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ABSTRACT

A strategy using statistically optimal fingerprints to detect anthropogenic climate change is outlined and
applied to near-surface temperature trends. The components of this strategy include observations, information
about natural climate variability, and a ‘‘guess pattern’’ representing the expected time—space pattern of an-
thropogenic climate change. The expected anthropogenic climate change is identified through projection of the
observations onto an appropriate optimal fingerprint, yielding a scalar-detection variable. The statistically optimal
fingerprint is obtained by weighting the components of the guess pattern (truncated to some small-dimensional
space) toward low-noise directions. The null hypothesis that the observed climate change is part of natural
climate variability is then tested.

This strategy is applied to detecting a greenhouse-gas-induced climate change in the spatial pattern of near-
surface temperature trends defined for time intervals of 15-30 years. The expected pattern of climate change is
derived from a transient simulation with a coupled ocean—atmosphere general circulation model. Global gridded
near-surface temperature observations are used to represent the observed climate change. Information on the
natural variability needed to establish the statistics of the detection variable is extracted from long control
simulations of coupled ocean—atmosphere models and, additionally, from the observations themselves (from
which an estimated greenhouse warming signal has been removed ). While the model control simulations contain
only variability caused by the internal dynamics of the atmosphere—ocean system, the observations additionally
contain the response to various external forcings (e.g., volcanic eruptions, changes in solar radiation, and residual
anthropogenic forcing). The resulting estimate of climate noise has large uncertainties but is qualitatively the
best the authors can presently offer.

The nuil hypothesis that the latest observed 20-yr and 30-yr trend of near-surface temperature (ending in
1994) is part of natural variability is rejected with a risk of less than 2.5% to 5% (the 5% level is derived from
the variability of one model control simulation dominated by a questionable extreme event). In other words, the
probability that the warming is due to our estimated natural variability is less than 2.5% to 5%. The increase in
the signal-to-noise ratio by optimization of the fingerprint is of the order of 10%-30% in most cases.

The predicted signals are dominated by the global mean component; the pattern correlation excluding the
global mean is positive but not very high. Both the evolution of the detection variable and also the pattern
correlation results are consistent with the model prediction for greenhouse-gas-induced climate change. However,
in order to attribute the observed warming uniquely to anthropogenic greenhouse gas forcing, more information
on the climate’s response to other forcing mechanisms (e.g., changes in solar radiation, volcanic, or anthropo-
genic sulfate aerosols) and their interaction is needed.

It is concluded that a statistically significant externally induced warming has been observed, but our caveat
that the estimate of the internal climate variability is still uncertain is emphasized.
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Detecting Greenhouse-Gas-Induced Climate Change with an Optimal Fingerprint Method

1. Introduction

Numerous model simulations predict a human-in-
duced change in the mean state of climate due to the
increasing concentration of greenhouse gases in the at-
mosphere. Many previous studies have tried to detect
such a change in observations, usually in global, an-
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nually averaged near-surface temperature data. The ob-
served 100-yr trend in global mean temperature has
been shown to be larger than can be explained by the
noise generated by a simple climate model (Wigley and
Raper 1990, 1991) or by a coupled ocean—atmosphere
general circulation model (CGCM; Stouffer et al.
1994), but it has not been possible to attribute the
change to the greenhouse gas forcing. Rather than pre-
selecting some arbitrary climate index (e.g., global
mean temperature ) for detection, several authors have
proposed the use of fingerprint methods, in which our
knowledge of the expected pattern of climate change
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is used to enhance the possibility of detecting and at-
tributing anthropogenic climate change (e.g., Barnett
1986, 1991; Barnett and Schlesinger 1987; Hasselmann
1979, 1993; Madden and Ramanathan 1980; Barnett et
al. 1991; Santer et al. 1993b). In a summary of the
state of the art of anthropogenic climate change detec-
tion, Wigley and Barnett (1990) concluded that at that
time the detection efforts were not yet statistically con-
vincing. The basic difficulties and uncertainties that im-
pede the detection of climate change are discussed in
Santer et al. (1993a). In two parallel papers, Santer et
al. (1993b, 1995a) tried to detect anthropogenic cli-
mate change using centered and uncentered pattern cor-
relations between the time-varying spatial patterns of
observed near-surface temperature changes and the
time-independent signal patterns derived from a num-
ber of equilibrium experiments and one transient re-
spornse experiment using atmospheric general circula-
tion models (AGCMs) coupled to a simple ocean. Here
“‘uncentered correlation’” refers to a correlation of the
pattern including the spatial mean (sometimes called
‘‘pattern similarity index,’’ Barnett et al. 1991); “‘cen-
tered correlation’’ refers to the correlation of deviation
patterns, where the spatial mean has been subtracted.
While the earlier studies considered only signals re-
sulting from a doubling of atmospheric CO,, more re-
cent work has also analyzed experiments with com-
bined CO,—sulfate aerosol forcing. If the spatial means
were subtracted, little evidence for time-increasing spa-
tial congruence between the simulated annual mean
greenhouse warming patterns and observed near-sur-
face temperature changes was found in either of the
two studies. However, in the case of the combined
CO,—sulfate aerosol forcing, the seasonal temperature
change patterns yielded multidecadal positive trends in
the pattern correlation statistics (Santer et al. 1995a).
Karoly et al. (1994) also found positive trends in the
pattern correlation between observed and simulated an-
nual and zonal mean vertical profiles of atmospheric
temperatures for equilibrium greenhouse warming ex-
periments. Santer et al. (1996b) found a similar agree-
ment using combined forcing simulations. A full sum-
mary of the findings of recent pattern-based detection
studies is given in the 1995 IPCC report (Houghton
and Meira Filho 1996; cf. Santer et al. 1996a).

Simulations with more realistic CGCMs have greatly
improved the two basic inputs needed for signal detec-
tion: they have provided estimates of the time-depen-
dent spatial pattern of the climate response under tran-
sient global warming conditions and the space—time
structure of the natural variability of the climate sys-
tem. With this new information, attempting a quanti-
tative statistical detection of greenhouse-gas-induced
global warming using advanced fingerprint techniques
has gained in feasibility.

We propose and apply in the following a method for
detecting anthropogenic climate change in accordance
with a general strategy described in Pennell et al.
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(1993). The method uses an optimal fingerprint ap-
proach introduced by Hasselmann (1979). In a later
paper, Hasselmann (1993) extended the optimization
formalism for spatially dependent signal patterns to the
general space—time-dependent case and to the simulta-
neous application of several fingerprints (e.g., to super-
imposed signals generated by the individual forcings of
different greenhouse gases and sulfate aerosols). Similar
methods have been proposed by Bell (1982, 1986) and
North et al. (1995). The optimal fingerprint strategy has
been previously applied to ocean climate change indices
derived from CGCM global warming simulations using
natural variability estimates from ocean GCM simula-
tions (Santer et al. 1995b). The authors found that al-
though the method is rather sensitive to the noise char-
acteristics used for the optimization, the multivariate op-
timal fingerprint approach yielded a marked detection
enhancement in the model world.

We apply the optimal fingerprint here to near-surface
temperature observations. CGCM simulations predict
accelerating trends of global mean temperature in the
second half of this century due to anthropogenic green-
house gas forcing (e.g., Cubasch et al. 1992, 1994,
1995) and, more recently, greenhouse gas and aerosol
forcing (Mitchell et al. 1995; Hasselmann et al. 1995).
Thus, rather than considering the 100-yr trend, as most
earlier investigations, we focus on the temperature
trends for time intervals of 15-30 years, which em-
phasize the recent warming signal. The chosen trend
lengths are a compromise between an emphasis on the
accelerating nature of the anthropogenic signal (re-
quiring a short time interval ) and the reduction of nat-
ural variability noise (requiring a large time interval).
We attempt to identify a model-derived greenhouse-
warming-only signal in the observed data; the exten-
sion to a signal including both greenhouse warming and
aerosol cooling is straightforward (Hasselmann et al.
1995). The greenhouse gas forcing is represented in
the model simulation in terms of ‘‘equivalent CO,”’
concentrations (Houghton et al. 1990), in which the
net radiative forcing contribution of all anthropogenic
greenhouse gases are expressed in terms of an in-
creased CO, concentration.

All a priori information regarding the anticipated
greenhouse warming signal is derived from model sim-
ulations. Special efforts are devoted to estimating nat-
ural variability since the outcome of any statistical sig-
nificance test is crucially dependent on the climate
noise estimate (see, e.g., Santer et al. 1995b). Esti-
mates of the natural variability of the climate system
are gained from both model and observational data. In
this paper, we refer to unforced variability associated
with the internal dynamics of the ocean—atmosphere
system as ‘‘natural variability.”” We are aware that, ide-
ally, ‘‘natural variability’’ would refer to all naturally
occurring climate fluctuations, also including naturally
occurring external forcings like volcanic eruptions or
solar radiation changes. However, at the present time,
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these have not yet been incorporated into long climate
model simulations. Uncertainties exist whether present
climate models are able to reliably simulate internal
climate variability on timescales of decades to centuries
and to the extent to which observations are influenced
by various possible external forcing mechanisms. The
observations since the last century will presumably
contain an evolving greenhouse gas signal and addi-
tionally the signatures of other anthropogenic forcings,
for example sulfate aerosols. We subtract an estimate
of the greenhouse gas signal from the observed data
using a simple response model that has been fitted to a
transient climate change simulation (Hasselmann et al.
1993; Cubasch et al. 1995; Tahvonen et al. 1993).

The structure of this paper is as follows. Section 2
describes the strategy for detecting anthropogenic cli-
mate change. In section 3, we apply this strategy to
near-surface temperature data using as a fingerprint the
spatial pattern of expected trends. In section 4, an op-
timal fingerprint is applied and the results are dis-
cussed, from which we infer that a statistically signif-
icant warming has occurred. Section 5 addresses the
question whether the warming can be attributed to an-
thropogenic greenhouse gas forcing. Our conclusions
are summarized in section 6.

2. Detection strategy

The first steps of the detection strategy are to choose
variables that permit a distinction between the signal of
anthropogenic climate change and the climate’s natural
variability (section 2a) and define a ‘‘guess pattern’’
representing the anticipated climate change signal in
terms of these variables (section 2b). The fingerprint
(which is a contravariant vector contrary to the covar-
iant guess pattern and signal pattern; Hasselmann
1979) is then either chosen as identical to the guess
pattern (‘‘guess-pattern fingerprint’’) or statistically
optimized ( ‘‘optimal fingerprint,’” section 2¢). Finally,
we test the null hypothesis that the observed climate
change originates from natural variability (section 2d).

a. Selection of climate change variables

Formally, all climate variables for which sufficiently
reliable observations and simulations exist are accept-
able for the fingerprint method. An overview of the
quality criteria for both observed and model data are
given by, for example, Wigley and Barnett (1990) and
Santer et al. (1991, 1993a), while investigations of
suitable variables for detection purposes are given in
Barnett et al. (1991) and Santer et al. (1994). If a large
set of variables is used, the optimal fingerprint method
automatically assigns higher weight to variables with
high signal to noise ratio. However, to simplify the
analysis, it is advisable in practice to reduce the number
of degrees of freedom by preselecting the variables on
the basis of prior estimates of signal to noise ratios.
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We use only one variable, near-surface temperature,
for the detection test. Near-surface temperature has
been observed for a comparatively long time, providing
reasonably good information on the time-dependence
of the observed climate change and on observed cli-
mate variability on decadal timescales. Also, results
from a control run and a time-dependent greenhouse
warming experiment using the Hamburg coupled
ocean—atmosphere model (Cubasch et al., 1992) sug-
gest that the signal to noise ratio is higher for this vari-
able than for other variables such as sea level pressure
(Santer et al. 1994).

We consider then a climate vector ¥ = (¥,---¥,)
in the ‘‘detection space’ V. In the climate change de-
tection method of Hasselmann (1993), the climate
change signal is regarded as a space—time-dependent
pattern, consisting of the values of the selected vari-
ables, in this case the (2 + 1) dimensional near-surface
temperature field T(x, r). The spatial representation
could be, for example, a (gridded) or irregular (sta-
tions) distribution or an expansion with respect to
spherical harmonics or EOFs (empirical orthogonal
functions); while the time-behavior of the variable
could be represented by average values over certain
discrete time intervals (for example annual mean tem-
peratures ) or by Fourier coefficients.

However, in the present paper we apply only a sim-
plified version of Hasselmann’s technique in which the
time dependence of the signal is represented locally as
a linear trend over some suitably chosen, relatively
short time interval 7. If 7 is much smaller than the
observation period, we can obtain an estimate of the
natural climate variability also from the observations.
We consider this an advantage that is worthwhile fore-
going the possibility of optimizing the fingerprint with
respect to the time-integration (cf. Hasselmann 1993).
The choice of the trend length of 15-30 years is a
compromise between obtaining a reasonable natural
variability estimate from the relatively short (~130
years) observation period on the one hand and the
stronger noise component in short trends on the other.

In practice, the original data must be truncated also
in space to some smaller dimensional space to apply
the optimal fingerprint method (Hasselmann 1979,
1993). We come back to this point below.

b. The fingerprint approach

Fingerprint methods use some univariate pattern
similarity index, or, more generally, a low-dimensional
detection vector to compare the observations with the
expected climate change pattern (see, e.g., Hasselmann
1979, 1993; Barnett et al. 1991). This operation can
also be understood as applying a filter to the observa-
tions, the optimal fingerprint representing an optimally
matched filter (Hasselmann 1979; North et al. 1995).
This has advantages compared with the two extremes
of trying to assess a significant climate change in the
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full climate variable space or simply using a mean
value.

» In general, the power of statistical significance
tests in the original selected n-dimensional detection
space V is very low. The significance of a given but
unknown signal embedded in a noise background de-
creases rapidly with increasing dimension of the space
(Hasselmann 1979; von Storch and Roeckner 1983;
Bell 1986). Fingerprint approaches reduce the detec-
tion problem to a univariate or low-dimensional prob-
lem in the detection variable.

¢ Contrary to approaches using, for example, a mean
value only, fingerprint methods use the full expected
pattern of climate change and thus increase the chances
of detecting an anthropogenic climate change and at-
tributing it to the assumed forcing.

Hasselmann proposed projecting the n-dimensional
space V onto a smaller number of variables by forming
the scalar products d, = f} ¥ of the vector ¥ in V with
a relatively small number of suitably selected finger-
prints f,, p = 1,2, - - -. In this paper, however, we shall
consider only a single fingerprint f [the general multi-
fingerprint case is discussed in Hasselmann (1979)
and, in the present terminology, in Hasselmann
(1993)]. This yields the single scalar-detection vari-
able:

d=1"", (1)

We will derive the optimal fingerprint pattern from
an uncentered signal pattern, that is, without subtrac-
tion of the spatial mean. Thus, the detection variable d
(for a nonoptimized fingerprint) is similar to the C(¢)
statistic used in Barnett et al. (1991) and in Santer et
al. (1993b, 1995a). As pointed out by Santer et al.
(1993b) and Barnett et al. (1991), such a statistic will
reflect the increase in global mean temperature in the
observations as well as the pattern correlation. The con-
tribution of the pattern mean to the detection variable
depends on the structure of the fingerprint and can
range from a 100% (for a spatially uniform fingerprint)
to zero (for a fingerprint with zero mean). In the case
of the greenhouse warming signal, the mean warming
is expected to be the dominant component of the green-
house-gas-induced climate change (North and Kim
1995). We take the point of view here that both the
global mean and the spatial structure of the deviation
about the mean contribute to the description of the
greenhouse warming signal and that using both in-
creases the chances of detecting climate change. We
discuss the contribution of each component to our re-
sults, as well as the implication for attributing a signif-
icant change to the greenhouse gas forcing later in the
paper.

From a statistical point of view, the fingerprint is
merely a tool. It is important only that it is defined a
priori, without reference to the observed data, in order
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to ensure a statistically independent detection test. A
fingerprint cannot be statistically ‘‘right’” or ‘‘wrong”’
but only ‘“‘well chosen’” or ‘‘inadequate.”” A good
choice of the fingerprint, based on the best available
knowledge of the selected variable space, increases the
chances for detection. We have chosen the fingerprint
from of the output of a greenhouse warming simulation.
It is important to note that if the observed data contain
responses in addition to the greenhouse warming sig-
nal, for example, an anthropogenic aerosol signal, a
fingerprint that is based only on the anticipated green-
house warming signal is not ‘‘wrong’’ but merely sub-
optimal.

¢. The optimal fingerprint

If the fingerprint shares some common features with
typical patterns of natural climate variability, the de-
tection variable will be contaminated by natural vari-
ability noise. A statistically optimal fingerprint, which
maximizes the signal to noise ratio, can be obtained by
rotating the fingerprint relative to the anticipated signal
pattern away from the directions of high noise.

Hasselmann (1979, 1993) showed that the square
signal to noise ratio

2
is maximized by choosing
f=C'g where C=¢e(¥P7T). 3)
Here g denotes the ‘‘guess pattern,”” which is as-

sumed to represent the expected signal of climate
change W, in V (possibly up to an unknown ampli-
tude); C is the covariance matrix of the random climate
noise variable ¥; d = W, d = fT¥, and d;
= fTW; are the detection variable for climate noise, the
observed climate change, and the pure signal of climate
change, respectively; and ¢ denotes the expectation.
The approach has been applied by Hannoschock and
Frankignoul (1985) to AGCM sea surface temperature
response experiments and by Santer et al. (1995b) to
the detection of ocean global warming in a model sim-
ulation study. , .

The relation (2) is more easily interpreted if ¥ is
represented in its EOF coordinates, so that the matrices
C and C! are diagonal. The optimal fingerprint is then
obtained by weighting each coordinate of the guess-
pattern fingerprint g; by the inverse of the associated
EOF-eigenvalue (variance) \;: f; = g;/\;, thereby en-
hancing components with small noise A,;.

The fingerprint is optimal only if the guess-pattern
fingerprint does indeed represent the correct signal of
anthropogenic climate change. An error in the guess
pattern, for example, due to noise in estimating the pat-
tern from a CGCM simulation, results in a suboptimal
fingerprint and thus in an underestimate of the true sig-
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nal to noise ratio. In this sense the detection method is
conservative.

We normalize to unity both the guess-pattern finger-
print and the optimal fingerprint before computing the
detection variable. Then signal and noise can be com-
pared prior to and after optimization by means of the
detection variable. In both cases, the value of the de-
tection variable can be used for estimating the ampli-
tude of the climate change signal (Hasselmann 1993;
North et al. 1995; Hegerl and North 1996, manuscript
submitted to J. Climate). Note that if the optimal fin-
gerprint is applied, the value of the detection variable
will decrease for the climate change signal. The benefit
of rotation is that the noise amplitude will decrease
stronger than the signal amplitude.

In practice, the covariance matrix C is unknown and
has to be estimated from observed and model data. This
introduces the following problems if the number of in-
dependent realizations of natural variability is small:

¢ The variance of high-indexed EOFs will be un-
derestimated (North et al. 1982; von Storch and Han-
noschock 1985), yielding unrealistically high finger-
print components for these EOFs. The dimension of the
covariance matrix C must therefore be kept small by
suitably truncating the analysis space. Of course, the
reduced phase space must still be able to represent most
of the anticipated signal. This is the case for the space
spanned by the dominant EOFs of the signal (Santer et
al. 1994) but not necessarily for the EOFs of natural
variability.

¢ The problem that the optimal fingerprint may be
rotated into a direction for which the natural variability
is poorly sampled, rather than genuinely low, can be
exacerbated if care is not taken to use statistically in-
dependent data. If the same variability information is
used for optimizing the fingerprint and for computing
the statistics of the detection variable, the signal to
noise estimate will be dominated by the emphasis of
the optimal fingerprint on the poorly sampled low-vari-
ability components. This may lead to a severe overes-
timate of the signal to noise ratio (Hannoschéck and
Frankignoul 1985; Bell 1986; Hasselmann 1993),
which is similar that the bias caused by using data to
fit a (e.g., statistical ) model and then testing the model
with the same data. We therefore chose independent
data for estimating the covariance matrix and for the
statistical test.

Having chosen the optimal fingerprint, we can now
compute the components needed for the statistical de-
tection test.

* The detection variable for the observed warming,
that is, for that part of the observed data that we expect
to be most representative of the anticipated anthropo-
genic climate change (e.g., in our application, the latest
observed temperature trend) is computed.

* Samples of the detection variable representing the
natural variability of the detection variable in the ab-
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sence of external forcing are also computed. To obtain
these, we use both observations and the output of sev-
eral ‘‘control’’ simulations without external forcing,
which are sufficiently long to resolve variability on all
relevant timescales. Present CGCMs use a rather coarse
grid for century-timescale simulations, which is inad-
equate for the description of the small-space-scale,
short-timescale features of natural variability. How-
ever, it is generally believed that models reproduce the
space—time statistics of natural variability on large
space and long time scales (months to years) reason-
ably realistic (Gates et al. 1992, 1993). The verification
of variability of CGCMs on decadal to century time-
scales is more difficult since the instrumental record is
relatively short, while paleoclimatic data are sparse and
often of limited quality (see, e.g., Santer et al. 1993a;
Barnett et al. 1996).

In estimating the natural variability from observed data,
we face the difficulty that the data also contains re-
sponses to diverse external forcing mechanisms. How-
ever, in some cases the forcing and the climate response
can be estimated, and if the response is assumed to be
linearly superimposed on the data, an estimate of the
response can be subtracted. An example for such a pro-
cedure is given in section 3.

d. Statistical test

The information gained in the previous steps of the
procedure is now combined in a statistical test. We test
the null hypothesis that the observed climate change
originates from natural variability. We apply a para-
metric statistic (Pennell et al. 1993), that is, we use a
statistical model—the Gaussian distribution—that is
appropriate for many climatological applications. If the
multivariate climate vector in the detection space V is
Gauss1an so is the linearly derived detection variable

= fT¥, where ¥ is a realization of natural variability.
In fact, since d represents an averaging process, the
Central Limit Theorem suggests that the Gaussian as-
sumption will probably be a better approximation for
d than for ¥ .

If the mean and the standard deviation ¢ are known,
we can choose a risk 1 — p, and calculate the smallest
interval ) for which

prob(d € Q) =p (4)

The null-hypothesis is then rejected if the detection
variable for the observed climate change, d = " ¥, is
not contained in Q. Since a positive value of the de-
tection variable (1) is expected if greenhouse warming
is occurring, a one-tailed test is performed. For exam-
ple, for Gaussian statistics the null hypothesis is re-
jected with a risk of 2.5%, if d > 1.96¢. This is the
risk level we choose for rejecting the null hypothesis
in this paper.






