ARTICLE https://nhsjs.com/

Revealing Regional Disparities: How Fractals Uncover Global Warm-
ing’s Varied Impact

Sarah K. Zhang

Received March 10, 2024
Accepted April 01, 2024
Electronic access April 15, 2024

In recent years, global warming has become a crisis that affects every region and community. Although often perceived as
a universal problem, its impacts vary extensively. The 2015 Paris Agreement acknowledged this reality. This study aims to
comprehensively explore the topography and chronology of global warming through fractal geometry. By comparing historical
temperature data globally, significant variation in warming rates was demonstrated — from 0.002°C/year in Antarctica to
0.033°Clyear in the Arctic. In the US, this range extended from 0.002°C/year in the Midwest to 0.016°C/year on the East Coast.
Both the global and domestic variations are linked to uneven atmospheric CO, distribution. Rescaled range analysis, a fractal
geometry-based method, yielded Hurst exponent ranging from 0.69 to 0.82, reinforcing the ongoing trend of global warming.
Temporal analysis of global warming indicated a 0.98°C cooling in Europe in the century preceding industrialization, consistent
with the Little Ice Age theory, which subsequently transitioned to a 2.6°C warming in the century following industrialization. No
evidence was found to support the “global warming hiatus”, which some scientists have invoked to contest the reality of global
warming. Interestingly, even the 5.6% CO; emission drop during the 2019 COVID-19 lockdown failed to decelerate the rise
in atmospheric CO; levels and the global warming rate. Overall, this study advocates for a transition from a one-size-fits-all
approach to a more nuanced, “global fractal” strategy in tackling global warming. It calls for a more decentralized and sustainable

decarbonization effort and underscores the importance of addressing climate inequality through fair and inclusive policies.
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Introduction

Climate change refers to the long-term shifts in weather patterns,
including temperature, rainfall, and extreme weather events 2,
Central to climate change is global warming, the constant in-
crease in Earth’s average surface temperature. This complex
phenomenon is largely attributed to human activities, such as
the rise in greenhouse gas emissions from fossil fuels. These
gases trap heat in the atmosphere, leading to higher atmospheric

temperatures™.

Although global warming affects the entire planet, the severity
of its impact varies across different regions. Understanding these
spatial and temporal differences is essential in creating effective
and fair climate policies. However, most research has focused
on global impacts, with less attention to regional variations>.

The 2015 Paris Agreement acknowledged this significant
variation in global warming. This study aims to comprehen-
sively explore the topography and chronology of global warm-
ing through fractal geometry. Fractal Geometry, a mathematical
field studying patterns that repeat at different scales, is very
useful in climate science'’. It helps analyze the non-linear and
irregular nature of climate data. One key method in this field is
rescaled range analysis or Hurst Exponent analysis. It is used

in various areas, like hydrology and finance, to identify long-
term trends in time series data. A Hurst exponent above 0.5
suggests a continuing trend, while one below 0.5 indicates a
likely reversal®®.

In this study, fractal methods were used to examine global
warming, analyzing temperature and CO; level trends since the
pre-industrial era. This approach allows for a more detailed
understanding of global warming and guides the development
of more targeted climate change strategies.

Methodology

Data Collection

I gathered archived temperature data, including monthly mean
maximum, mean minimum, and average temperatures, from the
Global Summary of the Month (GSOM) Version 1 at the Na-
tional Centers for Environmental Information (NCEI) database.
This data helped analyze global warming’s spatial distribution,
utilizing the database’s map tool to compare meteorological
stations across various latitudes and longitudes. Most data series
were complete, but the Mawson station in Antarctica had some
gaps. To address this, data from the same month in the previous
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year were used for continuity in my analysis.

For atmospheric CO, concentration, I utilized data from the
Global Monitoring Laboratory of the National Oceanic and
Atmospheric Administration (GML, NOAA). Global CO, emis-
sion figures were sourced from Our World In Data’s GitHub
page. To depict atmospheric CO; distribution, I utilized satel-
lite images from the Orbiting Carbon Observatory-2 (OCO-2)
at NASA Jet Propulsion Laboratory, obtained from the Envi-
ronmental System Research Institute (ESRI). Lastly, U.S. de-
mographic data was obtained from the United States Census
Bureau.

Deseasonalization

Because the monthly average temperature time series showed
annual seasonal cycle, they were deseasonalized using a centered
moving average method as described below. In any temperature
data time series in this study, each datapoint is the monthly
average or mean maximum temperature of a certain month (i)
and denoted as T;.

1. First, a moving average (MA) for each 7; was calculated

as:
5

1
MAOf T;=— Y (Tiy))
12 &

2. Next, a centered moving average (CMA) for each T; is
calculated as:

1
CMA of T; = E[MAofTi—&—MA of Ti41]

3. Then, each T; was divided by its centered moving average
to calculate a ratio R;.

4. All R; for the same month in every year of the entire time
series were averaged. This step will generate an average
ratio for each of the 12 months in a year. This 12-ratio
series repeats every 12 months for the entire series.

5. Next, each ratio generated in step 4 will be adjusted by
multiplying by 12 and dividing by the sum of these 12
ratios in a year.

6. Lastly, each 7; is divided by the deseasonalization factor
calculated in step 5 to generate deseasonalized T;.

Rescaled Range Analysis

Rescaled Range Analysis (R/S analysis) was used to study the
fractal characteristics of the deseasonalized monthly tempera-
ture time series. This was done in Microsoft Excel using the
following steps:

1. For any time-series, the last 1024 (2!°) datapoints (equiv-
alent to 85.33 years) tracing back from the present time
were selected and serially divided into 2" (n = 2 — 8) equal-
length subseries. Thus, each subseries contained 21017 data
points.

2. The means of each subseries were calculated and subtracted
from each datapoint to get a mean-adjusted subseries.

3. The cumulative deviation for each datapoint in the corre-
sponding subseries was calculated.

4. Next, the range of cumulative deviation for each subseries
was calculated by finding the difference between the mini-
mal and the maximum cumulative deviation for each sub-
series.

5. The standard deviation of each subseries was calculated.

6. Then the subseries cumulative deviation range was rescaled
by dividing it with its standard deviation.

7. The rescaled range of cumulative deviation from all sub-
series with the same subseries length were averaged.

The log, transformed average rescaled ranges were plotted
against the log, transformed subseries length. A linear relation-
ship in this double-log plot is indicative of a fractal pattern in
this range. A simple linear regression was used to fit the Log-
Log plot and get the p value and the slope which is the Hurst
exponent. The Hurst exponent falls in the range of 0 to 1. If
H > 0.5, it indicates that the time series has long-term positive
autocorrelation, meaning that a high value is more likely to oc-
cur after a high value. If H < 0.5, it indicates the time series
has long-term negative autocorrelation (i.e., mean-reverting),
meaning a low value is likely to follow a high value, or vice
versa. If H = 0.5, it means the time series is random walking
and has no long-term persistence.

Statistics

To analyze temperature trends, I conducted simple linear re-
gression in Microsoft Excel and GraphPad Prism (version 10),
focusing on the slope of deseasonalized monthly temperature
time series to determine the average rate of temperature change.
Additionally, I computed the first-degree derivative of these
series to assess the instantaneous rate of temperature change.

For long-term trend analysis, I calculated the Hurst exponent
by analyzing the linear relationship between log;-transformed
rescaled range and subseries length using simple linear regres-
sion in a double-log plot, where the slope represents the Hurst
exponent.

In all analyses, a p-value less than 0.05 was considered statis-
tically significant.
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Results

Rescaled Range Analysis Revealed a Strong Positive Auto-
correlation in Temperature Increase

The temperature change in the last 150 years at Central Park
Manhattan, the most populated area in the US, was first analyzed.
The monthly average temperature exhibited an annual seasonal
cycle, with a central line showing a slow upward shift (Figure
1A). When these data were used for R/S analysis, no linear
relationship was observed between the rescaled range versus
subseries length in the double-log plot (Figure 1B), indicating
that these data were not suitable for R/S analysis.

It was hypothesized that the annual seasonal cycle might
cause multifractality and render the data unsuitable for R/S
analysis. Therefore, I applied deseasonalization adjustment to
these data using the central moving average method, which
made the trend of upward shift more easily noticeable (Figure
1C). A simple linear regression yielded a slope of 0.001349
(p < 0.0001, 2 = 0.15), equivalent to a 0.016°C/year warming
rate. R/S analysis using the deseasonalized data exhibited a
linear relationship between rescaled range and subseries length
in the double-log plot, consistent with a fractal pattern (Figure
1D). The Hurst exponent, which is the slope of the fitted line,
was 0.67 (p < 0.0001), indicating a positive autocorrelation and
confirming the warming is a positive autocorrelation. These
results highlighted the importance of deseasonalization in the
fractal analysis of any time series data with seasonality.

The Spatial Heterogeneity of Global Warming and North-
ward Polarization of Atmospheric CO;

The distribution of factors influencing climate change, such as
atmospheric CO; levels, is not uniform globally. A notable
example is the higher concentration of CO; in the Northern
Hemisphere compared to the Southern Hemisphere, as shown in
Figures 2A and 2B. This disparity is mainly due to the Northern
Hemisphere’s greater landmass and higher number of industrial-
ized countries and urban areas, leading to higher CO, emissions.
Additionally, the Northern Hemisphere has more vegetation,
which absorbs more CO; during the summer, resulting in more
pronounced seasonal CO, fluctuations.

To assess how this northward skew of atmospheric CO, af-
fects global warming, temperature changes at Nome, Alaska in
the Arctic, and the Mawson Station in Antarctica were analyzed
and compared. Before removing seasonal effects, both locations
displayed typical annual temperature cycles, albeit with a six-
month phase difference (Figure 2C). The Arctic region exhibited
a higher baseline temperature and greater oscillation range. The
median temperature of the Arctic time series indicated a signifi-
cant upward shift, contrasting to the nearly imperceptible shift
in Antarctica.

Post-deseasonalization, linear regression analysis of the Arc-
tic data revealed a slope of 0.0028 (p < 0.0001), corresponding
to a warming rate of 0.033 °C/year. In contrast, Antarctica’s
slope was just 0.00016 (p = 0.77), equating to a warming rate
of 0.002 °Cl/year (Figure 2D). Rescaled range (R/S) analysis
yielded a Hurst exponent of 0.75 for the Arctic and 0.66 for
Antarctica, indicating a stronger warming trend in the Arctic
(Figure 2E). These results underscore significant spatial het-
erogeneity in global warming, with the Arctic experiencing a
warming rate approximately 16 times faster than Antarctica.

The Heterogeneity of Global Warming in US

How atmospheric CO; levels vary locally and affect micro-
climates were also analyzed. For instance, NASA’s satellite
imagery revealed higher CO; concentrations on the East and
West Coasts of the U.S. compared to the Midwest (Figure 3A).
This difference is attributable to factors like different population
densities and levels of industrialization. To explore how this
uneven CO; distribution correlates with microclimate changes,
I compared century-long temperature records (1930-present) of
Wheatland, Wyoming, and Central Park, Manhattan. Before
removing seasonal variations, both locations exhibited similar
annual temperature cycles (Figure 3B). However, after desea-
sonalization, Wheatland showed a ~6x slower annual warming
rate (0.0027°Cl/year, p = 0.4395) compared to Central Park’s
(0.0162°Cl/year, p < 0.0001 Figure 3C,D).

Many factors can influence microclimates, such as topog-
raphy, altitude, proximity to water bodies, vegetations, urban
heat island (UHI) effect. Although downtown Manhattan has a
significantly higher population density, the amount of vegeta-
tion, building density, and surface albedo within Central Park
are more similar to those in Wheatland Wyoming. Therefore,
the UHI effect is significantly reduced within Central Park and
is less likely to be the sole contributing factor to the 6x faster
warming rate. Additionally, while Wheatland Wyoming is land-
locked, the Central Park is much closer to large water bodies
which could moderate temperature variations. On the other
hand, despite sharing similar latitudes, Wheatland has a much
lower population density (326/km? vs. 28,830/km?) and much
higher elevation (1,448 m vs. 81 m), which could contribute to
its much slower warming rate.

The Temporal Variation of Global Warming

Many factors influencing climate change exhibit significant
chronological evolution. Notably, the global atmospheric CO,
levels were relatively low until the 19th century, when they
began rising exponentially following the Industrial Revolution
(Figure 4A). To understand how global warming has varied
over time, I analyzed historical temperature data from Milan,
Italy, dating back to 1763. This analysis differentiated the trend
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Fig. 1 Analysis of Temperature Trends in Central Park, Manhattan Over 150 Years. A. Central Park’s monthly average temperature shows an
upward-shifting trend within its annual cycle. B. Rescaled ranged analysis using non-deseasonalized data reveals no linear relationship. C.
Post-deseasonalization, linear regression indicates a warming rate of 0.016°C/year (slope: 0.0013, p < 0.0001). D. Rescaled range analysis of
deseasonalized data displays a linear pattern with a Hurst exponent of 0.67, suggesting the fractal nature and long-term positive autocorrelation

in this time series.

of temperature change in pre- and post-Industrial Revolution
periods.

Interestingly, the data indicated a period of temperature de-
crease in Milan before industrialization (Figure 4B). A linear
regression showed a cooling rate of -0.010 °C/year (p<0.0001)
from 1763 to 1862. Rescaled range analysis yielded a Hurst
exponent of 0.72 for this period (Figure 4D, blue line), con-
firming a persistent cooling trend during this time. This finding
aligns with the Little Ice Age (LIA) hypothesis, characterized
by cooler temperatures in Europe, North America, and parts of
Asia from the 1300s to mid-1800s.

However, this cooling trend reversed to a warming trend post-
Industrial Revolution. Linear regression identified a warming
rate of 0.026 °C/year (p<0.0001) from 1863 onwards (Figure
4C), with a Hurst exponent of 0.82, indicating strong and per-
sistent global warming (Figure 4D, red line). Furthermore, the
analysis revealed an acceleration in warming since the 21st
century, as evidenced by the rising tails in Figure 4C. This con-
tradicts claims of a “Global warming hiatus” and underscores
the significant impact of industrialization on the chronological
variation of global warming.

Interestingly, the monthly average temperature for each month

in a year showed no noticeable change in the pre-industrial era
(Figure 4E left, 1763 vs. 1849), but was higher for each month
in the post-industrial era (Figure 4E right, 1923 vs. 2006). The
temperature increases are more severe from April to September.

The effect of the COVID-19 pandemic on global atmospheric
CO; level and Global Warming

The impact of COVID-19 pandemic global lockdowns on global
warming was specifically examined. In 2019, global CO; emis-
sions fell by about 5.6% due to lockdowns'". Despite this, there
was no noticeable change in the increasing trend of atmospheric
CO3, levels (Figure 4A). This reduction did not affect the rate of
change in global warming either, as seen in the first derivative
of the deseasonalized monthly average temperature time series.
These findings suggest that reducing emissions alone is not suf-
ficient to slow down global warming. A more persistent and
intensive approach to decarbonization is necessary. We need to
aim for more than just emission cuts to control global warming
within the target of 1.5 °C above pre-industrial levels.
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Fig. 2 Global Warming’s Spatial Heterogeneity and Atmospheric CO, Polarization. A. NOAA data showing increasing atmospheric CO; levels
from 2008-2018, higher and more seasonally variable in the Northern Hemisphere. B. Satellite imagery depicts northward polarization of CO,
from fossil fuels in November 2012. C. Comparing Nome, Alaska, and Mawson Station, Antarctica. The Arctic regions show higher baseline
temperatures and a more noticeable upward shift. D. Deseasonalized data shows the Arctic’s higher and faster warming rate (0.033°C/year)
compared to Antarctica (0.002°C/year). E. Rescaled range analysis indicates a stronger warming trend in the Arctic (Hurst exponent: 0.72)

versus Antarctica (0.65).

Discussion

Since Eunice Newton Foote first explained the greenhouse effect

in 1856, there has been ongoing debate about global warming.

Today, while 97% of scientists agree on it, 20% of the public is
still skeptical, leading to political disagreements and inconsistent
policiesm. This study adds fresh insight to this topic using
fractal geometry. Originally developed by Harold Edwin Hurst
for forecasting the Nile River’s dry and draught period, Hurst
exponent analysis is an invaluable tool in identifying long-term
memory within time series data. It can detect both linear and
non-linear trends and is robust in non-stationary time series
and data with non-normal distribution. Because it is sensitive to
sample size, this study analyzed time series longer than a century
to ensure robustness. Unlike perfect mathematical fractals, real-
world fractal patterns only exist within certain ranges. By using
annual average temperature, Bodri et al. showed that global
temperatures have a fractal range of 10-10° years. This study,
using adjusted monthly temperatures, extends this range to as
short as four months.

Hurst exponent analysis has some limitations. Firstly, it as-
sumes the trend is intrinsic to the data and overlooks external fac-

tors. Many external factors can influence climate, such as solar
radiation, volcanic eruptions, the El nifio Southern Oscillation
(ENSO) etc. Although ENSO is primarily concentrated around
the Pacific Equator, it can impact climate globally. During the
El nifio phase, the warmer surface water in the Pacific Ocean
releases more heat into the atmosphere and amplifies global
warming. Concurrently, global warming can increase the inten-
sity and modify the frequency of ENSO1314, Although they
often act synergistically, global warming and ENSO are driven
by different mechanisms and operate on different time scales.
Global warming is mostly driven by anthropogenic GHGs emis-
sion, thus presenting a more continuous and long-lasting trend.
In contrast, ENSO usually occurs every 2-7 years and lasts 9-
12 months per cycle, therefore is relatively more episodic. It
would be interesting to delineate how the effect of ENSO super-
imposes on global warming using more sophisticated analysis
methods. For example, STL (Seasonal-Trend Decomposition
using Locally Estimated Scatterplot Smoothing) can provide
more detailed decomposition to detect more transient anoma-
lies such as ENSO. Wavelet analysis can also provide higher
resolution of transient signals in both time and frequency do-
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Fig. 3 Spatial Variations of Warming in the US. A Satellite imagery (October-November 2014) shows higher atmospheric CO; on the East and
West Coasts than the Midwest. B Seasonal temperature cycles at Central Park, Manhattan (red) and Wheatland, Wyoming (blue). Central Park
shows a higher and upward-shifting midline. C Post-deseasonalization, Central Park exhibits a faster warming rate (0.016 °C/year) compared to
Wheatland (0.002 °C/year). D Rescaled range analysis reveals similar Hurst exponents for both locations.

mains'>. However, Hurst exponent analysis is more tailored to
detect long-term trends with computational simplicity. More
importantly, it can provide a direct metric (Hurst exponent) for
a more intuitive cross-regional comparison. This makes it fit
the purpose of assessing heterogeneity better. Nevertheless, fu-
ture research using STL or wavelet analysis is of great interest
to elucidate the intricate interplay between ENSO and global
warming.

The results of this study align with most current literature.
According to the Sixth Annual Report (AR6) published by
IPCC in 2023, the current average global warming rate is
0.02°C/yearl. By applying a fractal approach, this study un-
covered a wide range of warming rates (0.002 to 0.033°C/year).
The Arctic is warming 16 times faster than Antarctica (0.033°
vs. 0.002°/year). Unlike ice-covered Antarctica, the Arctic is an
ocean with melting sea ice and significantly affects global sea
levels. A novelty of our study is the use of the Hurst exponent
to quantitatively gauge the strength of the warming trend in
different regions. These results showed the Hurst exponents
ranged from 0.66 to 0.82, suggesting a moderate to strong warm-
ing trend strength across the world. These findings challenge

the so-called “Global warming hiatus”, which claims that the
current global warming is only temporary.

The temporal dynamics of global warming were also studied.
Because the monthly average temperature records in Europe
can be traced back to as early as the 18th century, they provide
valuable information on how global warming evolved. A no-
table finding of this study was a 0.98°C temperature decrease in
Milan, Italy from 1763 to 1862 (p < 0.0001) with a Hurst expo-
nent of 0.72. This finding is consistent with the Little Ice Age
theory®. However, post-Industrial Revolution, Milan warmed
by 2.6°C from 1923 to the present (p < 0.001, H = 0.82). This
reinforces the current view that contemporary global warming
is most likely related to human population expansion and indus-
trialization rather than the intrinsic natural temperature cycle of
the Earth.

An additional interesting observation is that the 5.6% drop in
global CO; emissions during the 2019 COVID-19 lockdowns
had a minimal effect on the rising atmospheric CO; levels and
global warming 191718, Because of its long atmospheric lifetime
which spans from hundreds to thousands of years, CO, can
accumulate and exert a prolonged influence on atmospheric
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pre-industrialization (blue) and post-industrialization era (red). The Hurst exponents were 0.72 for the cooling trend in the pre-industrialization

era and 0.82 for the warming trend in the post-industrialization era.

temperature. Therefore, a temporary dip in CO; emissions is
unlikely to have a significant impact. This finding suggests that
simply reducing emissions might not be sufficient to curb the
current trajectory of global warming in the near term. More
effective and sustainable decarbonization strategies are needed
to achieve the Paris Agreement’s goal of limiting the temperature
rise within 1.5°C above the pre-industrial levels. Furthermore,
while CO; is the primary GHG and accounts for ~60% of
global warming, it has a relatively modest GWP (global warming

potential) value, estimated to be 1 over a century. In contrast,
methane, the second leading GHG which accounts for ~20%
of global warming, is >80 times more potent than CO; over
a 20-year span and >25 times more potent over a century-~,
Because of its much shorter atmospheric lifetime (~ 10 years),
methane can have a more immediate effect?!. Interestingly, the
2020 global lockdown coincided with an unexpected surge in
atmospheric methane levels, possibly due to increased emission
from wetlands and decreased nitrogen oxide emission“">2, This
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surge could amplify the global warming trend even with reduced
CO, emissions in 2020. Therefore, it is critically important
to address all GHGs holistically to combat global warming
effectively.

The regional and temporal disparities of global warming and
its impact bear important social and political implications. Since
the Intergovernmental Panel on Climate Change (IPCC) was
established in 1988, global efforts to combat climate change
have focused on the “global commons” approach. While this
has united countries in the fight, it fails to consider the uneven
impact in different regions, making it hard to reach a consensus.
The 2009 Copenhagen climate Summit’s inability to set a shared
greenhouse gas reduction goal illustrates this issue. Recently,
some scientists have suggested shifting from the “’global com-
mons” to a “global fractal” approach). This new paradigm
acknowledges the multi-faceted nature of global warming and
led to the more decentralized strategy of the 2015 Paris Agree-
ment. The Agreement moves away from equal collective action
and encourages countries to set unique goals suited to their
specific circumstances.

This study also underscores the importance of climate in-
equality and provides some actionable insights. For example,
the significantly faster warming rate in the Arctic calls for an
urgent redirection of funds and resources to protect the commu-
nities there and intensify research into this Arctic amplification
phenomenon. The six-time faster warming rate in NYC high-
lights the need for increased investment in public transportation
and solar panels to mitigate GHG emission and urban heat island
effect. Conversely, policies in the Midwest should be more tai-
lored towards agricultural adaptation to increase the resilience to
changing weather patterns. More importantly, areas with socio-
economic challenges may be significantly more vulnerable to
the adverse impacts?%. Because climate change is intricately
linked with other major global challenges of our era, including
inequality, environmental degradation, and security issues>>, it
is crucial that policies and strategies are developed in a more
holistic approach with a strong emphasis on inclusivity and

justice for all communities2.

Conclusion

In conclusion, by doing a comparative fractal analysis of desea-
sonalized monthly average temperatures worldwide, this study
has illustrated significant variation in the impact of global warm-
ing across different regions and time periods. While global
warming affects the entire planet, its effects are unevenly dis-
tributed, with some regions bearing a disproportionate burden.
This underscores the critical need to address climate inequality
and implement equitable, inclusive strategies to combat global
warming. Shifting the perspective from viewing global warming
as a straightforward problem to understanding it as the mul-
tifaceted, “’global fractal” issue is crucial for taking a step in

the right direction. This approach aligns with the Paris Agree-
ment’s decentralized strategy and emphasizes the importance of
detailed research into the diverse aspects of climate change.
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