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a b s t r a c t
Time-series proﬁles derived from temperature proxies such as tree rings can provide information about
past climate. Signal analysis was undertaken of six such datasets, and the resulting component sine waves
used as input to an artiﬁcial neural network (ANN), a form of machine learning. By optimizing spectral
features of the component sine waves, such as periodicity, amplitude and phase, the original temperature proﬁles were approximately simulated for the late Holocene period to 1830 CE. The ANN models
were then used to generate projections of temperatures through the 20th century. The largest deviation
between the ANN projections and measured temperatures for six geographically distinct regions was approximately 0.2 °C, and from this an Equilibrium Climate Sensitivity (ECS) of approximately 0.6 °C was
estimated. This is considerably less than estimates from the General Circulation Models (GCMs) used
by the Intergovernmental Panel on Climate Change (IPCC), and similar to estimates from spectroscopic
methods.
© 2017 Elsevier Ltd. All rights reserved.

1. Introduction
The past two decades have seen an unprecedented international focus on climate change, and particularly the perceived relationships between increasing global temperatures and emissions
of greenhouse gases, referred to as anthropogenic climate change.
The Intergovernmental Panel on Climate Change (IPCC) is a body
under the auspices of the United Nations, set up at the request
of member governments, to provide scientiﬁc information on climate change and its political and economic impacts. The IPCC publishes Assessment Reports at regular intervals, with the current
viewpoint, based mainly on application of physical models, particularly General Circulation Models (GCMs). These models attribute
over 90% of the global warming since 1900, and virtually 100% of
the global warming since 1970, to anthropogenic climatic forcings,
particularly industrial emissions of carbon dioxide and methane
[71,87].
Instrumental temperature records extend back a little over a
century. To understand how climate has varied over much longer
periods, over hundreds and thousands of years, various types of
proxy records have been assembled. These are derived from mea-
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surements associated with biological and geological phenomena
that can leave evidence of past climate, particularly temperatures.
The most familiar proxy records are derived from annual rings of
long-lived tree species. Other proxies include measurements from
corals, stalagmites, and sediments. These types of records provide
evidence for periods of time over the past several thousand years
(the late Holocene) that were either colder, or experienced similar
temperatures, to the present, for example the Little Ice Age and the
Medieval Warm Period [40,43,44].
Examination of many of these proxy temperature records shows
they typically consist of complex oscillations or cycles about a
mean value, with the amplitude and structure of the temperature
signal depending on the geographical location considered. In the
pre-industrial era, these oscillations represent the compound effect
of natural phenomena both internal (e.g. North Atlantic Oscillation,
El Nino Southern Oscillation) and external (e.g. solar, volcanic activity).
Since about the mid-nineteenth century, with the growth of industrialisation, there is the possibility that there is also a contribution to climate change from anthropogenic greenhouse gases, particularly carbon dioxide and methane. However, the relative contributions of natural cycles and anthropogenic effects is far from
certain [94] and there is continuing interest in attempting to answer this question of relative contributions [10,35,64,67].
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There is an extensive literature examining the occurrence of
periodic cycles within proxy temperature reconstructions, through
application of spectral analysis [32,78,88]. Many of these studies also discuss possible relationships between these cyclic patterns in temperature proﬁles and natural phenomena that may
affect causation, particularly those associated with solar cycles
[14,27,40,56,74,81,82,97]. For example, in the southern hemisphere,
Nordemann et al. [74] undertook spectral analysis using tree ring
data from Brazil and Chile, providing evidence for associations with
solar cycles, particularly the Suess (∼200 year), Gleissberg (∼90
years), Hale (∼ 22 years) and Schwabe (11 years) cycles. Rigozoa
et al. [79] examined tree ring widths in Chile, and found an association with solar activity with 11 and 80 year periodicities.
In the northern hemisphere, Raspopov et al. [78] performed
spectral analysis of long-term dendrochronological data from Central Asia and demonstrated an approximate 200-year climatic periodicity, showing a high correlation with solar periodicity for the
de Vries period (∼210 years). Ogurtsov et al. [75] reported spectral
analysis of tree periodicity and discussed the association with the
modulation of regional climate in Northern Fennoscandia by the
Gleissberg solar cycle (∼90 years).
Moffa-Sánchez et al. [68] examined marine sediments for isotopic signals in the shells of the planktonic foraminifera over the
past 10 0 0 years. Spectral analysis showed a 200-year periodicity,
identiﬁed with de Vries solar cycle (∼210 years). Galloway et al.
[32] generated a late Holocene temperature record based on diatoms from a sediment obtained from British Columbia, Canada.
Spectral analysis shows signiﬁcant periodicities at 42–60, 70–89,
241–243, and 380 years, and inferred relationships to sunspot
number variation. Tan and Liu [89] produced a 2650-year temperature reconstruction from annual layers of a stalagmite from China,
with spectral analysis indicating signiﬁcant periodicities at 206 and
325 years.
Cyclic variations have also been associated with large-scale internal climate oscillatory modes [15], that may themselves in turn
be inﬂuenced by solar activity [49,65,91,93,100,102]. For example,
Wilson et al. [97] examined tree ring widths to enable a reconstruction over 1300 years for the Gulf of Alaska: identifying oscillatory modes at 90, 38, 24, 50.4 and 18.7 years related to changes
in sea surface temperature pattern. In addition to the decadal and
centennial cyclic periodicities referred to above, there is evidence
of cycles on millennial time scales, for example the Bond and
Dansgaard-Oeschger (DO) cycles [70,101].
These studies indicate that temperatures have oscillated at the
regional and global scale with the resultant signals able to be decomposed into component parts. If a set of components can be
identiﬁed, and given the very large datasets, at least in theory, the
oscillations could be used to forecast future climate using machine
learning techniques.
Artiﬁcial neural networks (ANNs) are a form of machine learning. The ANN technique has been widely applied to simulation
and forecasting of climatic and meteorological variables including
temperatures [18,26,76,80], rainfall [3,4,5,6,24,72,99] solar radiation
[8,20], and wind speed [19,29,57]. In this study, proxy temperatures from the Canadian Rockies, Switzerland, Tasmania (Australia),
New Zealand, southern South America and a composite representing the Northern Hemisphere, were decomposed into sets of sine
waves. There are many such studies in the literature. However,
what is unique with our study is that we have then used the resultant components to train ANNs and make projections of future
temperature. The divergences between these projections based on
the natural cycles, and actual temperature measurements from the
twentieth century was used as an indication of the extent of anthropogenic inﬂuences contributing to global warming.
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2. Methods
There are hundreds of proxy temperature records reported in
the literature corresponding to the Holocene period – the last approximately 10,0 0 0 years. For this investigation, six proxy records
were selected for further analysis, three from each hemisphere.
For each hemisphere two proxy records selected corresponded to
speciﬁc geographical locations, derived from one speciﬁc type of
proxy. In addition, for each hemisphere, one multi-proxy record
was selected corresponding to a wider geographical region.
Published graphical temperature proxy reconstructions were
digitized using UN-SCAN-IT software. Table 1 gives a summary of
the temperature proxy reconstructions used for analysis. The digitized time-series were then examined by spectral analysis using
AutoSignal software, applying the Parametric Interpretation and
Prediction tools with Fourier Transform analysis.
In each case, the number of sine curves applied to reconstruct
the total signal was increased until the improvement in ﬁtting, estimated by correlation coeﬃcient, showed only marginal improvement. By adjustment of periodicities, phase and power of the identiﬁed sine wave components, the software optimizes simulations
of the original proxy signal, using a deﬁned number of component
sine waves. In each case, the optimizations were undertaken from
the proxy record start date through to 1830 CE. This can be regarded as a pre-industrial period, with only natural inﬂuences on
climate (i.e. without anthropogenic/human-caused contributions).
Tables 2 and 3 show the results of spectral analysis for the
three proxy records for the southern hemisphere and northern
hemisphere respectively. The spectral analyses resulted in between
7 and 10 sine waves. The correlation was highest for the New
Zealand tree ring data at 0.86, and lowest for the Tasmania tree
ring data at 0.64.
In each case, this data based on the sinusoidal analysis, was
used as the input data for subsequent machine learning. In particular, the data was provided as input to Neurosolutions Inﬁnity software.
Many different architectures of ANNs have been used to make
forecasts of climatic variables [1,3,24,72]. A common approach in
the selection of an ANN architecture is through simple trial and error of candidate models [1–3]. With this very time-consuming approach, a limited set of input data is used and the machine learning topology and conﬁguration chosen based on the error score.
The selected model is then applied with all the data input sets.
In contrast, with Neurosolutions Inﬁnity software, the conﬁguration is automated. This offers a great advantage in terms of arriving at an optimum forecast model for every data set of interest without a prohibitive time outlay. The Neurosolutions Inﬁnity
program uses a pre-set formula incorporating Root Mean Square
Error (RMSE), mean absolute error (MAE) and correlation coeﬃcient (R) to evaluate the accuracy of different machine learning
topologies and conﬁgurations for each set of selected inputs tested.
Based on this formula, the program determines which model and
set of inputs is optimal. Table 4 shows the range of machine learning topologies automatically tested using Neurosolutions Inﬁnity, including different types of ANNs, fuzzy logic and support vector machines.
For the datasets used in this investigation, the optimal machine
learning model automatically selected by Neurosolutions Inﬁnity
was a general regression neural network (GRNN) [85]. The topology of this type of ANN is shown in Fig. 5 as a feedforward network that can be used to estimate a vector Y from a measurement
vector X. The network “learns” in one pass through the data and
can generalize from examples as soon as they are stored. During
training, the estimate converges to the conditional mean regression surfaces as more and more examples are observed. It forms
very reasonable regression surfaces based on only a few samples,
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Table 1
Summary of temperature proxy reconstructions used for analysis in this study.
Location

Proxy dates (AD)

Proxy types

Reference

Northern Hemisphere
Swiss Alps
Canadian Rockies
Northern hemisphere composite

1200–1950
950–1975
50–20 0 0

various lake sediments
tree rings
pollen, lake sediments, stalagmite, boreholes

[92]
[56]
[33]

Southern Hemisphere
Southern south America multiproxy
South Island, New Zealand
Tasmania

900–1995
90 0–20 0 0
10 0 0–1980

ice cores, tree rings, coral lake and marine sediment and instrumental data
tree rings
tree rings

[73]
[22]
[22]

Table 2
Spectral analysis for proxy temperature series in the Southern Hemisphere to 1830.

Date range (AD)
r2

New Zealand
900–1830
0.86

Sine

Period (years)

1
2
3
4
5
6
7
8
9
10

715.9
283.1
154.8
148.5
140.0
107.5
83.8
67.0
57.3
51.1

Southern South America
900–1830
0.85

Tasmania
10 0 0–1830
0.64

Power (%)

Period (years)

Power (%)

Period (years)

Power (%)

2.6
1.5
24.5
56.8
10.6
0.8
1.0
0.6
0.6
1.0

745.4
383.3
245.4
216.6
140.9
129.2
89.2
52.0

28.9
23.6
14.2
3.1
15.3
6.5
6.0
2.3

648.0
277.8
167.2
78.9
63.0
56.0
46.1

13.4
15.1
7.9
14.1
11.9
24.1
13.5

Table 3
Spectral analysis for proxy temperature series in the Northern Hemisphere to 1830.

Date range (AD)
r2

Canada
950–1830
0.70

Switzerland
1200–1830
0.80

Sine

Period (years)

Power (%)

Period (years)

Power (%)

Period (years)

Power (%)

1
2
3
4
5
6
7
8
9
10

442.3
270.7
190.1
119.1
68.7
46.5
41.9

19.7
29.6
27.6
10.5
6.7
3.2
2.9

722.1
345.8
138.1
104.9
78.7
67.7
35.5
35.4
25.5

0.9
2.1
0.2
0.7
1.1
0.2
46.4
48.2
0.3

1227.6
428.1
422.3
148.5
147.7
128.9
106.1
82.4
76.4
55.0

2.7
34.2
39.3
11.5
11.7
0.1
0.2
0.1
0.1
0.1

Table 4
Machine learning topologies and conﬁgurations screened using Neurosolutions Inﬁnity.
Machine learning topology

Conﬁgurations

Artiﬁcial neural network
Artiﬁcial neural network
Artiﬁcial neural network
Artiﬁcial neural network
Artiﬁcial neural network
Fuzzy logic
Support vector machine

Multilayer perceptron network
Jordan/Elmer networks
Time lag recurrent networks
Recurrent networks
Generalised regression neural networks (GRNN)
CANFIS networks
Support vector machine

and the estimate is bounded by the minimum and maximum of
the observations. The GRNN is similar in form to the probabilistic
neural network (PNN). Whereas the PNN ﬁnds decision boundaries
between categories of patterns, GRNN estimates values for continuous dependent variables.
The GRNN has the following advantages: single-pass learning
so no backpropagation is required; high accuracy in the estimation
since it uses Gaussian functions; and, it can handle noises in the
inputs (Fig. 1).

Northern hemisphere
50–1830
0.72

Table 5
Fit for NZ tree ring proxy with training for the
period 10 0 0–1830AD.

RMSE
Correlation

Spectral composite

ANN

0.185
0.870

0.075
0.979

A composite signal can be constructed from the sets of component sine waves through simple addition of the sinusoidal components. This composite signal can itself be used as the basis of
making projections of temperature. However, superior ﬁtting to the
temperature proxies are obtained by using the sine wave components and composite as input data. This was established by comparing the spectral analysis composite method versus the ANN
method for the training periods. The ANN method gave a higher
correlation and lower RMSE and therefore was judged superior, as
illustrated by the comparative results for the New Zealand data in
Table 5.
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Fig. 3. Proxy temperature record (blue) and neural network projection (orange) for
New Zealand tree rings proxy for test period between 1880–20 0 0. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the
web version of this article.)
Table 6
Selected inputs for New Zealand tree ring proxy
temperatures.
Inputs

Contribution (%)

Sum (Sine 6, Composite)
Sine 4
Sum (Sine 7, Composite)
Sum (Sine 10, Composite)

26.4
25.9
25.5
22.3

Fig. 1. Topology of the generalised regression neural network (GRNN).
Table 7
Selected inputs for southern South America proxy
temperatures.
Inputs

Contribution (%)

Sum(Sine 1, Composite)
Minimum(Sine 1, Composite)
Sine 8

45.8
38.8
15.4

Table 8
Selected inputs for Tasmanian tree ring proxy temperatures.

Fig. 2. Proxy temperature record (blue) and neural network output (orange) based
on input from spectral analysis for New Zealand tree rings proxy. Training period
900–1830; test period 1830–20 0 0. (For interpretation of the references to colour in
this ﬁgure legend, the reader is referred to the web version of this article.)

Inputs

Contribution (%)

Sine 4
Sine 5
Sine 7
Sine 2
Sine 1
Sum (Sine1, Sine2)
Sum (Sine 1, Sine 2, Sine 4, Sine 5)

18.7
18.4
16.5
11.6
11.5
8.4
14.8

3. Results
ANN models were generated for each of the six proxy records
shown in Table 1, with the proxy data and also the corresponding
values from the spectral analysis used as input. Output from each
of these models has been charted for the entire proxy period – enabling visual assessment of trends and also deviations between the
proxy temperature record and the ANN model outputs, as shown
in Figs. 2, 4, 6, 8, 10, and 12. In each chart, the blue line represents the observed/measured proxy values, and the orange line is
the ANN output. The ANN output corresponds to an optimization
of parameters with a training period from the start of the proxy
record to 1830. For the periods from 1830 to the end of each proxy
record, the ANN output corresponds to a projection using the parameters generated in the training process.
Of particular interest is the test period corresponding to the
post-industrial era from 1880 to 20 0 0 associated with introduction of anthropogenic greenhouse gases into the atmosphere, and
so this period is shown in more detail for each record in Figs. 3, 5,
7, 9, 11 and 13.

Tables 6–11 show the corresponding sets of spectral inputs selected by Inﬁnity for the optimised ANN models. In the case of
New Zealand, for example, four inputs were used to build the ANN
model, each contributing between 22% and 26% to the model, as
shown in Table 6.
The proxy measurements suggest New Zealand’s climate has
ﬂuctuated within a band of approximately 2 °C since at least 900
CE, as shown in Fig. 2. The warming of nearly 1 °C since 1940 falls
within this band. The discrepancy between the orange and blue
lines in recent decades as shown in Fig. 3, suggests that the anthropogenic contribution to this warming could be in the order of
approximately 0.2 °C.
Seven different sine waves were used by the ANN in the building of the model using the South American data, as shown in
Table 7. The proxy measurements indicate temperatures have historically ﬂuctuated within a band of approximately 1 °C. The measurements since 1880 show a gradual increase, with the proxy
measurements to 20 0 0 slightly higher than the projection by the
ANN model.
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Table 9
Inputs for Canadian Rockies tree rings proxy
temperatures.
Inputs

Contribution (%)

Sine 3
Sine 2
Sine 1
Sine 7
Composite
Sum(Composite, Sine2)

26.2
15.5
13.8
4.2
27.5
12.8

Table 12
Average deviation between proxy temperature record and ANN projection for the period
from 1880 to end of proxy records.
Location

Deviation (°C)

Canadian Rockies
Northern Hemisphere
Switzerland
Tasmania
New Zealand
Southern South America

0.06
0.09
0.20
0.14
0.20
0.06

Table 10
Inputs for Swiss varved lake sediment proxy temperatures.
Inputs

Contribution (%)

Sine 8
Sine 6
Composite
Difference (Sine 9, Sine 2)
Sine 2
Minimum(Sine 6, Sine 2)

21.8
20.2
19.4
17.2
13.0
8.5

Table 11
Inputs for northern hemisphere multi-proxy temperatures.
Inputs

Contribution (%)

Minimum(Composite, Sine 1, Sine 7)
Sum(Composite, Sine 1, Sine 3, Sine 7)
Minimum(Sine 1, Sine 9)
Minimum(Sine 9, Sine 1)

36.7
28.2
18.8
16.3

The Tasmanian tree ring proxies also ﬂuctuate within a band of
approximately 1 °C, but showing a signiﬁcant fall in temperatures
in the early 1900s, evident in Figs. 6 and 7. The ANN projects an
increase that is somewhat less than measurements from the proxies, as shown in Fig. 7.
The proxy record from the Canadian Rockies oscillates within a
slightly broader band and shows a more consistent warming trend
since the 1880, as evident in Figs. 7 and 8.
The proxy measurements from Switzerland suggest more recent oscillations, with temperatures hotter in the late 1800s, cooling, and then increasing towards the middle of last century –
as shown in Figs. 10 and 11. The record for the entire Northern
Hemisphere suggests warming to 10 0 0 CE, then cooling through
a period known as The Little Ice Age, before the recent warming,
Figs. 12 and 13.
To summarize, Figs. 3, 5, 7, 9, 11 and 13 indicate that the
period from 1880 to the end of the proxy records shows general correspondence between the projections generated by ANN
output (which is based on input using extrapolation of natural oscillations from the pre-industrial era), and the actual proxy
temperature measurements. Importantly, an upward trend is generally apparent for both the proxy measurements and the ANN
model projection for the 20th century. This would suggest that the
increase in temperature over the last 100 years can be largely attributed to natural phenomena.
The actual measured deviations between the proxy temperature record and neural network projection from 1880 are shown in
Table 12. Values are based on the mean absolute errors between
proxy measurements and model projection.
4. Discussion
The most recent IPCC report AR5 [87] states that global averaged surface temperatures increased by 0.85 °C for the period 1880
to 2012, and that most of the warming since 1900 is attributable
to increasing atmospheric concentrations of greenhouse gases from

human emissions. This ﬁnding is based on calculations derived
from the output of GCMs, with the mean equilibrium climate sensitivity (ECS) based on 30 of these models determined to be 3.2 °C
[30], as shown in Table 13.
The ECS refers to the equilibrium change in global mean nearsurface air temperature that would result from a sustained doubling of the atmospheric (equivalent) carbon dioxide concentration.
It is derived from the GCMs, together with a set of external radiative forcing (RF) functions [11,30,71]. The external radiative forcing functions were initially based on the work of Svante Arrhenius
in the 19th century, who ﬁrst proposed that a doubling of atmospheric carbon dioxide could lead to a 5 to 6 °C increase in global
temperatures [12]. These estimates have since been progressively
revised down, but are generally much larger than estimates from
those working from a basis of experimental spectroscopy, as shown
in Table 13.
A key difference in the results from spectroscopy versus GCMs
relates to the treatment of water vapour. IPCC-aﬃliated climate
scientists explicitly excluded water vapour in the calculation of
radiative forcing. While early experimental work quantiﬁed the
molecular absorption, radiation and collisional interactions of carbon dioxide relative to the other dominant greenhouse gases including water vapour because of the partial overlap in absorption
bands and therefore competition between these gases for available
infrared radiation [13].
Lightfoot and Mamer [50], like Barrett [13], consider water
vapour the dominant greenhouse gas, and use spectroscopic analysis and worldwide hourly measurements of atmospheric temperature and relative humidity to estimate an ECS of only 0.33 °C for
a doubling of carbon dioxide, as shown in Table 13. Laubereau
and Iglev [45] reported measurements in the infrared region with
pure CO2 using a cell of path length 10 cm. These laboratory spectroscopy results were then applied to a ﬁve-layer atmospheric
model, including a surface layer and four layers to quantify greenhouse effect. Using the reported increase in atmospheric CO2 concentration from 290 to 385 ppm between 1880 and 2010. These researchers derived a direct temperature rise attributable to CO2 of
about 0.26 °C. Even including the simultaneous feedback effect of
atmospheric water vapour, they determined that CO2 contributed
somewhat less than 33% of its reported contribution to reported
global warming of approximately 1.2 °C. Based on spectroscopic
studies, Wilson and Gea-Banacloche [98] also suggest an ECS of
less than 1 °C, as shown in Table 13.
There is an order of magnitude difference between the ECS estimates in the latest IPCC report [87] and the ﬁndings from these
spectroscopic methods.
Our technique using spectral analysis and machine learning represents an alternative way of calculating an approximate ECS value,
and thus potentially reconciling the difference between the output
from GCMS and the results from spectroscopy – and indeed the
other methods listed in Table 13. In particular, by calculating the
difference between the temperatures actually recorded in the 20th
century, and values that are likely to have been recorded in the ab-
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Table 13
Methods for separating natural and anthropogenic climatic temperature variation and associated values of equilibrium climate sensitivity (ECS).
Reference

Equilibrium Climate Sensitivity (°C)

Range (°C)

1. General Circulation Models/Radiative Forcing
[30] (Table 9.5)
3.2

2–4.5

2. Energy balance models
[84]

1.8

0.9–3.2

[46]
[38]

1.64
0.6

1.25–2.45
0.5–0.7

[47]

1.66

0.7–3.2

[52]

0.6

[9]

2.0

1.2–3.5

[16]

1.9

1.2–2.6

[61]

1.98

1.19–5.15

[86]

0.4

3. Oscillatory cycles
[95]

2.0

1.7–2.3

[55]

1.99

1.75–2.23

[82]

1.5

1.0–2.3

Present study

0.6–0.8

4. Spectroscopic methods
[50]
[45]

0.33
0.8

[98]

0.9

5. Palaeoclimate studies
[83]

2.3

[39]

2.5

sence of human emission of carbon dioxide, using a projection of
the neural network output based on optimisations in neural network training periods prior to 1830.
The values in Table 12 show the average deviation between the
measured proxy temperatures and the ANN projections for the period from 1880 – assuming a set of natural oscillatory cycles unaffected by human emissions. The average deviation varies from 0.06
to 0.20 °C. Taking the largest value of 0.20 °C, which represents the
greatest potential difference between anticipated and actual temperatures during a period when carbon dioxide levels increased by
approximately 100 ppm, we calculate an estimated ECS of 0.6 °C for
a doubling of atmospheric carbon dioxide. This is a crude estimate,
and it is of the same order of magnitude as the estimates using
spectroscopic methods, as shown in Table 13.
Our method for calculating an ECS is possible because the ANN
models could effectively reproduce historical temperature proﬁles,
as shown by Figs. 2, 4, 6, 8, 10 and 12. The historical proﬁles indicate that prior to industrialization the climate underwent oscillations up to approximately 1 °C either side of a mean value, and
that this pattern continued into the 20th century. The proxy mea-

Method

Ocean heat content and global
temperatures
Global energy budget
Two layers (atmosphere and ground)
acting simultaneously as absorbers
and Planck radiators, with additional
heat transfer between these layers
due to convection and evaporation.
Energy balance model using ocean
diffusivity
Fluctuations in sea surface
temperatures and concurrent
ﬂuctuations in top-of-atmosphere
outgoing radiation
Ocean heat content and global
temperature
Ocean heat content and global
temperature
Ocean heat content and surface
temperatures
Heat transfer/radiation exchange
Multi-scale climate response model
ﬁtted to temperature records with
time scales ranging from a year to a
millennium, linked to solar irradiance
Periodic temperature oscillations
associated with the Paciﬁc Decadal
Oscillation and Atlantic Multidecadal
Oscillation
Model based on decadal and
multi-decadal oscillations with
astronomical origins

Experimental measurements
Spectroscopic measurements on
optically thick samples of CO2
Spectroscopy and radiative transfer
equations
1.7–2.6

Sea and land surface temperature
reconstructions from last glacial
maximum
Model using last glacial maximum

surements based on tree rings from New Zealand, for example,
indicate that temperatures ﬂuctuated naturally within a band of
approximately 2 °C. The proxy measurements from 1880 to 1940
shows overall cooling for this region. This is inconsistent with
global trends, but consistent with the raw instrumental record for
nearby eastern and south-eastern Australia [25,60].
As pointed out by Scafetta [82], a major limitation of GCMs is
that they do not adequately generate the necessary amplitude of
temperature oscillations apparent in proxy records extending back
over several millennia. The relatively small attribution to natural
phenomena leads to temperature proﬁles typiﬁed by the “hockey
stick” [58,59]. However, the majority of proxy temperature proﬁles
found in the literature over the past several millennia, whether local or regional, do not resemble this hockey stick proﬁle, but rather
exhibit signiﬁcant amplitude in oscillations over the past several
millennia. For example, many regional temperature proxies for the
northern hemisphere show pronounced cyclical behaviour corresponding to the Medieval Warm Period (MWP) and the Little Ice
Age (LIA) [36,54,77,90], as shown in Fig. 12.
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Fig. 4. Proxy temperature record (blue) and neural network output (orange) based
on input from spectral analysis for regional southern South America multiproxy
temperatures. Training period 900–1830; test period 1830–1995. (For interpretation
of the references to colour in this ﬁgure legend, the reader is referred to the web
version of this article.)

Fig. 5. Proxy temperature record (blue) and neural network projection (orange) for
regional southern South America for test period 1880–1995. (For interpretation of
the references to colour in this ﬁgure legend, the reader is referred to the web
version of this article.)

Fig. 6. Proxy temperature record (blue) and neural network projection (orange)
based on input from spectral analysis for Tasmanian tree ring proxy temperatures.
Training period 10 0 0–1830; test period 1830–1980. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of
this article.)

As illustrated in the IPCC AR5, the output of some GCMs can
reasonably replicate the observed global mean surface temperature
proﬁle between 1860 and 2010 with appropriate selection of natural and anthropogenic forcings (Fig. 10.1, [17]). However as discussed by Scafetta [81] in contrasting hockey stick temperature
reconstructions [23,58] against many temperature reconstructions
of the Norther Hemisphere [21,53,59,66], there are shortcomings
when the past several millennia are considered. As pointed out

Fig. 7. Proxy temperature record (blue) and neural network projection (orange) for
Tasmanian tree ring proxy temperatures for test period 1880–1980. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the
web version of this article.)

Fig. 8. Proxy temperature record (blue) and neural network projection (orange)
based on input from spectral analysis for Canadian Rockies tree-ring proxy temperatures. Training period 950–1830; test period 1830–1975. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version
of this article.)

Fig. 9. Proxy temperature record (blue) and neural network projection (orange)
based on input from spectral analysis for Canadian Rockies tree-ring proxy temperatures for test period 1880–1975. (For interpretation of the references to colour
in this ﬁgure legend, the reader is referred to the web version of this article.)

by Scafetta [81], while the temperature reconstruction from GCMs
predict a cooling of just about 0.2 °C, or less, from the Medieval
Warm Period to the Little Ice Age of the 16–19th centuries, many
Northern Hemisphere temperature reconstructions actually show a
variability during the same period of about 0.6–0.7 °C. The large
climatic variability observed since the medieval times can be correctly interpreted only if the climatic effects of natural variations,
such as solar variability, on the climate have been severely underestimated by the climate models by a 3 to 6 factor and simultaneously the climatic effect of the radiative forcings, including the
CO2 forcing, has been overestimated by at least a factor of 2 [48].
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Fig. 10. Proxy temperature record (blue) and neural network projection (orange)
based on input from spectral analysis for Swiss varved lake sediment proxy temperatures. Training period 1200 – 1830; test period 1830–1950. (For interpretation
of the references to colour in this ﬁgure legend, the reader is referred to the web
version of this article.)

Fig. 11. Proxy temperature record (blue) and neural network projection (orange)
for Swiss varved lake sediment for test period 1880–1950. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version
of this article.)

Fig. 12. Proxy temperature record (blue) and neural network projection (orange)
based on input from spectral analysis for northern Hemisphere multiproxy. Training
period 50 to 1830; test period 1830–20 0 0. (For interpretation of the references to
colour in this ﬁgure legend, the reader is referred to the web version of this article.)

The occurrence of a period as warm as the present, back approximately 10 0 0 years, is also supported by oral histories [44] and
detailed archaeological research [69]. For example, excavation of
Inuit and Norse settlements in Northwest Greenland indicate this
region was only inhabitable for a period from 985 CE until approximately 1200 CE [42,62,63]. The subsequent period corresponding
to the Little Ice Age in the proxy temperature record was too cold
for human inhabitation of Greenland. Colonisation in recent times
again corresponds with the recent warmer epoch – with continuous colonisation of Upernavik not possible until 1826 [96]. The
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Fig. 13. Proxy temperature record (blue) and neural network projection (orange)
based on input from spectral analysis for northern Hemisphere multiproxy for test
period 1880–20 0 0. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

changes in the local climatic conditions are thought to have been
a consequence of change in global oceanic circulation patterns,
which manifested as changes in the strength of the sea current in
the Davis Strait, which in turn affected the quantity, frequency and
time of arrival of sea ice [96].
Our research was also informed by other studies based on natural oscillations, as listed in Table 13. As in the present study, Loehle
[55] and Scafetta [82] take the approach that sets of natural cycles
are embedded in both proxy and instrumental temperature proﬁles. If these cycles can be at least approximately quantiﬁed, then
the residual temperature changes not accounted for in simulations
of the combination of oscillations can be associated with anthropogenic radiative forcings during the industrial era.
One approach is to initially specify a set of well-deﬁned oscillations associated with natural phenomena. For example, Loehle
[55] considered two internal periodic temperature oscillations, associated with the Paciﬁc Decadal Oscillation and the Atlantic Multidecadal Oscillation. The combined effect of these two oscillations
was subtracted from surface temperature data to leave a linear signal, identiﬁed with an anthropogenic inﬂuence corresponding to
an ECS of 1.99 °C. Zhou et al. [104] reported that when natural oscillations are considered, in particular the Atlantic multi-decadal
oscillation, previous estimations of anthropogenic warming need to
be substantially reduced, probably by a factor of at least 2.
Another approach is to examine temperature proﬁles using
spectral analysis to identify a set of oscillations, which may subsequently, at least tentatively, be associated with known natural
cycles. Scafetta [82] concluded that 50–60% of the recent postindustrial global warming can be attributed to natural oscillations
particularly of solar origin, corresponding to an ECS value of 1.5 °C.
He pointed out that the oscillations are not reproduced by current
GCMs, and consequently these models omit important ‘forcings’ of
the climate system and related feedbacks. This model comprised
six oscillatory modes corresponding to a set of six oscillations with
periods of about 9.1, 10–12, 19–22 and 59–63, ∼115 and (∼983
years) plus a climate component regulated by the chemical properties of the atmosphere (e.g. greenhouse gases and aerosols).
The approach used in the present investigation ﬁrst applies
spectral analysis to generate a set of sine waves, and subsequently,
in the second step uses this data as input into a neural network.
This potentially enables greater ﬂexibility in ﬁtting the temperature proﬁles during the training process. As one moves from the
simplest approach, specifying the oscillations, then to application
of spectral analysis, and ﬁnally to the application of both spectral
analysis neural networks, the value of the associated ECS decreases
(Table 13) as might be expected with fewer constraints imposed.
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A fourth method of calculating ECS relies on application of energy balance models to the atmosphere and oceans to account for
transfer of heat and temperature variations. Examples of these investigations are shown in Table 13, with ECS values in the range
0.6 to 2.0 °C. These values are also lower than the mean value of
3.2 °C derived from GCMs, again suggesting that there would be
a requirement for increased contributions associated with natural
phenomena to explain the observed 20th century warming. Furthermore, the lowest estimates from these models correspond with
our estimate of 0.6 °C.
The ﬁnal method illustrated in Table 13 is associated with
palaeo-climatic studies [28]. For example, Lim et al. [51] concluded,
from proxy-based investigations, that both cyclical solar forcing
as well as the anthropogenic greenhouse gas forcing have been
important in increasing the global mean temperature during the
present warm period. Using climate proxy data, they suggested
that solar forcing explains 30–50%, and greenhouse gas forcing explain 50–70% of the increase in global mean surface temperatures
during this period, respectively. Table 13 shows examples of investigations using palaeo-climatic studies generating ECS values of 2.3
and 2.5 °C.
While global trends can be calculated, there is signiﬁcant geographic variability and this further adds to the large uncertainties
in the relative contributions of anthropogenic and natural phenomena to global warming in the industrial era [7,31,34,73,103].
There is obvious merit in attempting to construct physical
models to understand simulate and forecast climatic phenomena.
However the inherent complexity of the earth’s climatic system
should lead to caution in the conﬁdence of model outputs, particularly when important characteristics such as oscillatory behaviour
[81] and the late 20th century hiatus in atmospheric temperature increase [37,41] are not well replicated in outputs. An alternative is to approach, as demonstrated here, does not require a
prior understanding of the physical processes, but adequate data
and appropriate machine learning techniques. This approach may
also eventually lead to better understanding of the physical processes through identiﬁcation of important cyclical phenomena and
their interactions. In some cases it has been demonstrated that the
machine learning approach consistently outperforms the physical
models, for example when applied to medium-term rainfall forecasting [5,6].

5. Conclusions
The uptake of machine learning, and speciﬁcally ANNs, in climate science has generally been slow compared to many other
ﬁelds. This may in part be due to the heavy investment in physical models, particularly GCMs, over the past two decades and their
importance to the theory of anthropogenic global warming. However, the complexity of the climate systems and limited understanding of all the physical processes leads to large uncertainties
in the results generated –including the Equilibrium Climate Sensitivity (ECS). The present investigation attempts to reconcile ECS
calculations from GCMs versus experimental methods.
Using proxy records from a limited number of geographic locations, decomposing these through signal analysis and then using
the resulting component sine waves as input into ANN models has
enabled us to generate projections of temperatures for the period
from 1880 to 20 0 0 based on natural climate cycles. These temperature projections indicate warming due to natural climate cycles
would be in the range 0.6 to 1 °C, depending on geographical location. The difference between our model output and actual recorded
values was at most 0.2 °C. Knowing the corresponding rise in atmospheric carbon dioxide levels over this same period has enabled us
to estimate an ECS of 0.6 °C, which is approximately equivalent to

values from experimental spectroscopic studies and the lowest estimates from energy balance models.
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