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Global warming is the observed increase of the average temperature of the Earth. The primary cause of
this phenomenon is the release of the greenhouse gases by burning of fossil fuels, land cleaning, agricul-
ture, among others, leading to the increase of the so-called greenhouse effect. An approach to deal with
this important problem is the time series analysis. In this regard, different techniques can be applied
to evaluate the global warming dynamics. This kind of analysis allows one to make better predictions
increasing our comprehension of the phenomenon. This article applies nonlinear tools to analyze tem-
perature time series establishing state space reconstruction and prediction. Since noise contamination
is unavoidable in data acquisition, it is important to employ robust techniques. The method of delay
coordinates is employed for state space reconstruction and delay parameters are evaluated using the
method of average mutual information and the method of false nearest neighbors. Afterwards, the sim-
ple nonlinear prediction method is employed to estimate temperatures of the future. Temperature time
series from different places of the planet are used. Initially, the approach is verified considering known
parts of the time series and afterwards, results are extrapolated for future values estimating tempera-
ture until 2028. Results show that these techniques are interesting to estimate temperature time history,
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presenting coherent estimations.
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1. Introduction

The observation of climate system allows one to identify two
distinct phenomena related to the system evolution: climate
change, usually related to human activities, and climate variability,
usually associated with natural causes (UNFCCC, 1992).

Climate variability denotes deviations of climate conditions over
a period of time due to natural phenomena (WMO, 2010). There
are many examples of these anomalies as the Interdecadal Pacific
Oscillation (IPO) that causes decadal changes in climate averages;
the El Niflo-La Nind Southern Oscillation (ENSO) that causes much
variability throughout many tropical and subtropical regions; and
the North Atlantic Oscillation (NAO) that provides climate pertur-
bations over Europe and Northern Africa (Salinger, 2005). Climate
change, on the other hand, is usually associated with anthropogenic
causes and is associated with permanent changes.

Global warming is one aspect of climate change and, actually, is
induced either by natural processes or by human activities. In brief,
global warming is the observed increase in the average temperature
of the Earths’ atmosphere and oceans. The primary cause of this
phenomenon is the release of greenhouse gases by the burning of
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fossil fuels and the large-scale deforestation, leading to the increase
of the so-called greenhouse effect that arises as a consequence of
the unbalanced presence of greenhouse gases in the atmosphere.
Among others, the greenhouse gases are the carbon dioxide, the
methane and the nitrous oxide (Houghton, 2005).

From industrial revolution on, the amount of greenhouse gases
in the atmosphere has significantly increased. Based on Intergov-
ernmental Panel on Climate Change data (IPCC, 2007), the carbon
dioxide has increased by more than 30% and is still increasing at
a rate of 0.4% per year. Other greenhouse gases are also increas-
ing and there are evidences pointing to the anthropogenic cause
of this phenomenon. During the 20th century, the Earth’s sur-
face mean temperature has increased approximately 0.4-0.8°C.
Most of this increase has occurred in two periods: from 1910 to
1945 (0.14°C/decade) and since 1976 (0.17 °C/decade) (Salinger,
2005). The consequences of the global warming are unpredictable;
however, one could mention climate sensitivity and other changes
related to the frequency and intensity of extreme weather events
(IPCC, 2001).

Climate change analysis is important in order to define differ-
ent scenarios whose knowledge is important for several purposes.
In the same way, global warming analysis is important to estab-
lish models that can predict the evolution of greenhouse gases and
Earth’s temperature. Besides, it is important to evaluate the con-
sequences of the effects of these variations in global balance and
in life. Literature presents several efforts dealing with this kind
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of analysis. Concerning modeling effort one could establish the
following classification (Alexiadis, 2007): general circulation mod-
els (GCMs); model-based methods (MBMs) or empirical models;
planet’s dynamics models (PDMs). Moreover, we can highlight the
existence of models built upon time series analysis (TSA). Regarding
more general dynamical systems, it is possible to present a differ-
ent classification that, actually, is in agreement with the previous
one (Aguirre, 2007; Aguirre and Lettelier, 2009): white-box models,
based on physical argues; black-box models, based on time series;
and gray-box models that mixture both ideas.

GCMs consider physical aspects of system dynamics including
conservation of mass, energy and momentum. An important char-
acteristic of this kind of modeling is the high computational effort
related to simulations (Friedlingstein et al., 2003; Cox et al., 2000;
Joos et al., 2001). Houghton (2005) presented an overview of mod-
els based on physical principles. Regional climate models (RCMs)
constitute an alternative approach based on GCMs (Alpert et al.,
2008; Kueppers et al., 2008). Among other alternative approaches,
it should be highlighted models that try to reduce uncertainties
using statistical considerations (Ghila et al., 2008; Lopez et al.,
2006).

MBMs use some empirical observations and/or statistical tools
from experimental time series and therefore, do not deal with sys-
tem’s physics directly (Kaufmann and Stern, 1997; Loehle, 2004;
Krivova and Solanki, 2004). Stringham et al. (2003) presented a
review of conceptual models pointing out the inconsistencies in the
application of non-equilibrium ecology concepts. Young and Ratto
(2009) proposed a unified approach to the modeling of environ-
mental systems by considering information from analysis of real
data. The idea was to connect MBM and GCM approaches.

PDM are based on a simplified description of the system dynam-
ics and falls between the previous two categories (Moore, 2007; Kay
et al., 2009). Daisyworld, originally proposed by Lovelock (1992),
is a prototype of this kind of approach. In brief, daisyworld estab-
lishes the self-regulation of the planetary system representing life
by daisy populations while the environment is represented by tem-
perature. The daisyworld is an archetypal of Earth and is able to
describe the global regulation that can emerge from the interaction
between life and environment (Lenton and Lovelock, 2000, 2001).

Finally, the time series analysis tries to build a model from
experimental data. Alexiadis (2007) considered time series analy-
sis based on control theory, using system identification techniques
to determine the transfer functions that approximate the system
dynamics. Qin et al.(2008) employed the continuous wavelet trans-
form technique to analyze water vapor and carbon dioxide fluxes in
agricultural lands investigating global warming potentials. Capilla
(2008) employed a local polynomial regression fitting and wavelet
methods in order to identify trends in a Mediterranean urban
area. Rybski and Bundea (2009) employed the detrended fluctua-
tion analysis to quantify underlying trends in long-term correlated
records. Temperature time series are of concern using different
tools for the analysis.

Subba and Antunes (2003) presented a review of space-time
autoregressive moving average (STARMA) models. The STARMA
forecast performance is compared with ARMA models, using real
data. Afterward, Antunes and Subba (2006) proposed statistical
tests comparing space-time autoregressive processes and multi-
variate autoregressive processes. Kocak et al. (2004) employed
nonlinear techniques for time series prediction using a polynomial
approximation. Romilly (2005) employed the autoregressive-
integrated-moving average model (ARIMA) together with more
recent developments to analyze global mean temperature dataset.
Founda et al. (2004) employed statistical methods for temperature
time series observing trends and extreme events in Athens seasons
from 1897 to 2001. Grieser et al. (2002) used statistical methods to
decompose temperature time series into a sum of trend, annual

cycles, episodic and harmonic components, extreme events and
noise.

Literature also presents efforts related to several aspects of eco-
logical modeling. Among others, one can cite Urban (2005) that
discussed the multi-scale aspects related to the modeling of eco-
logical systems. Kettleborough et al. (2007) described a method to
estimate the uncertainty in global mean temperature change. Jacob
and Winner (2009) described the impact of climate change on air
quality.

This contribution deals with time series analysis related to
the global warming dynamics. The idea is to model the system
dynamics from temperature time series that is considered as a
representative variable of the system. Since noise contamination
is unavoidable in data acquisition, it is important to employ robust
techniques (Franca and Savi, 2001, 2003). In this regard, the method
of delay coordinates is employed for the state space reconstruc-
tion and delay parameters, time delay and embedding dimension,
are respectively evaluated using the method of average mutual
information and the method of false nearest neighbors. The simple
nonlinear prediction is employed to model the system dynamics
evaluating the prediction of future values. This approach is veri-
fied by considering known parts of the time series and afterwards,
results are extrapolated for future values. The verification process is
of special interest since time series is contaminated by noise being
related to a system with high dimension characteristics that make
the application of nonlinear techniques a difficult task. Nonlinear
time series analysis employs the TISEAN package (Hegger et al.,
1999). Time series from different locations of the world are investi-
gated in order to characterize the global temperature. Specifically,
eight time series are of concern: Montreal (Canada), Los Angeles
(USA), Rio de Janeiro (Brazil), London (United Kingdom), Johan-
nesburg (South Africa), Beijing (China), Tokyo (Japan) and Albany
(Australia).

This paper is organized as follows. After the introduction, a
brief discussion about global warming is carried out showing some
temperature time series measured in different weather stations.
Nonlinear tools related to time series analysis are then presented
discussing state space reconstruction and prediction techniques.
The application of nonlinear time series analysis is discussed in the
next section considering different temperature time series of the
Earth. Basically, prediction analysis is split into two parts: model
verification and future forecast. In the first part, it is shown that pre-
diction techniques are able to capture the general behavior of time
series from known time series. Afterwards, future forecast is car-
ried out estimating temperature until 2028. Conclusions are then
presented at the end of the paper.

2. Global warming

Climate system has an inherent complexity due to different
kinds of phenomena involved. The equilibrium of this system is
a consequence of different aspects related to atmosphere, oceans,
biosphere, among others, and the sun activity provides the driving
force for this system. In brief, greenhouse gases may be absorbed
by the natural systems which are represented by the carbon cycle.
Oceans, rivers and forests are essential for this process. The human
influence tends to break this balance either by increasing the
amount of gases or by decreasing the natural capacity to absorb
them due to deforestation and pollution (IPCC, 2007).

The Earth’s heating mechanism may be understood as the bal-
ance between the radiation energy from the sun and the thermal
radiation from the Earth that is radiated out to space. The exces-
sive presence of greenhouse gases tends to break this balance since
they are transparent to the sun short wave radiation, however, they
absorb some of the longer infrared radiation emitted from the Earth.
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Fig. 1. Weather stations.

Therefore, the increase amounts of these gases introduce a difficulty
related to the thermal balance, increasing the temperature of the
Earth.

The global warming is a spatiotemporal phenomenon, however,
the analysis of temporal aspects of this system can provide impor-
tant information for its comprehension. All over the world, there
are numerous measurements concerning temperature time series.
The National Oceanic and Atmospheric Administration (NOAA) has
9000 weather stations with measurements since 1929, but data
from 1973 are more complete and include a great number of sta-
tions (NOAA, 2006).

In order to give an idea concerning the global warming phe-
nomenon, eight different temperature time series from 1989 to
2008 are considered: Montreal (Canada), Los Angeles (USA), Rio
de Janeiro (Brazil), London (United Kingdom), Johannesburg (South
Africa), Beijing (China), Tokyo (Japan) and Albany (Australia). Fig. 1
presents the localization of the weather stations while Table 1
shows information about source of data. In Table 1, “USAF” means
US Air Force station number.

Fig. 2 shows temperature time series and their linear fit showing
the tendency of the temperature evolution. It should be observed
that these time series present different patterns. The linear match
shows an increase of temperature in Montreal (+2.22°C), Lon-
don (+0.64°C), Johannesburg (+1.18 °C), Beijing (+0.10°C), Tokyo
(+0.95°C) and Albany (+0.11 °C). Nevertheless, there is a decrease
of temperature in Los Angeles (—0.09) and Rio de Janeiro (—0.55).
Another important characteristic of these series is related to their
range. Each one has minimum and maximum values that depend
on climatic aspects of its geographical region.

3. Time series analysis

The basic idea of the state space reconstruction is that a signal
contains information about unobserved state variables (Savi, 2006).

Table 1
Source of data.

Therefore, a scalar time series, S, may be used to construct a vec-
tor time series that is equivalent to the original dynamics from a
topological point of view. The state space reconstruction needs to
form a coordinate system to capture the structure of orbits in state
space, which could be done using lagged variables, Sp+r, where T is
the time delay. Then, it is possible to use a collection of time delays
to create a vector in a D.-dimensional space:

U(t) = {Sn, S+t - - - (1)

The application of this approach is associated with the deter-
mination of delay parameters, time delay, r, and embedding
dimension, D.. The mutual information method (Fraser and
Swinney, 1986) is a good alternative to evaluate the time delay, 7.
The determination of embedding dimension, D, on the other hand,
may be evaluated from the method of the false nearest neighbors
(Kennel et al., 1992). This reconstructed space can be used for the
forecast and the simple nonlinear prediction is a good alternative
for this aim. Fig. 3 presents the sequence of the time series analysis
employed in this work. The forthcoming sections present a brief
discussion of the employed methods.

, sn+(De—1)r}T

3.1. Method of average mutual information

The idea for the determination of proper time delay for state
space reconstruction is to obtain lagged variables as most indepen-
dent as possible. Fraser and Swinney (1986) established that the
time delay 7 is related to the first local minimum of the average
mutual information function I(7), which is defined as follows:

N-t
I(t) =" T(Sn. Snsr)log,

n=1

F(Sn’ SrH:[) ] (2)
I'(Sn)I"(Sny)

where I'(Sy) is the probability of the measure S,, I'(Spy¢) is the
probability of the measure Sp+7, and I'(Sy, Spi<) is the joint proba-

USAF Station name Latitude Longitude Elevation (.1M)
716270 Montreal +45467 —73750 +00299
722950 Los Angeles Intl. Arpt. +33938 —118406 +00994
837550 Rio de Janeiro Aero —22900 —043167 +00030
037720 London/Heathrow +51483 —000450 +00250
683680 Johannesburg Intl. —-26150 +028233 +17200
545110 Beijing +39933 +116283 +00550
476620 Tokyo +35683 +139767 +00360
948020 Albany airport —34933 +117800 +00690
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Fig. 3. Schematic of time series analysis.

bility of the measure of S, and S;,+;. When the measures S, and Sp+1
are completely independent, I(7)=0. On the other hand, when S,
and Sp+7 are equal, I(7) is maximum. Therefore, the analysis of the
I(t) curve allows one to determine the best time delay to be used
in the state space reconstruction.

3.2. Method of the false nearest neighbors

The method of the false nearest neighbors establishes that in an
embedding dimension that is too small to unfold the attractor, not
all points that lie close to one another will be neighbors because
of the dynamics. Some will actually be far from each other and
simply appear as neighbors because the geometric structure of the
attractor has been projected down onto a smaller space (Kennel et
al., 1992). In order to use the method of the false nearest neigh-
bors, a D-dimensional space is considered where the point U, has
r-th nearest neighbors, U],. The square of the Euclidean distance
between these points is:

D-1

B = [Suske — Shore)” (3)

k=0

Now, going from dimension D to D+1 by time delay, there is
a new coordinate system and, as a consequence, a new distance
between U, and U},. When these distances change from one dimen-
sion to another, these are false neighbors. A proper space dimension
may be obtained when there are no false neighbors after a dimen-
sion increase.
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3.3. Prediction

Prediction is a particular application related to system mod-
eling that uses a known time series called past, S;,n=1,...,N
to estimate future values, called future, S,,n=N+1,...,N+
p. This model establishes a way to estimate future series:
Pyit1,Pyio, ..., Pyyp. Fig. 4 shows a schematic plot related to the
prediction problem. A verification procedure can be performed
using known parts of the series and establishing a comparison
between estimated values with future values associated with the
original series (Savi, 2006; Fraser and Swinney, 1986; Kennel et al.,
1992; Pinto and Savi, 2003). In general, prediction techniques may
be classified in linear and nonlinear methods or, alternatively, local
and global methods. An overview of the main aspects related to
nonlinear time series analysis and prediction is provided in refer-
ences (Aguirre, 2007; Pinto and Savi, 2003; Kantz and Schreiber,
1997; Abarbanel, 1995; Casdagli, 1989; Schreiber, 1999; Weigend
and Gershenfeld, 1994).

An alternative to the time series forecast is the simple nonlin-
ear prediction that is based on the state space reconstruction. After
the reconstruction, the prediction of a time instant An(An=1, ..,p)
ahead N, is done by defining a parameter ¢ that establishes the size
of the neighborhood V;(Uy) around point Uy in the reconstructed
space. All points inside this neighborhood are used for the predic-
tion. Therefore, all points U, closer than & to Uy(Up € Ve(Uy)) are
employed for the prediction Py.a,. Different approaches can be
employed to estimate the prediction from these points. Here the
prediction is calculated from the average of the individual predic-
tions Sp.a, as follows:

D D (4)

PN+AH =
|V8(UN)| Un € Ve(UN)

where ‘VS(UN)’ denotes the number of elements of the neighbor-
hood V¢(Uy). More details about this procedure could be found in

Jan 1976 Dec 1999
- P e G o -
Jan 2000 Dec 2008
Jan 1989 Dec 1998
_______________ -
Jan 1999 Dec 2008
Jan 1989 Dec 2008 I
Jan 2009  Dec 2028

Fig. 5. Analyzed time series (solid line) and their prediction periods (dashed line).
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Kantz and Schreiber (1997), Casdagli (1989), and Pinto and Savi
(2003).

4. Analysis of temperature time series of the earth

The analysis of temperature time series of the Earth is carried
out in this section. Initially, a verification of the model is of concern
considering different situations defined by distinct parts of each
series. Afterwards, results are extrapolated for the prediction of
future values of the series. The idea of the verification is to use
time series from 1989 to 1998 (10 years) performing the prediction
from 1999 to 2008 (10 years). Since the period from 1999 to 2008
is known, it is possible to verify the capability of the procedure to
perform the forecast. The importance of the number of data points
is evaluated by considering a larger time series from 1976 to 1999
(24 years) performing the prediction from 2000 to 2008 (9 years).
Filtering procedures are also evaluated by considering the moving
average filter. This filter is used to smooth time series being defined
as follows:

(m-1)/2

> Suw (5)

1

Yn = m
k=—(m—-1)/2

where m is the factor (days) of the average filter used in the calcu-
lation. The factor used for this work is 7 days. After this verification,
a different analysis is performed by considering a series from 1989
to 2008 (20 years) in order to predict future values from 2009 to
2028 (20 years). It should be pointed out that some series has miss-
ing data points and we do not perform a special treatment for this
series. Fig. 5 shows a time line of the model verification and the
future forecast.
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In order to establish the model verification, predicted results are
compared with time series and two errors are defined: the average
error and the daily error. The average error is defined as follows:
: |S - P| ©)

s

where S is the average of the time series and P is the average of the
prediction evaluated during the same period, both defined by con-
sidering Celsius scale. On the other hand, the daily error is defined
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Fig. 9. Beijing (China) prediction, time series from 1999 to 2008. Delay parameters analysis; comparison between time series (light line) and prediction (dark line); error

analysis.
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Fig. 15. Tokyo (Japan) prediction. Delay parameters; comparison between time series (light line) and prediction (dark line), from 1999 to 2008; error analysis.
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Table 2
Summary of the verification procedure.
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Time series Data points T D, Average of time series (°C) Average of prediction (°C) Difference (%)
Montreal (Canada) 3652 63 28 7.57 7.17 5.28
Los Angeles (USA) 3651 46 26 17.11 17.22 0.64
Rio de Janeiro (Brazil) 3444 80 25 24.14 24.60 1.91
London (UK) 3652 68 25 11.67 11.34 2.83
Johannesburg (South Africa) 3651 77 23 15.92 15.68 1.51
Beijing (China) 3652 71 14 12.99 13.08 0.69
Tokyo (Japan) 3651 45 39 16.69 16.48 1.26
Albany (Australia) 3646 61 24 14.78 14.60 1.22

by the expression:
ED |Sn B Pn ’
" (Tmax - Tmin)

where Tax and Ty, are, respectively, the maximum and minimum
temperatures of the time series.

(7)

4.1. Model verification evaluating general aspects of the
prediction

The model verification is performed by considering known val-
ues of the series in order to compare original and predicted values.
Initially, time series from Beijing (China) is considered as the
archetypal of the system dynamics evaluating the general aspects
of the prediction and the number of data points treating two dif-
ferent situations: 1989-1998 (10 years) predicting from 1999 to
2008 (10 years); 1976-1999 (24 years) predicting from 2000 to
2008 (9 years). The influence of filtering process is also evalu-
ated by considering smoothed time series to perform the forecast.
Afterwards, other time series are treated considering the same pro-
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cedure for series from 1989 to 1998 (10 years) predicting from
1999 to 2008 (10 years). These choices are based on the number
of data points and the possibility to consider data without missing
points.

Let us now consider a 10-year time series of Beijing (China) asso-
ciated with a period from 1989 to 1998, representing 3652 data
points. Delay parameters are analyzed in Fig. 6 (upper part) that
presents average mutual information and false nearest neighbors
analyses. This analysis indicates a time delay t=71 defined by the
first minimum of the information curve and embedding dimen-
sion D, = 14, defined by a value where the system does not present
false neighbors. These results are used to perform predictions from
1999 to 2008, representing 10 years. Fig. 6 (lower part) presents
the original time series together with the prediction made by the
simple nonlinear prediction and an error histogram that shows the
distribution of events related to daily error between the series and
the prediction. The forecast capture the general behavior of the
time series, presenting average values of 12.99 °C for the time series
and 13.08 °C for the prediction, which means a difference of 0.69%.
Besides, the daily error analysis shows that the majority of predic-
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Fig. 16. Albany (Australia) prediction. Delay parameters; comparison between time series (light line) and prediction (dark line), from 1999 to 2008; error analysis.
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tions have low errors. Note that 85% of points have errors less than
10%.

In order to evaluate the influence of the number of data points, a
time series corresponding to 24 years with 8745 data points (from
1976 to 1999) is of concern. The analysis starts by evaluating delay
parameters. Fig. 7 (upper part) presents average mutual informa-
tion and false nearest neighbors analyses. From these, it is possible
to conclude that time delay is =74 and embedding dimension is
D, =54. It should be highlighted that this series has missing data
that does not receive special treatment. Afterwards, simple non-
linear prediction is employed to model the series predicting future
values from 2000 to 2008 (9 years), as shown in Fig. 7 (lower part).
Results show a good agreement between the original and the pre-
dicted series and it is important to note that both series has average
values that are very close (respectively, 12.98°C and 12.97 °C rep-
resenting a difference of 0.12%). Although this larger time series
presents better results in terms of average, the histogram presents
worst results.

The preceding analysis showed that time series from 1999 to
2008 (10 years) is able to capture the behavior of this series for
forecast purposes. Therefore, this period is used for the analysis of
the other series. Before this, we investigate the influence of filtering
in time series analysis. Basically, the moving average filtering that
smoothes time series is employed and, after that, state space recon-
struction and prediction are performed. Fig. 8 presents original
and filtered time series. Fig. 9 shows prediction analysis show-
ing average mutual information and false nearest neighbors and
forecast. From delay parameters analysis, it is possible to conclude
that time delay is T =62 and embedding dimension is D, = 34. Note
that time delay is basically the same and embedding dimension
is reduced by the filtering. Afterwards, simple nonlinear predic-
tion is employed to model the series predicting future values from
2000 to 2008 (9 years). Once again, results show a good agreement
between the original and the predicted series. It is important to
observe that results are basically the same of those without filter-
ing which encourage us to develop the analysis from original time
series, without filtering.

4.2. Model verification

The analysis of Beijing (China) showed that that time series
from 1989 to 1998 (10 years) is able to capture the behavior of
this series for forecast purposes. Moreover, results of filtered series
are basically the same of those obtained without filtering. From
now on, the same verification procedure employed for the Bei-
jing (China) series is considered for the following time series:
Montreal (Canada), Los Angeles (USA), Rio de Janeiro (Brazil), Lon-
don (United Kingdom), Johannesburg (South Africa), Tokyo (Japan)
and Albany (Australia). Essentially, it is considered series with 10
years (from 1989 to 1998) corresponding to approximately 3650
data points and filtering process are not considered. The anal-
ysis starts by evaluating delay parameters, presenting average
mutual information and false nearest neighbors analyses. After-
wards, simple nonlinear prediction is employed to model the series
predicting future values from 1999 to 2008 (10 years). This pro-
cedure is repeated for each time series and results are shown
in Figs. 10-16 and each figure presents a set of four pictures:
delay parameters analyses (average mutual information and false
nearest neighbors curves); prediction analysis that includes the
original time series together with the prediction made by the sim-
ple nonlinear prediction; and the error analysis that presents the
error histogram that shows the distribution of events with the
corresponding daily error between the time series and its predic-
tion.

In order to organize results, let us summarize the list of figures
and the corresponding time series: Montreal (Canada)—Fig. 10;
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Fig. 17. Error analysis of the forecast.

Los Angeles (USA)—Fig. 11; Rio de Janeiro (Brazil)—Fig. 12; Lon-
don (UK)—Fig. 13; Johannesburg (South Africa)—Fig. 14; Tokyo
(Japan)—Fig. 15; Albany (Australia)—Fig. 16.

In general, results show good agreement between the origi-
nal and the predicted series and it is important to note that both
series has average values that are very close. Table 2 summarizes
the main results presenting the delay parameters and the aver-
age of the time series and the predicted values together with the
error between them (including Beijing (China)). Results show that
error related to average value varies from 0.64% to 5.28%. More-
over, histograms show that most of the prediction values have small
daily errors presenting a tendency to be concentrated in errors less
than 10%. Actually, the worst forecast presents 50% of the pre-
dictions with less than 10% while the best forecast presents 85%
of the predictions with less than 10%. Fig. 17 summarizes these
histograms giving a good idea of the general behavior. This analy-
sis shows that prediction procedure is able to capture the general
behavior of the time series, especially concerning the average val-
ues.

5. Forecast

Since the proposed procedure has captured the general behavior
of the temperature evolution, we are encouraged to make predic-
tions of the future. In this regard, we use a 20-year time series, from
1989 to 2008, establishing a prediction of 20 years (from 2009 to
2028). This forecast is established for each one of the eight time
series here considered: Montreal (Canada), Los Angeles (USA), Rio
de Janeiro (Brazil), London (United Kingdom), Johannesburg (South
Africa), Beijing (China), Tokyo (Japan) and Albany (Australia). Delay
parameters are evaluated and results are presented in Table 3.
Afterwards, simple nonlinear prediction is employed to predict

Table 3

Delay parameter analysis.
Time series Data points T D,
Montreal (Canada) 7301 82 41
Los Angeles (USA) 7303 97 38
Rio de Janeiro (Brazil) 7083 80 25
London (United Kingdom) 7300 68 28
Johannesburg (South Africa) 7300 87 24
Beijing (China) 7303 92 61
Tokyo (Japan) 7302 41 58
Albany (Australia) 7291 81 24
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Table 4
Prediction results and linear fit.

Time series Prediction from 2009 to 2028
Linear fit (°C) Average (°C)

Montreal (Canada) +0.72 7.72
Los Angeles (USA) +0.22 16.87
Rio de Janeiro (Brazil) +0.30 24.39
London (United Kingdom) +0.28 11.67
Johannesburg (South Africa) +0.28 16.01
Beijing (China) +0.39 13.16
Tokyo (Japan) +0.38 16.57
Albany (Australia) -0.24 14.77
Global average +0.29 15.15

6. Conclusions

This paper deals with the analysis of the global warming dynam-
ics from nonlinear time series. Temperature time series from
Montreal (Canada), Los Angeles (USA), Rio de Janeiro (Brazil),
London (UK), Johannesburg (South Africa), Beijing (China), Tokyo
(Japan) and Albany (Australia) are used in order to represent the
general aspects of system dynamics. Since noise contamination is
unavoidable and the high dimensional characteristic of the sys-
tem, the application of nonlinear tools is not a trivial task. State
space reconstruction is done using the method of delay coordi-
nates and delay parameters, time delay and embedding dimension,
are respectively calculated by the method of average mutual infor-
mation and the method of false nearest neighbors. Prediction is
performed using the simple nonlinear prediction technique. Dif-
ferent number of data points and the moving average filtering are
employed for model verification. Verification procedure establishes
a proper number of data points and the capability of the method
to represent the general behavior of time series without employ
filtering. The verification analysis shows that the average value of
the forecast is close to the real time series with differences that
are less than 6%. Besides, more than 50% of the daily predictions
present errors less than 10%. After this verification, the procedure
is employed to establish prediction of future values. In this regard,
20 years forecast is performed evaluating the temperature until
2028. These results present a general increase of temperature eval-
uated from linear match of the predictions: 0.72°C in Montreal
(Canada), 0.22°C in Los Angeles (USA), 0.30°C in Rio de Janeiro
(Brazil), 0.28 °C in London (United Kingdom), 0.28 °C in Johannes-
burg (South Africa), 0.39°C in Beijing (China) and 0.38 °C in Tokyo
(Japan). Only Albany (Australia) presents a temperature decrease
of 0.24°C. In this regard, the average temperature has an increase
of 0.29°C that represents a coherent value related to perspectives
discussed in literature. The authors agree that the nonlinear tools
employed in this work can be useful for the analysis of global warm-
ing.

Acknowledgments

The authors acknowledge the support of the Brazilian Research
Councils CNPq and FAPER].

References

Abarbanel, H.D.I,, 1995. Tools for analyzing observed chaotic data. In: Guran, A.,
Inman, D.J. (Eds.), Smart Structures, Nonlinear Dynamics, and Control. Prentice
Hall, pp. 1-86.

Aguirre, L.A., 2007. Introduction to System Identification. Editora UFMG, Brazil (in
Portuguese).

Aguirre, L.A., Lettelier, C., 2009. Modeling nonlinear dynamics and chaos: a review.
Mathematical Problems in Engineering, Article ID 238960.

Alexiadis, A., 2007. Global warming and human activity: a model for studying the
potential instability of the carbon dioxide/temperature feedback mechanism.
Ecological Modelling 203, 243-256.

Alpert, P., Krichak, S.0., Shafir, H., Haim, D., Osetinsky, 1., 2008. Climatic trends to
extremes employing regional modeling and statistical interpretation over the E.
Mediterranean. Global and Planetary Change 63, 163-170.

Antunes, A., Subba, R.T., 2006. On hypotheses testing for selection of space-temporal
models. Journal of Time Series Analysis 27, 767-791.

Capilla, C., 2008. Time series analysis and identification of trends in a Mediterranean
urban area. Global and Planetary Change 63, 275-281.

Casdagli, M., 1989. Nonlinear prediction of chaotic time series. Physica D 35,
335-356.

Cox, P.M., Betts, R.A., Jones, C.D., Spall, S.A., Totterdell, I.]., 2000. Acceleration of global
warming due to carbon-cycle feedbacks in a coupled climate model. Nature 408,
750.

Founda, D., Papadopoulos, K.H., Petrakis, M., Giannakopoulos, C., Good, P., 2004.
Analysis of mean, maximum, and minimum temperature in Athens from 1897
to 2001 with emphasis on the last decade: trends, warm events, and cold events.
Global and Planetary Change 44, 27-38.

Franca, L.F.P.,, Savi, M.A., 2001. Distinguishing periodic and chaotic time series
obtained from an experimental nonlinear pendulum. Nonlinear Dynamics 26
(3),253-271.

Franca, L.F.P., Savi, M.A,, 2003. Evaluating noise sensitivity on the time series deter-
mination of Lyapunov exponents applied to nonlinear pendulum. Shock and
Vibration 10 (1), 37-50.

Fraser, A.M., Swinney, H.L., 1986. Independent coordinates for strange attractors
from mutual information. Physical Review A 33, 1134-1140.

Friedlingstein, P., Dufresne, J.L., Cox, P.M., Rayner, P., 2003. How positive is the feed-
back between climate change and the carbon cycle? Tellus Series B: Chemical
and Physical Meteorology 55 (2), 692-700.

Ghila, M., Chekround, M.D., Simonnete, E., 2008. Climate dynamics and fluid
mechanics: natural variability and related uncertainties. Physica D 237,
2111-2126.

Grieser, ], Tromel, S., Schonwiese, C.D., 2002. Statistical time series decomposition
into significant components and application to European temperature. Theoret-
ical and Applied Climatology 71 (3-4), 171-183.

Hegger, R, Kantz, H., Schreiber, T., 1999. Practical implementation of nonlinear time
series methods: the TISEAN package. Chaos 9 (2), 413-435.

Houghton, J., 2005. Global warming. Reports on Progress in Physics 68, 1343-1403.

IPCC, 2001. Climate Change 2001: Working group I—The Scientific Basis,
http://www.grida.no/publications/other/ipcc_tar/.

IPCC, 2007. Climate change 2007: the physical science basis. In: Contribution of
Working Group I to the Fourth Assessment Report of the Intergovernmental
Panel on Climate Change, Cambridge University Press.

Jacob, DJ., Winner, D.A., 2009. Effect of climate change on air quality. Atmospheric
Environment 43, 51-63.

Joos, F., Prentice, 1.C,, Sitch, S., Meyer, R., Hooss, G., Plattner, G.K., Gerber, S., Has-
selmann, K., 2001. Global warming feedbacks on terrestrial carbon uptake
under the intergovernmental panel on climate change (IPCC) emission scenarios.
Global Biogeochemical Cycles 15, 891-907.

Kantz, H., Schreiber, T., 1997. Nonlinear Time Series Analysis. Cambridge University
Press.

Kaufmann, R.K,, Stern, D.I, 1997. Evidence for human influence on climate from
hemispheric temperature relations. Nature 388, 39-44.

Kay, A.L., Davies, H.N., Bell, V.A,, Jones, R.G., 2009. Comparison of uncertainty sources
for climate change impacts: flood frequency in England. Climatic Change 92,
41-63.

Kennel, M.B., Brown, R., Abarbanel, H.D.I,, 1992. Determining embedding dimen-
sion from phase-space reconstruction using a geometrical construction. Physical
Review A 25 (6), 3403-3411.

Kettleborough, J.A., Booth, B.B.B., Stott, P.A., Allen, M.R., 2007. Estimates of uncer-
tainty in predictions of global mean surface temperature. Journal of Climate 20,
843-855.

Kogak, K., Saylan, L., Eitzinger, ]J., 2004. Nonlinear prediction of near-surface tem-
perature via univariate and multivariate time series embedding. Ecological
Modelling 173, 1-7.

Krivova, N.A., Solanki, S.K., 2004. Solar variability and global warming: a statistical
comparison since 1850. Advances in Space Research 34, 361-364.

Kueppers, L.M., Snyder, M.A,, Sloan, L.C., Cayan, D., Jin, ]., Kanamaru, H., Kana-
mitsu, M., Miller, N.L., Tyree, M., Du, H., Weare, B., 2008. Seasonal temperature
responses to land-use change in the western United States. Global and Planetary
Change 60, 250-264.

Lenton, T.M., Lovelock,].E., 2000. Daisyworld is Darwinian: constraints on adaptation
are important for planetary self-regulation. Journal of theoretical Biology 206,
109-114.

Lenton, T.M., Lovelock, ].E., 2001. Daisyworld revisited: quantifying biological effects
on planetary self-regulation”. Tellus 53B, 288-305.

Loehle, C.,2004. Climate change: detection and attribution of trends from long-term
geologic data. Ecological Modelling 171, 433-450.

Lopez, A., Tebaldi, C., New, M,, Stainforth, D., Allen, M., Kettleborough, J., 2006. Two
approaches to quantifying uncertainty in global temperature changes. Journal
of Climate 19, 4785-4796.

Lovelock, J.E., 1992. A numerical model for biodiversity. Philosophical Transactions
of the Royal Society of London Series B: Biological Sciences 338, 383-391.

Moore, R}J., 2007. The PDM rainfall-runoff model. Hydrology Earth System Sciences
11, 483-499.

NOAA, 2006. Oceanic and Atmospheric Administration Federal Climate
Complex Global Surface Summary of Day Data—Version 07/2006,
ftp://ftp.ncdc.noaa.gov/pub/data/gsod/readme.txt.


http://www.grida.no/publications/other/ipcc_tar/
ftp://ftp.ncdc.noaa.gov/pub/data/gsod/readme.txt

1978 F.M. Viola et al. / Ecological Modelling 221 (2010) 1964-1978

Pinto, E.G.F., Savi, M.A., 2003. Nonlinear prediction of time series obtained from
an experimental pendulum. Current Topics in Acoustical Research - Research
Trends 3, 151-162.

Qin, Z., Ouyang, Y., Su, G, Yu, Q,, Li, J., Jia-En Zhang, ]., Wu, Z., 2008. Characterization
of CO, and water vapor fluxes in a summer maize field with wavelet analysis.
Ecological Informatics 3, 397-409.

Romilly, P., 2005. Time series modelling of global mean temperature for
managerial decision-making. Journal of Environmental Management 76,
61-70.

Rybski, D., Bundea, A., 2009. On the detection of trends in long-term correlated
records. Physica A 388, 1687-1695.

Salinger, M.J., 2005. Climate variability and change: past, present and future, an
overview. Climate Change 70, 9-29.

Savi, M.A., 2006. Nonlinear Dynamics and Chaos. Editora E-Papers (in Portuguese).

Schreiber, T., 1999. Interdisciplinary application of nonlinear time series methods.
Physics Reports 308, 1-64.

Subba, RT. Antunes, A., 2003. Spatio-temporal modelling of temperature time
series: a comparative study. In: Schonberg, F., Brillinger, D.R., Robinson, E.
(Eds.), Time Series Analysis and Applications to Geophysical Systems. IMA
Publications/Springer-Verlag, New York, pp. 123-150.

Stringham, T.K., Krueger, W.C., Shaver, P.L., 2003. State and transition modeling: an
ecological process approach. Journal of Range Management 56 (2), 106-113.
UNFCCC, 1992. United Nations Framework Convention on Climate Change,

http://unfccc.int/resource/docs/convkp/conveng.pdf.

Urban, D.L., 2005. Modeling ecological processes across scales. Ecology 86 (8),
1996-2006.

Young, P.C., Ratto, M., 2009. A unified approach to environmental systems modeling.
Stochastic Environmental Research and Risk Assessment 23, 1037-1057.

Weigend, A.S., Gershenfeld, N.A., 1994. Time Series Prediction: Forecasting the
Future and Understanding the Past. Perseus Books.

WMO, 2010. World Meteorological Organization, http://www.wmo.int (accessed
March).


http://unfccc.int/resource/docs/convkp/conveng.pdf
http://www.wmo.int/

	Analysis of the global warming dynamics from temperature time series
	Introduction
	Global warming
	Time series analysis
	Method of average mutual information
	Method of the false nearest neighbors
	Prediction

	Analysis of temperature time series of the earth
	Model verification evaluating general aspects of the prediction
	Model verification

	Forecast
	Conclusions
	Acknowledgments
	References


