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Abstract: The mass composition and all-particle energy spectrum of cosmic rays are determined by analysis
of coincident events between the IceTop air shower array on the surface and the deep IceCube strings. IceTop
mainly detects the electromagnetic component of high energy cosmic ray air showers, while the TeV muon
bundle penetrates deep into the Antarctic ice and generatesCherenkov light, which is seen by IceCube.
This analysis uses data taken from June 2010 to May 2011 when the detector was nearly complete with IceCube
in its 79 string conguration and IceTop running 73 stations.Variables sensitive to composition and primary energy
are based on the lateral signal distribution reconstructedat the surface by IceTop and the energy loss of the muon
bundles reconstructed by IceCube. Using a neural network wedetermine the average mass A and all-particle flux
in the energy range from a few PeV up to 1 EeV. We find that< logA > increases up to at least 100 PeV.
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1 Introduction
The measurement of the cosmic ray composition in the
PeV to EeV energy range will provide an insight into the
acceleration and propagation mechanisms of galactic and
extra-galactic cosmic rays. The IceCube Neutrino Observa-
tory [1], located at the geographic South Pole (2835 m alti-
tude), is ideally suited to measure the cosmic ray composi-
tion and energy spectrum as it detects both the electromag-
netic and high energy muonic component of cosmic ray air
showers. IceCube is a cubic-kilometer neutrino detector in-
stalled in the ice between depths of 1450 m and 2450 m.
The surface air shower array, IceTop [2], consists of 81 sta-
tions with two ice-Cherenkov tanks per station. Detector
construction started in 2005 and finished in 2010.

In [3] the 73-station analysis of the energy spectrum is
described using IceTop alone. Here we will describe the
first results of the same detector configuration for coinci-
dent events which also passed through the 79 strings of Ice-
Cube using a full year of data. Although the statistics will
be smaller, the main advantage is that we can obtain a com-
position independent energy spectrum while the composi-
tion itself is measured at the same time.

2 Data and Simulation
We use data from the 79-string and 73-station detector
from June 1, 2010 until May 12, 2011, comprising a total
livetime of 310 days, calculated based on a fit to the distri-
bution of time differences between consecutive events. The
fit uncertainty of 0.4 days is negligible. Only good runs
longer than 10 minutes and taken during stable operations
of both IceCube and IceTop are used.

To extract the relation between the reconstructed observ-
ables in data and the primary mass and energy we rely on
Monte Carlo (MC) simulations because there is no abso-

lute calibration source. 30,000 CORSIKA [4] air showers
between 100 TeV and 100 PeV are simulated for each of
four primary masses (H, He, O and Fe) with Sybill 2.1 [5]
as the hadronic interaction model above 80 GeV and Fluka
[6] below. Between 10 PeV and 3.16 EeV, 12,000 thinned
CORSIKA showers of each type are generated. Events are
simulated according to anE−1 spectrum, in energy bins of
0.1 in log10(E0), with zenith angles between 0◦ and 40◦

and over the entire azimuth range. The atmospheric model
based on South Pole atmosphere of July 1, 1997 is used
as baseline because its ground pressure of 692.9 g/cm2

well represents the average measured pressure at South
Pole during the data period in 2010-2011. Each shower
is resampled 100 times and thrown in an energy depen-
dent resample radius. The interactions of secondary parti-
cles in IceTop tanks, including snow on top of the tanks,
are simulated with GEANT4 [7]. The high energy muons
are further propagated through the ice, while the emitted
Cherenkov light is propagated taking into account the spe-
cific South Pole ice properties [8]. The electronics for both
IceTop and IceCube optical modules and the trigger are
simulated using IceCube software.

3 Reconstruction
Initially the first guess shower core position and direction
are calculated. These are seeded in a maximum likelihood
fitting procedure that uses the times and amplitudes of the
tank signals to fit a curved shower front and a lateral distri-
bution function (LDF) at the same time. This procedure is
described in detail in [2] with some improvement for bet-
ter fit stability and a saturation likelihood term to better ac-
count for signals close to the core. The main IceTop ob-
servable, sensitive to primary energy, used in this analysis
is the shower sizeS125, the fitted signal strength at 125 m
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from the shower axis. Similarly as the IceTop-alone anal-
ysis [3], we corrected for the monthly, uneven snow accu-
mulation due to snow drift. After all the containment and
quality cuts described in Section 4, a core resolution better
than 10 m and angular resolution of about 0.5◦ is obtained.

When cosmic ray air showers penetrate the ice, only
collimated bundles of up to thousands of high energy
muons reach the IceCube detection volume while the elec-
tromagnetic component is absorbed. IceCube detects the
Cherenkov light emitted by these high energy (TeV) muon
bundles as they lose energy through ionization and radia-
tive processes. From the amplitude and timing of the de-
tected light signals in the optical sensors when the bun-
dle propagates through the ice, the energy loss profile
(dEµ/dX)bundle(X) is reconstructed.

An unfolding procedure is used to reconstruct the en-
ergy losses along track segments on the muon bundle. The
response matrix incorporates the expected Cherenkov light
emission, propagation and absorption and scattering prop-
erties of the South Pole ice. The example of the recon-
structed energy loss profile on Figure 1 shows the stochas-
tic behavior of a large event in the 2010-2011 data sample.
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Figure 1: Example of the muon bundle energy loss recon-
struction for one event of about 200 PeV.

The average energy loss profile is then fitted to the re-
constructed profile based on the muon bundle energy loss
function derived in [9]:
(
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The muon bundle energy loss at a fixed slant depth de-
pends highly on the muon multiplicity and is therefore a
strong composition sensitive observable. In addition, the
stochastic behavior also provides information on the com-
position. The probability that several muons give radiative
energy losses on the same track segment is higher for iron,
which has higher multiplicities. Therefore the number of
reconstructed high energy stochastic energy losses (Fig-
ure 1) is a composition sensitive property of the bundle.
Two selection criteria are used. The first one selects en-
ergy losses which are five times higher than the fitted av-
erage loss, while the stronger criteria, which performs bet-
ter above 100 PeV, selects energy losses which are at least
seven times higher.

As already seen in the previous IceCube composition
analysis [10], seasonal variations at South Pole highly in-
fluence composition sensitive observables based on the

muon multiplicity. In [11] a procedure is developed to cor-
rect the seasonal variations on the reconstructed variables
which are used as input in the neural network, described in
Section 5.1.

4 Event Selection
A good determination of the shower axis, characterized by
its core position on the surface and its direction, is impor-
tant to limit the smearing in detector response and will
therefore minimize the energy resolution. To acquire the
excellent angular and core resolution mentioned in Sec-
tion 3, only events which are contained by the IceTop ar-
ray are selected. In addition basic quality cuts on the recon-
struction of the lateral distribution and reconstructed en-
ergy loss are applied.

The only background in a coincident IceTop-IceCube
analysis are multiple coincidences and random coinci-
dences. These coincident events could create artifacts due
to bad reconstructions and are not simulated, but these
events are cleaned in data such that only hits related to
the event that passes through both IceTop and IceCube re-
main. The first class of multiple coincidences are coinci-
dent IceTop showers where one of the multiple showers,
that hits IceTop, triggers IceCube. The second class are
events where a muon track passes through the IceCube
detector before the coincident IceTop-IceCube air shower
passes through. Random, unrelated IceTop-IceCube coin-
cident events form the last class of background. These are
caused by an event that hit the IceTop array while around
the same time a muon track passes through the IceCube
volume. The bulk of these random coincidences are cut
away based on the time difference between IceTop and Ice-
Cube triggers.

The effective area as a function of energy after all cuts
(Figure 2) shows that the detector is fully efficient for this
analysis from 2.5 PeV onwards where it is 1.36· 105 m2

and that this effective area is composition and energy inde-
pendent.

/GeV)
0

(E
10

log
5.5 6 6.5 7 7.5 8 8.5 9 9.5

)
2

(m
ef

f
A

410

510

Proton

Iron

Figure 2: The effective area after all cuts for proton and
iron showers. Both are fitted with a sigmoid function.

5 Analysis
5.1 Neural Network
The relation between the primary energy, primary mass
and reconstructed variables is highly non-linear and is a
complex mapping of n to 2 dimensions. A multilayer per-
ceptron neural network (NN) is the ideal regression tool
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to find and solve this non-linear mapping. A similar pro-
cedure as the previous IceCube composition analysis [10]
is done to train, test and verify the NN. The total MC
dataset is also divided in three subsets to avoid any bias,
one quarter for training the network, one quarter for test-
ing and choosing the best performing network, and one
half to make the template histograms (see Section 5.2). A
large range of different network architectures and two ac-
tivation functions (sigmoid and tanh) are explored. The
network shown in Figure 3 is selected based on the fol-
lowing criteria : (i) overall performance in the energy and
mass reconstruction (ie. minimizing resolution, spread and
bias), (ii) maximal separation of the template histograms,
and (iii) energy dependence of the resolution and bias in
energy reconstruction. The five primary mass and energy
sensitive observables used as NN inputs are the shower
sizeS125, the average energy loss at a fixed slant depth of
1500 m (dE/dX), the zenith angleθ , the number of HE
stochastics using a standard selection and the number of
HE stochastics using a strong selection (as described in
Section 3).

The final performance of the chosen NN for energy re-
construction is shown in Fig. 4, where the energy bias is de-
fined as the mean of a gaussian fit to the log10(Ereco/Etrue)
distribution and its sigma is the resolution. The NN gives
a very good energy resolution, much smaller than 0.1 in
log10(E) and a bias much smaller than the energy binning.
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Figure 3: The 5-6-4-2 network used in this analysis. Five
input variables from both IceTop and IceCube are mapped
to 2 output variables, primary mass and primary energy.
Two hidden layers are used, with 6 nodes in the first layer
and 4 nodes in the layer. The activation function is a tanh.

5.2 Template Fitting
Although the neural network is trained to find the mass
for individual events based on their reconstructed input
variables, the spread of the reconstructed NN mass output
for a certain reconstructed energy bin is still quite large as
can be seen on Figure 5. This is due to the intrinsic shower
fluctuations and the fact that the overlap between different
mass groups in the input variables is relatively large. The
NN allows the different nuclear types to be separated into
more distinct distributions and we can use the shapes of
these distributions as characteric template shapes to fit the
data NN mass distribution.

For each reconstructed energy bin, template histograms
are created for each of the four simulated mass groups
based on the half of the total MC dataset not used for NN
training and testing. Using an unbinned likelihood fit [12]
that takes into account both Poisson fluctuations on the
individual bins in the data distribution as well as Poisson

)>
0
,t
ru

e
/E

0
,r

e
c
o

(E
1
0

<
lo

g

-0.1

-0.05

0

0.05

0.1

/GeV)
0

(E
10

log
6 6.5 7 7.5 8 8.5 9

)
0

,r
e

c
o

(E
σ

0

0.02

0.04

0.06

0.08

0.1

0.12

Proton    Oxygen

Helium   Iron

Equal mixture of each type

Figure 4: The energy bias (top) and resolution (bottom)
of the reconstructed energy by the NN for proton, helium,
oxygen, iron and an equal mixture of all types.

fluctuations on the MC templates, the fractions of each
mass group are fitted. The mean log mass is then calculated
based on the reconstructed fractions. The full procedure is
tested first on hand-mixed (blind) samples of MC, where
for each of the samples the reconstructed< logA > agreed
well with the truth.

The energy binning for the method is chosen to ensure
that the number of total MC events for a template his-
togram is sufficiently large to keep the Poisson fluctuations
on the total number of events in the histogram small (be-
low 20% in the highest energy bin). The binning of the tem-
plate histograms and the number of mass groups fitted is
optimized based on the hand-mixed MC test sets. Finer bin-
ning in the templates gives more distinct histograms, but
also larger Poisson fluctuations per bin.

In Figure 5 the four individual templates for each of the
mass groups are shown for the reconstructed energy bin
between 7.6 and 7.7 in log10(E0/GeV). The result of the
unbinned likelihood fit (magenta histogram) describes the
fake data distribution (in black) very well.
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Figure 5: Template histograms for four mass groups in the
reconstructed energy bin log10(E0) ∈ [7.6,7.7] for a fake
dataset scrambled from MC.
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6 Results
6.1 Energy Spectrum
Data can be directly run through the trained neural network
and for each event we get its composition independent
reconstructed energy. To convert a distribution of event
counts as function of the logarithm of the reconstructed en-
ergy dN

dlog10(E)
to a differential fluxdΦ

dE , we need to account
for the effective areaAeff as shown in Figure 2, solid angle
Ω and livetimet :

E
dΦ
dE

=
1

tΩAeff log(10)
dN

dlog10(E)
.

To minimize threshold effects the energy ranges from
6.4 to 9.0 in log10(E/GeV). Above 1 EeV the energy res-
olution and bias becomes much worse, as does the recon-
struction quality. The energy binning (on log scale) is 0.1
below 6.5, 0.05 between 6.5 and 8.0, and 0.1 above 8.0.
No unfolding is performed, but the effect of bin-to-bin mi-
gration has been taken into account. In Figure 6 the en-
ergy spectrum for coincident IceTop-IceCube events and
IceTop-alone for 2010-2011 data are plotted. Both spectra
agree very well within the composition uncertainty of the
IceTop 73 analysis and the same spectral features are visi-
ble in both spectra.
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Figure 6: The differential energy spectrum multiplied by
E2.7 for 2010-2011 data, compared with the IceTop 73
measurement from [3], which has a±7% gray systematic
error band due to the composition uncertainty. The other
systematic uncertainties, common between both analyses,
are not included.

6.2 Composition
For each reconstructed energy bin, the template fitting al-
gorithm gives the fractions of each individual mass group
(pH , pHe, pO, pFe) and its uncertainties. The mean log mass
is then calculated as :

< logA >= pH log(AH)+ pHe log(AHe)

+pO log(AO)+ pFe log(AFe),

and the covariance matrix from the fit are propagated to the
error on< logA >.

In Figure 7 the mass composition for 2010-2011 data is
shown with conservative systematics included. Above 630
PeV statistics is currently too low to perform the template
fitting. The composition is clearly getting heavier up to 630
PeV.
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Figure 7: The< logA> composition spectrum as function
of primary energy for 2010-2011 data.

7 Conclusions and Outlook
Due to the larger detector, improved simulation, recon-
struction, and analysis tools we were able to reconstruct a
composition independent energy spectrum and a composi-
tion spectrum up to 630 PeV using data from 2010-2011
from events which triggered both the IceTop and IceCube
detector. Both the energy spectrum obtained here and the
IceTop 73 measurement agree very well and show the same
spectral features. In addition, an increasing heavier compo-
sition up to 630 PeV is seen.

The main systematic uncertainties in the energy spec-
trum measurement are the same as the IceTop alone analy-
sis [3] (ie. hadronic interaction model, snow, absolute cali-
bration) because the energy conversion is still largely dom-
inated by the shower sizeS125. NN variables most sensi-
tive to composition are related to the absolute energy scale
and hence the absolute light yield measured by IceCube.
Therefore the uncertainty on absorption and scattering co-
efficient of the ice model[8] and on the efficiency of the
optical modules are the largest systematics in the composi-
tion measurement. Detailed studies to improve the system-
atic uncertainties are ongoing.
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