
dt

)
P
−
(
δQ
dt

)
MV

=

(
T
δSP

dt

)
P
−
(

T
δSMV

dt

)
MV

(7)

and the results are presented in Table 8 using the calculated values of the sum of entropies
of the pollutants, the sum of the entropies of the meteorological variables and the average
temperature of the period 2019–2022 of each commune from Tables 2 and 6, respectively.

Table 8. The product between the average temperature of each commune for the measurement
period 2019–2022 and the difference in entropic flow of pollutants and urban meteorology, for which
Equation (7) was applied. The last row are average values.

h (masl) T (◦C) SK,P (1/h) SK,MV (1/h) (δQ/dt)P (K/h) (δQ/dt)MV (K/h) ∆ (K/h)

784 (EML) 16.10 1.006 0.679 280.9855 196.4007 84.5848
709 (EMM) 14.70 0.940 0.640 270.5790 184.2240 86.3550
698 (EMV) 15.50 0.952 0.604 274.7948 174.3446 100.4502
520 (EMN) 16.05 1.127 0.603 325.9284 174.3876 151.5408
485 (EMS) 15.42 1.030 0.607 297.2271 175.1620 122.0651
469 (EMO) 15.31 1.117 0.668 322.2098 192.6913 129.5185

15.51 295.2874 182.8684 112.4190

Table 9 allows for comparing ∆ for the three periods, showing that the trend of
higher flows at low altitudes is maintained (periods 2017–2020 and 2019–2022 compared to
2010–2013). Table 9 also shows that the greatest entropic flux comes from pollutants. As
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noted earlier, this is related to the usual thermodynamic entropy, which is a measure of
the disorder of a system, since it measures the expansion of nearby trajectories into new
regions of state space. However, unlike thermodynamic entropy, K-S entropy has inverse
unit time and is a measure of the average rate at which predictability is lost.

Table 9. Height according to measurement locations, periods and difference in entropic fluxes
between pollutants and urban meteorology.

2010–2013 2017–2020 2019–2022

h (m) ∆ (Series 1) ∆ (Series 2) ∆ (Series 3)

784 60.02 84.7561 84.5848
709 28.00 58.0327 86.3550
698 66.10 65.5400 100.4502
520 78.00 96.6329 151.5408
485 25.33 130.4833 122.0651
469 3.80 184.6982 129.5185

Figure 5 allows us to observe the behavior of the entropic flow curves according
to the three measurement periods, locations and heights. However, it also shows, in
some communes at lower altitudes, the effect of the decline in human activity and pol-
lution (2019 beginning of 2022, Series 3 (between 450–500 m above sea level)) due to the
SARS-CoV-2 pandemic.
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An approximate modeling, which depends essentially on the height, for Series 1 [4],
Series 2 [4] of the CK quotient, is shown in Equations (8)–(10):

2010–2013 (Series 1, Table 4), produces Figure 6:

CK(h) =
SK,MV

SK,P
= 0.8 + 3.5∗e−6(h−0.2)∗ sin(3.5 ∗ (2∗h− 0.2)/6) (8)

2017–2020 (Series 2, Table 4), produces Figure 6:

CK(h) =
SK,MV

SK,P
= 0.75− 1.5∗e−6(h−0.2)∗ sin(3.5 ∗ (2.2∗h− 0.2)) (9)
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and 2019–2022 (Series 3, Table 4), produces Figure 7:

CK(h) =
SK,MV

SK,P
= 0.65− 0.33∗e−6(h−0.356)∗ sin(12.5 ∗ (h− 0.3)) (10)
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Figure 6. Approximate modeling of the CK entropy ratio according to the study periods. Compara-
tively with the period 2010–2013 (Series 1), the period 2017–2020 (Series 2) had a strong increase in
densification and high-rise construction. Series 3 and 4 are the experimental data from the periods
2010–2013 and 2017–2020, respectively [4].
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Figure 7. Approximate modeling of the CK entropy ratio according to the study periods, Series 1.
Series 2 are the experimental data from the periods 2019–2022.

4. Discussion

There are various records of the effect of other pollutants, aerosols and greenhouse
gas emissions, which affect urban thermal dynamics.

Following [43], the urban heat island intensity (UHII) is the temperature difference
between urban areas and their rural surroundings. It is usually attributed to changes in
the underlying surface structure caused by urbanization. Air pollution caused by aerosol
particles can affect the UHII by changing (i) the energy balance of the surface by the radiative
effect of the aerosol (ARE) and (ii) the stability of the planetary boundary layer (PBL) and
the intensity of the airflow by modifying the thermodynamic structure, which is called
the aerosol dynamic effect (ADE). By examining satellite data and ground observations
compiled between 2001 and 2010 in 35 cities in China and using the WRF-Chem model, [43]
found that the impact of aerosols on UHII differs widely: it reduces UHII in summer,
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but increases the UHII in winter. These discoveries present new insights into the impact
of the interaction between urbanization-induced surface changes and air pollution on
urban climate.

In [44], they used a remote sensing thermal imagery time series and in situ measure-
ments (stationary and mobile) combined with select geospatial predictor variables to model
this atmospheric phenomenon in its most intensive season (summer). The data analysis
indicated that climate change preventive actions in urban systems are urgently needed to
mitigate high levels of heat stress and ensure a quality living environment for all social
groups of citizens. The predictions, from locations that have several urban green areas
and a large body of water, are not optimistic. Climate change and the UHI (urban thermal
island) phenomenon are linked through a two-way interaction. First, global warming
will increase UHI intensity in urban systems. Second, cooling strategies to reduce UHI
intensity can help communities adapt to the impact of climate change, while also lowering
the greenhouse gas emissions that cause climate change [45]

In the study [46], the results showed that the accumulated patients (2020–2022) regard-
ing the SARS-CoV-2 pandemic, of the order of 400,000, belonged to the five communes
(with a built area of approximately 300,000 m2 in recent years) that had the highest urban
densification, which affected urban meteorology, favored the concentration of pollutants
and made the SARS-CoV-2 pandemic more persistent. The “ideal” density of built housing
should balance a pandemic and nullify its expansion.

Considering the results of the 2019–2022 measurements, the quotient between the
entropies of urban meteorology and the entropies of pollutants, CK, is very sensitive to
the effect of pollution on meteorology. As shown in Figure 4, the influence of pollutants
on urban meteorology causes a significant evolutionary decay of CK for all communes (6)
at the different heights studied (Table 4). The gap between curves maintains its tendency
to separate.

Table 5 shows that the variable meteorological system in the 2010–2013 period loses
less information, making it more predictable with respect to the polluting system. It should
be considered that this period is at the beginning of the process of urban densification.
Once this trend is consolidated, the period 2017–2020 shows an increase in the speed of the
loss of information from urban meteorology regarding pollutants, that is, it is becoming
more chaotic. Finally, the period 2019–2020 shows a hegemony of the polluting system over
the urban meteorological system. The polluting system has become slower in the loss of
information, increasing its predictability. That is, the polluting system is more homogeneous
and hegemonic with respect to urban meteorology, a condition that is related to the growing
urban densification with high-rise buildings and changes in soil roughness [47–52]. In
the geographical basin studied, a large part of the natural tributaries, which facilitated
the creation of thermal gradients and wind flows at the micrometeorological level, were
channeled by means of concrete slabs and concrete tubes [53].

The period 2019–2022 corresponds to a strong contraction of human activity in Santiago
de Chile due to the global pandemic of SARS-CoV-2 (confinement of people, reduction
of vehicular traffic, people worked through the internet (on everything in education),
etc.), which could be interpreted as a form of involuntary mitigation with, even, a certain
irruption of wildlife in deserted cities [54,55]. This phenomenon is reflected in the total
average values of temperature and relative humidity that trended downward (Table 6).
However, despite the reduction of the polluting disturbance on the atmosphere during
a period of almost two years (2020–2021), the atmospheric layer adjacent to the soil did
not manifest resilience and returned to the initial condition, in the short term; Table 9 and
Figure 5 show the entropic flows.

The damage to the atmosphere is very severe and the asymptotic decay of CK due
to the influence of pollutants in the period 2019–2022, Figures 4 and 5, shows an increase
in the gap of the curve of that period with respect to the curves of the periods 2010–2013
and 2017–2020. This also indicates that in Chile mitigation actions are still very incipient
and the pandemic was a way of putting them to the test. Table A1 presents a summary of
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mitigation measures applied in Chile. Table 7 shows that the persistence (H) [40,41], the
ability to influence the future, of urban meteorology for the period 2019–2022 decreased
when compared to the period 2010–2013 and its fractality [40,41] increased. A similar
process was experienced by pollutants due to the decrease in human activities caused
by the pandemic. Both systems, pollutant and urban meteorology, increased their fractal
dimension and their chaoticity (2019–2022).

Various studies have been carried out using time series measurements of urban mete-
orology and pollution. From a historical perspective, [56] uses chaos theory to show the
strong incidence of initial conditions in the prediction of the evolution of contamination
events. In the most current article [57], an APS (air pollution scatterer) is defined as a
city with a high indirect impact (CHSI) of air pollution and an entropy transfer network
is proposed to investigate the APS from a perspective analysis of multiple time scales.
However, the procedure of linking the entropies of the time series of pollutants with the
entropies of the time series of urban meteorology to describe the dominance of one over
the other, with the respective decay curves, according to measurement periods and heights,
and with turbulence close to the ground, is not very common, which makes comparisons
difficult. There are other techniques, such as the thermal conduction equation (temperature
variation in time) and the Clausius equation (entropic flows) that lead to similar results
and can be used as a check, as already pointed out in [5].

As pointed out before, the calculation of the CK parameter uses localized geophysical
data (given that they correspond to a climatic and geographical environment, but also
pollutants, vegetation, human activity, urban densification, etc.). This parameter shows,
according to the mathematical technique used in the calculation of two of the variables
that constitute it (SK,MV, SK,P), the generation of an interactive zone between pollutants and
urban meteorology that, in a Cartesian spatial representation, acquires the shape of a layer
that is distributed according to variable heights, evolving differently in each of the three
measurement periods carried out in the study (Figure 8). In addition, in the three periods,
the parameter shows great variability at very low altitudes. The strength of the applied
procedure lies in the amount of data used (robustness), which gives a greater margin of
confidence to the trend presented by CK.
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Figure 8. The figure is a three-dimensional graphic representation of CK, general and approximate,
according to the variation with the height of the interactive zone between pollutants and urban
meteorology, which evolves differently according to the measurements of each of the three periods of
3.25 years (2010–2013, 2017–2020 and 2019–2022).

5. Conclusions

This research is carried out in a geographical basin and uses measurements from three
different periods (2010–2013, 2017–2020, 2019–2022) in the form of time series that contain
pollutant concentration data (PM10, PM2.5, CO) and urban meteorology (temperature,
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relative humidity and magnitude of wind speed). From the time series, it is shown that air
pollution, in areas with high urban densification, is characterized by: persistence over time,
irreversible process characteristics, low predictability, rapid loss of information (chaoticity)
and entropic flows growing, which negatively influences urban meteorology, especially
at low altitudes. By using the period of measurements from 2019 to the beginning of
2022, a period of confinement of the population and maximum reduction of industrial
activity (SARS-CoV-2 pandemic), it is verified that the time of presence of the mitigation
actions that may reduce the effects of pollution on the atmosphere (drop in temperature
and increase in relative humidity) must be extremely long. On the other hand, urban
densification, very active in the study periods 2010–2013 to 2017–2020, effectively increases
the temperature, lowers the relative humidity and intensifies atmospheric deterioration
due to pollution. The speed of loss of information from urban meteorology 2019–2022 is
greater, in all communes, compared to the previous periods 2010–2013 and 2017–2020, that
is, it is more chaotic despite the population confinement due to pandemic. This reveals
that urban weather requires a long time (on a human scale) to return to its initial condition,
which is also not ideal. As the loss of information from pollutants is slower, they become
more homogeneous, more predictable and denser, which can favor more extreme climatic
responses. From the perspective of a very approximate modeling, the parameter CK (SK,P,
SK.MV, h) reveals the extreme variability, at heights very close to the ground and according
to different measurement periods, of the urban thermal conditions (UTC). According to
CK, the UTCs are revealed as very sensitive to initial conditions (chaotic systems) and with
a Kolmogorov cascade behavior: a lot of turbulence close to the ground, which decays
with height.
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Appendix A

Table A1. Instructions with mitigation procedures and application areas. ADP = Atmospheric
Decontamination Plans; SPMSR = Sedimentary Particulate Material Sector Regulations;
AEIL19300 = Atmospheric emission inventories within the framework of Law 19300;
SSRGP = Specific Sectoral Regulations for gases and particles; APL = Clean Production Agreements;
VR = Vehicular restriction; COC = Cessation of Operation of Companies; MMA = Ministry of Envi-
ronment; MGAP = Ministry of Livestock, Agriculture and Fisheries; MINSAL = Ministry of Health;
MINECON = Ministry of Economy, Development and Tourism.

Instrument Pollutant Responsible Implementation

ADP PM10, PM2.5, gases like SOx MMA In all Chile
SPMSR PM30 MGAP Vallenar Province

AEIL19300 PM10, PM2.5, gases like SOx, NOx, CHO MMA, MINSAL, MGAP In all Chile

SSRGP PM10, PM2.5, gases like SOx, NOx, CHO MINSAL As primary regulation
throughout Chile

CPA Reducir GEI (Greenhouse effect gases) MINECON, MMA, MINSAL In all Chile
VR PM10, PM2.5, gases like SOx, NOx, CHO MINSAL In localities of Chile with PDA
CFE PM2.5, gases like SOx, NOx, CHO MINSAL In localities of Chile with PDA
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