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scribed. A major ingredient is the concept of an intrinsic electromagnetic energy scale,

as de�ned by the true or ideal electron calibration constant, on which experimental and

simulated signals can be compared at every step of the reconstruction chain. The other

important part of the suggested reconstruction model is local calibration, a strategy based

on the idea to calibrate clusters of calorimeter cells with correlated signals in such a way

that the �nal energy reconstructed from these objects corresponds to the true energy

deposit at the cluster location. The nature of the energy deposit, which within some re-

strictions can be measured from the spatial signal distribution in a cluster, can be included
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ATLAS calorimeters and, more generally, is a way to apply calibration functions deter-
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1 Introduction

Fundamental calibration biases and problems

The quality of energy reconstruction in any high energy collider experiment is naturally

a�ected by intrinsic calorimeter performance (linearity, resolution etc.) and acceptance (her-

metic coverage, including inactive material, energy leakage in cracks or thinner regions etc.),

both of which can be regarded as hardware acceptance. Signal processing in the reconstruc-

tion software can of course correct some of the hardware de�ciencies, but can also introduce

additional changes in the detector acceptance: signal and physics object1 de�nition require

selections which may lead to signal losses or gains by applying more or less e�cient methods

within a limited detector granularity. These e�ects have to be understood from testbeam

data and simulations, and full physics simulations. They are not always fully correctable

on event by event level, and may therefore add to detector resolution for a speci�c physics

variable.

The calibration procedure for a calorimeter must then take into account the relation be-

tween energy reconstruction and full detector acceptance, including whatever signal de�nition

1identi�ed single particles (mostly e, �, 
), jets, or missing transverse energy carried by neutrinos.
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is applied to the raw data. At least for this reason calibration is not easily obtainable from

testbeams with typically di�erent hardware environments and possibly di�erent reconstruc-

tion and analysis cuts { after all, the best signal de�nition may only be known once the physics

experiment is running. It is also especially problematic in non-compensating calorimeters like

the ones in ATLAS, where even the intrinsic response depends on the incoming particle type,

and jet calibration can only be extrapolated from the single particle testbeams, in addition to

in situ calibration using transverse momentum balance. It is obvious, though, that the later

approach fully integrates hardware (dead materials, dead channels etc.) and software (jet

�nding algorithms etc.) acceptance into the calibration. This makes in situ calibration only

really acceptable if at least the hardware acceptance is stable in time. Also, some detector

regions may hardly be accessible, like the forward region, where the total average transverse

energy is typically too small compared to the detector resolution to allow for a determination

of calibration parameters within reasonable errors.

An approach to calibration and energy reconstruction: intrinsic energy scales

and local calibration

One concept to overcome some of these problems includes an energy reconstruction scheme

based on a local calibration ansatz with well-de�ned energy scales. The most important one is

the intrinsic electromagnetic energy scale, introduced at the lowest level in the reconstruction

chain, and therefore common basis for all further signal treatment of testbeam and physics

data and simulations. It is characterized by a true or ideal electron calibration constant, which

has to be determined independent of any signal de�nition { a necessary condition to transfer

any (!) calibration from testbeam to �nal experiment, and one of the major features in this

reconstruction model.

The response on what we call the �nal local energy scale always depends on a signal def-

inition, which usually provides input to calibration parameters. Among these inputs can be

estimators of signal nature of response objects, i.e. the electromagnetic or hadronic origin

of (typically) clusters of calorimeter cells with correlated signals. Providing the calorimeter

has a �ne enough read out granularity, meaning there is a certain sensitivity in some mea-

surable variables related to these clusters with respect to the di�erent shower characteristics,

compensation can be achieved by applying calibration procedures according to the cluster

nature. In this picture clusters of hadronic nature would receive another kind of calibration,

like signal weighting, than electromagnetic clusters.

This idea, together with a signal de�nition based on cell clusters and including the already

mentioned cluster classi�cation prior to energy reconstruction, are the other major features

of this model. It is referred to as local calibration, as it requires calibration procedures to be

normalized to energy deposit at the cluster location. Also, calibration of clusters instead of

full particle calibration can be a concept to extract corresponding parameters and functions

from single particle testbeams and apply them to physics signals, under the assumption

that an identical \look" of these objects, measured in a given space of variables like signal

density and dispersion or compactness, means the same relation between signal and deposited
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energies in testbeam and physics experiment. This is especially interesting for the hadronic

calibration.

The ultimate goal is of course full energy reconstruction, providing the the best estimate

of the true energy of physics objects like isolated particles and jets. It can be based on

the reconstructed clusters and their energies on the �nal local scale, where each cluster can

be seen as a (possibly massive) pseudoparticle with a 4-vector assigned to it. This step

depends even more on selection criteria applied to identify particles and jets, and is a good

part of physics analysis. A reconstruction program typically includes only one given default

algorithm for each physics object. All data needed to re-de�ne physics objects should be

provided in addition.

Optimal energy reconstruction of physics objects may also require to include tracks, for

example for photon/electron separation. All other steps preceding this very last one should

be performed using calorimeter signals only, though, because reliable energy measurement in

a given calorimeter must not be in
uenced by tracker performance, or even by neighbouring

calorimeters. Improvement of the energy measurement by combining signals (generalizing

cell clustering) from adjacent calorimeters is of course foreseen, but local calibration as a

concept also allows to estimate true energy deposits in individual calorimeters.

The most obvious conceptional problem with this model is that it relies heavily on re-

sponse simulations, mainly for testbeams. This is less critical for the determination of the

electromagnetic energy scale, as electron response can typically be simulated at a 1% level

with respect to experimental data [1]. More problematic is the hadron response simulation

needed for calibration normalization at cluster level, especially because this model is some-

what sensitive to details of shower development. Better than 5% normalization error has

been achieved for the H1 parallel plate liquid argon calorimeter with lead and iron absorber

[2], with present day shower models.

Basics of this energy reconstruction model have been explicitly introduced by the H1

collaboration [1, 2, 3], but many other high energy physics experiments are implicitly using

the same approaches. The model discussed in this note is also extended compared to the

original H1 suggestions cited above, where the local calibration and reconstruction scheme

has not been completely implemented for jets.

Layout of this note

In the following section 2 we describe the overall design of the suggested energy reconstruction

scheme and introduce its basic ingredients. We do not have any (quantitative) expectations

for physics performance for a given calorimeter or region in ATLAS at this time { this is a

much larger project which has to be done to decide on a strategy and justify any chosen energy

reconstruction approach. Naturally though, the model discussed here is designed to include

all features that allow to monitor biases introduced at every given step in the reconstruction

chain, and maybe even keep these biases small.

Section 3 focuses on the discussion of the �rst step in the reconstruction chain, the deter-

mination and application of the ideal electromagnetic energy scale. In the following section
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4 we introduce a general signal de�nition based on cell clusters, while the �nal energy recon-

struction based on these objects is discussed in section 5. This includes a brief discussion of

particle identi�cation, jet �nding and missing transverse energy calculation, and the (soft-

ware) interface between reconstruction and analysis.

The scope of this note, and the intention behind it, is certainly limited to the introduction

of a complete concept for a general purpose, least physics biased energy reconstruction based

on some features observed in the response of operating non-compensating calorimeters. No

e�ort to actually adopt any of the described schemes for actual ATLAS energy reconstruction

needs has been made so far, not even basic feasibility checks within the designed calorimeter

read out granularity2. It may well be that physics performance requirements can be met

with somewhat simpler approaches, especially in certain calorimeter regions. It has been

shown, though, that the concept of an ideal energy scale together with a cluster based signal

de�nition, including electromagnetic cluster �ltering, can bring hadronic energy scale errors

down to better than 5% [2, 4], at least in a low noise environment.

Local calibration has not yet been fully exploited in a physics environment, at least not

to our knowledge. Speci�cally the e�ect of the large pile up 
uctuation at LHC on hadronic

energy scales are certainly not yet understood and have to be studied for this model as well

as for any other solution.

2 General energy reconstruction scheme

In this section we discuss the overall energy reconstruction scheme together with its basic

ingredients. Before we can do this we actually have to de�ne some of the expressions often

used in the course of this discussion { not all are commonly understood in the same way

(section 2.1).

Most of the motivations and requirements to energy reconstruction have been presented

in the introduction of this paper. They are collected in more systematic way in section 2.2,

just before we �nally introduce the overall design of the model in section 2.3.

2.1 Some de�nitions

The �rst major concept implemented into the suggested model is the intrinsic electromagnetic

energy scale EMS. It is basically de�ned by the true or ideal experimental electron calibration

constant ce.

In this context we need to introduce our somewhat idealistic understanding of intrinsic

response in general. We de�ne this response as the \true" signal corresponding a given

deposited energy { not the incoming energy ! { in a calorimeter. This signal is purely de�ned

by the sampling fraction and only a�ected by sampling and intrinsic shower 
uctuations. It is

ideal with the respect that it is not in
uenced by charge or light collection e�ciencies, speci�c

2a �rst round on the electron calibration following the concepts in section 3 has been done for the forward

calorimeter [5]
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behaviour of electronic chains, or any speci�c acceptance limitations due to dead material in

front, the limited size of a given calorimeter module, or analysis cuts. The intrinsic response

is obviously not easily accessible, even in a testbeam setup.

Based on this understanding, ce is de�ned as the average ratio of the intrinsic response

of a given calorimeter to the energy Edep deposited by electrons at a certain beam energy

Ebeam. Naturally we assume intrinsic linearity of the electron signal, so ce is supposed to be

independent of the deposited (!) energy. The relation between Ebeam and Edep is determined

by the calorimeter acceptance3, and may well depend on Ebeam, for example.

The EMS signal is then de�ned by the product of a \real" experimental response Q,

measured in the same units as the ideal signal, and the ideal calibration constant ce. There is

no speci�c restriction on the analysis methods applied to determine Q, which in return means

that the EMS signal is depending on these analysis cuts, and other acceptance limitations

due to dead channels, for example. It also means that the reconstructed energy on this scale

is generally not equal to Edep or, even less likely, Ebeam!

The analysis cuts mentioned above are part of what we call a signal de�nition. This step

is typically motivated by signal signi�cance enhancement, but also to generate objects for

local calibration. Principal contributions to this signal de�nition are cell level noise cuts,

topological noise suppression and cluster building. At the very end of the reconstruction

chain, and to a part maybe already at analysis level, particle identi�cation and jet �nding

are also included.

2.2 Fundamental requirements and motivations

The basic requirements and motivations for the energy reconstruction model suggested in this

note are generally driven by ideas of lowest possible biases to all imaginable physics channels

in addition to well controlled systematic errors on energy scales, most of which are introduced

in the calibration transfer from testbeam to the �nal calorimeters. Naturally one also requires

linearity in the jet and isolated particle response, together with an optimal energy resolution.

These very general requirements can be translated into more speci�c items and sum-

marized together with some important consequences for the energy reconstruction in the

following list:

(1) Minimization of systematics requires that experimental data can be compared to corre-

sponding simulations after every step of the reconstruction chain. It also requires that

it must be possible to apply the full reconstruction to testbeam data as well as physics

data.

(2) Linear response for hadrons in non-compensating calorimeters can be achieved by signal

weighting techniques [2]. The corresponding functions have to be extracted from test-

beam data or testbeam and physics simulations. Universal application to experimental

3a rather high acceptance has to be assumed, still, for the reasons given on page 12 in section 3 ) dead

material in front should of course be minimized, and calorimeter modules should not be too small with respect

to electromagnetic shower sizes!
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data and simulations { a consequence of the requirement stated in point (1) of this list

{ requires a well de�ned fundamental EMS.

(3) Biases towards certain physics or physics models should be avoided in the general

purpose energy reconstruction. This introduces a problem for the hadronic sector,

as calibration functions for jets are usually not accessible from single hadron testbeam

data. If determined by jet response simulations, biases towards the used jets, speci�cally

the fragmentation model, can be avoided by using more localized signal objects within a

signal de�nition including cluster formation and classi�cation. This strategy also allows

to apply the calibration functions to testbeam data by concept, if not even extract the

corresponding parameters from this single hadron response.

(4) The EMS signal mentioned in point (2) needs to be de�ned in a way that its relation

to the deposited energy is, at a given signal de�nition, the same at the testbeam and

the �nal calorimeter for the same kind of particles at identical energies. It is only in

this case that the universal application requirement mentioned in the previous points

can be met. This again can be realized by the introduction of the ideal electromagnetic

calibration constant de�ned in section 2.1, together with a charge scale for experimental

data. Signals on this charge scale need to be fully corrected for any di�erences in the

charge collection e�ciency or electronics between testbeam and physics experiment.

(5) More a consequence of the previously stated items than an actual requirement itself,

is the \correct" use of testbeam data for calibration purposes. The fundamental EMS

must certainly be determined experimentally from electron response. Cluster builder

parameters can also be extracted from this source, especially for an \electromagnetic

oriented" cluster formation. Hadron calibration functions and parameters determined

with single pion testbeams may not be applicable to jet response, even within a cluster

based approach. Single pion testbeam data is still important, though, for monitoring

hadronic shower package performance and determination of the systematic error of

the �nal local energy scale (FES) by testing calibrations extracted from jet response

simulations.

From this list we extract two major tasks for calibration, the �rst being the determination of

the fundamental ideal electron calibration constant, to de�ne the EMS of a given calorimeter

or calorimeter region. It is rather obvious that the EMS signal does not provide an estimate

for the \true" energy of a physics object (single particle or jet). This can easily be understood

from the following example: the reconstructed energy for an electron depends not only on

the electron calibration constant, but also on the number of cells included in its calculation.

It therefore depends on a signal de�nition4.

It is also obvious that the very �rst step in calibration, and therefore also in the energy

reconstruction, must be data speci�c, as it must take into account the data type (experiment

4it also depends on corrections beyond the application of a simple calibration constant, as for energy losses

in dead materials, for example.
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or simulation) and the \local" environment. A part of this step is electronics calibration and

charge corrections used to unfold de�ciencies in charge or light collection and to minimize

di�erences in electronics or read out between testbeam and �nal experiment setup. Formally

a charge scale for experimental signals is introduced, which even allows to use di�erent

electronics and read out systems at testbeams, for example.

The second task is the �nal energy calibration, which is preceded by the signal de�nition.

Input to this are EMS cell signals, representing one physics event or testbeam particle. Signal

losses and arti�cial gains due to more or less e�cient selections in the signal de�nition process

must be corrected here by normalizing the applied calibration functions to the true energy

deposit at the signal object location. Other corrections for dead material losses in front or in

calorimeter cracks must be determined in addition.

2.3 Energy reconstruction scheme

The suggested energy reconstruction model is discussed step by step in this paragraph, with

the global design shown in �gure 1. More details on the discussed steps, including some

remarks on the actual determination of calibration constants and parameters, and some

suggestions on cluster �nding and classi�cation, can be found in the following sections of this

note.

Step 1: electromagnetic energy scale

The �rst step in the energy reconstruction for the experiment is to convert all raw data cell by

cell to a charge scale signal, with all necessary corrections for cross talk, electronic gain vari-

ations etc. done. These are usually included in the electronics calibration procedure. Other

corrections on top of this are more global, like for charge collection ine�ciencies introduced

by liquid argon contamination, and must be applied here, too.

The conversion of the signal from this charge scale to EMS is then rather trivial, one just

has to multiply the signal with the ideal electromagnetic calibration constant (see section 3

for further details).

For simulations the procedure is somewhat similar, except that the raw data, usually

visible energies, is only multiplied by the inverse electron sampling fraction, and no other

corrections are needed. The experimental noise has to be included, of course. This can be

done by explicitly adding randomly triggered \empty" experimental events to the Monte

Carlo event, on cell by cell bases (see section 3), or simulate the noise in each calorimeter cell

by an appropriate model.

As already mentioned in the item (1) in section 2.2, the following reconstruction steps

should be identical for testbeam and experiment data and simulations.

Step 2: signal de�nition

The next step in the energy reconstruction is the fundamental signal de�nition. In the

experiment (testbeam or physics) the input to this step is basically a list of calorimeter cells,
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1) specific procedures applied to 
testbeam and physics data and 
corresponding simulations to unfold 
"local" deficiencies; noise added to 
simulations;
2) testbeam and physics experiment 
signals for identical particle types 
have the same "meaning" at cell level;
3) reconstructed energy on this scale 
is typically not the true deposited or 
the particle or jet energy!

fundamental signal definition includes cell 
level and topological noise cuts

1) cuts identical for simulation and 
experiment, not necessarily for 
testbeam and physics (different noise);
2) distributions of physics variables 
can be compared for data and MC;
3) reconstructed energy after cell 
selection is not the true deposited or 
particle/jet energy!

1) cluster algorithms universal for 
testbeam and physics data and 
simulations;
2) two step approach:in formation: 
first electromagnetic, then hadronic 
"rest";
3) reconstructed cluster energy is not 
the true deposited energy!

signal definition: cluster formation

1) classification identical for 
experiment and simulations, testbeam 
and physics;
2) based on few cluster variables 
related to "cluster nature";
3)  no change of cluster energy etc.

signal definition: cluster classification

intrinsic electromagnetic energy scale
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1) apply cluster "nature" dependent 
calibration;
2) possibly corrections for dead 
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3)  reconstructed cluster energy is best 
estimate for true deposited energy at 
cluster location!
4) cluster can be treated as massive 
pseudoparticle s (4−vectors) for jet 
finders, for example;

final  local energy scale
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1) apply final physics object depending  
energy corrections (particle id cuts, 
jet cone sizes etc.);
2) best estimate for particle/jet 
energies and missing E t !
3) particle id can be performed before 
jet finding or missing E t  calculation; 
4) missing E t  can be calculated after 
particle id and jet finding, or 
directly from cells/clusters;
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Figure 1: General overview on the energy reconstruction sequence.
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which may be subjected to zero suppression, cell noise cuts, and topological noise �nders.

It is important to apply all selection criteria to the EMS signals. This allows to apply the

same cuts to the simulated events (noise added). Note that some or all of these fundamental

selections can even be done online using EMS, as present day's online data processors usually

allow to perform the few simple calculations at appropriate speed.

Once the calorimeter cell list is reduced to signi�cant cells, a general cluster �nder is ap-

plied to collect cells into three dimensional objects. Signal related variables used to measure

signi�cance and other parameters used in this step should be on EMS, to allow for universal

application in experiment and simulations. The cluster �nder is usually tuned to �nd elec-

tromagnetic objects �rst, with the boundary condition that electron and photon response

is kept in one cluster. It is imaginable, though, that once all electromagnetic clusters are

found and the corresponding cells are 
agged/removed from the cell list, another algorithm

optimized for hadron response can be run on the remaining cells5.

Step 3: signal classi�cation

The next and important step is cluster classi�cation, where each cluster is analyzed with

respect to its electromagnetic or hadronic nature. Some of this classi�cation can be done in

the cluster �nding step already, if the two step approach discussed above is chosen. In any

case, three classes of clusters remain: electromagnetic, hadronic, and not classi�able. Details

on these classes are discussed in section 5.

Step 4: �nal local energy scale

Next, calibration functions are applied to these clusters, depending on their nature, their

location and other variables. The reconstructed energy assigned to a cluster is then the best

estimate for the true energy deposited at this place, not yet the particle or jet energy. Addi-

tional corrections for dead material in front can be applied based on cluster location alone, or

after particle identi�cation and jet �nding, see below. This depends on how general the dead

material losses can be corrected, i.e. what is the optimal approach for resolution. Energy

losses in cracks or due to dead channels etc. can maybe only be corrected at cluster level,

but this depends strongly on speci�c calorimeter granularities and sampling characteristics.

Step 5: �nal physics calibration

The �nal step in the energy reconstruction includes particle identi�cation and jet �nding.

Especially electromagnetic clusters are good candidates for single photons or electrons, even

though the cuts applied to �nd them may be very relaxed compared to particle identi�cation

cuts. Once a cluster is accepted as isolated single photon or electron, another level of correc-

tions may be necessary to determine the true particle energy, now certainly including dead

material losses.

5thanks to J. Schwindling for pointing this out at the ATLAS LARG jet simulation meeting Jan. 29, 1997.
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Jet �nding is done on all clusters that are not clearly identi�ed as single particles. This

typically includes some electromagnetic clusters, certainly most of the hadronic and maybe

some non-classi�ed. A good approach to jet �nding may be to treat all clusters as (possibly

massive) pseudo-particles, i.e. assign 4-vectors to them.

3 Intrinsic Electromagnetic Energy Scale (EMS)

In section 2 we discussed the overall design of an energy reconstruction model for non-

compensating calorimeters. One of the major ideas behind the model is the introduction of

an intrinsic signal and a related energy scale, which is identical for testbeam and the �nal

calorimeter, and allows to compare all experimental data with corresponding simulations. In

this section we present a concept on how to determine the ideal electromagnetic calibration

constant de�ning the intrinsic scale, and give some more details on the speci�c ideas and

characteristics behind it.

The true or ideal electromagnetic calibration strategy has originally been suggested for

the H1 liquid argon calorimeters [6, 7] and has been successfully implemented into the H1

energy calibration and reconstruction e�ort [1, 2].

3.1 Determination of the ideal electron calibration constant

The ideal electron calibration constant ce can be de�ned by the average ratio of the ideal signal

Q, typically a charge, and the energy Edep deposited by electrons inside a given calorimeter

(following the de�nitions in section 2.1):

ce = h Q = Edep i (1)

The real experimental signal Q can be rather close to Q on average, except for possible

asymmetric noise, and not always correctable acceptance limitations like dead or hot channels.

Upstream dead material and �nite calorimeter dimensions usually a�ect Edep in the same way

as Q, and have therefore no big e�ect on ce.

The major in
uence on Q, though, are analysis methods and cuts mainly applied to

calculate Q within optimal resolution. These introduce a signal de�nition dependence of ce,

as they are only a�ecting Q, but not Edep. In the sense of the universality requirement to ce,

these dependencies are not acceptable.

The normalization Edep is often not known very well experimentally, even for electrons

in a testbeam. Especially upstream dead material can introduce severe relative energy losses

at lower energies, introducing an e�ective non-linearity and therefore a large error on ce and

the intrinsic energy scale. Limited geometrical acceptance of calibration modules can add to

this e�ect.

Unfolding of this uncertainty is possible, though, within remaining systematics of about

1%, with electron response simulations featuring a detailed description of the calorimeter and

the materials around it. A strategy to achieve this is described in the following.
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Equalizing data and simulation response

One way to extract ce within all de�ciencies described above is based on the rather trivial

assumption that simulated electron response should describe the experimental response with

all respects. This includes the average response, energy resolution, shower pro�les and space

resolution. The only parameter explicitly useful for the determination of any calibration is

the average response, at a given Ebeam measured as average reconstructed EMS energy hEexp
rec i

in the experiment, and as average reconstructed EMS energy


Esim
rec

�
in the simulation.

For each event Eexp
rec can be related to the experimental signal Q using the yet unknown

ideal calibration constant ce:

Eexp
rec = ce �Q; with Q =

NX
i

qi

| {z }
selected cells

(2)

where Q has to be calculated from fully corrected charge signals qi in calorimeter cells6.

These charges have to be reconstructed using the electronics calibration, thus removing pre-

ampli�er gain 
uctuations and pedestal drifts. Typical additional corrections are for charge

collection ine�ciencies and cross talk. It is only after these corrections that qi has the

meaning of a charge scale, independent of the testbeam setup and therefore the same for

the �nal experiment. Note that Q can be the sum on cells selected by noise cuts and/or

clustering; Eexp
rec naturally depends on these selections in the same way Q does.

6we assume each calorimeter cell corresponds to one electronic channel, for simplicity.
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The simulated response Esim
rec is also calculated event by event using

Esim
rec =

NX
i

Esim
rec;i

| {z }
selected cells

; with Esim
rec;i = S�1e � Evis;i + ce � qnoise;i (3)

Evis;i is the simulated cell signal, while qnoise;i is the noise equivalent charge from the exper-

iment, added to each cell in the simulation. This charge has to be corrected in exactly the

same way as the experimental cell signal qi. Note that the experimental cell selection criteria

have to be applied to Esim
rec;i for correct modeling.

The inverse electron sampling fraction S�1e is derived from the visible Evis and deposited

energies Edep for electrons at a given Ebeam:

S�1e = h Evis = Edep i
�1

� (hEvisi = hEdepi)
�1 (4)

in a full acceptance simulation (no cell selection, for example).

One important point should be mentioned here. Even though Evis corresponds to Edep

and not to Ebeam, and has therefore the feature of being correctly normalized intrinsically,

one still has to make sure that the amount of dead material in the testbeam is at minimum.

S�1e is only an energy independent constant if the major part of the electromagnetic shower

can be sampled inside the active calorimeter (especially the shower maximum) [7].

The ideal experimental calibration constant ce is then constraint by the most obvious

requirement that for identical Ebeam the average response for experiment and simulations

have to be identical for all possible signal de�nitions and analysis cuts ~Ca, applied in the

same way to both kind of data:

D
Eexp
rec (

~Ca; ce; Ebeam)
E !

=
D
Esim
rec (

~Ca; ce; S
�1
e ; ~Cs; Ebeam)

E
(5)

~Cs represents the set of particle tracking energy cuto�s and other possible simulation condi-

tions. If these are the same as the ones used in the determination of S�1e (see eq. (4)), one

expects that the dependence of Esim
rec;i on

~Cs basically factorizes out, see eq. (3). This has

been observed for cuto�s within reasonable ranges.

The actual determination of ce at a given beam energy can be performed iteratively,

with given analysis conditions ~Ca. Note that even the qualitative dependence of Esim
rec on ce

is non-trivial, especially if noise cuts and other signal de�nitions based on signi�cance are

applied to data and Monte Carlo, see �gure 2. The same �gure shows a graphical solution for

the determination of ce: a �xed charge scale signal Q = Q(~Ca) leads to a linear dependence

of Eexp
rec on ce, where the slope is just Q. The intersection hEexp

rec (ce; : : :)i =


Esim
rec (ce; : : :)

�

obviously de�nes ce. Changing the analysis cuts ~Ca, or even going to another beam energy,

certainly changes Eexp
rec and Esim

rec , but ideally not their intersection in ce.
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Whatever residual dependencies of ce on Ebeam or the analysis cuts remain, re
ects the

deviation from (intrinsic) signal linearity for electrons, de�ned by

D
Esim
rec (ce; Ebeam; : : :)

E
� hEexp

rec (ce; Ebeam; : : :)i

hEexp
rec (ce; Ebeam; : : :)i

It therefore de�nes the basic systematic error �ce on the whole calibration and energy re-

construction, as EMS is our fundamental signal scale. To estimate this error safely requires

several rounds of analysis at various Ebeam and with changing noise cuts and cluster def-

initions. Also, most signal signi�cance based cell selection algorithms implicitly introduce

sensitivities to (especially radial) shower development. Monte Carlo has therefore to describe

this feature as well as the average response, which is usually the case for the electromagnetic

shower model implemented in GEANT 3 [8], see electron shower pro�les in [1] (also for the

determination of non-linearities and details on systematic errors).

3.2 Reconstruction on the electromagnetic energy scale

The reconstruction of EMS calorimeter signals happens at cell level, prior to any data reduc-

tion and noise suppression depending on cell signal signi�cances and/or correlations. Practi-

cally this means it has to be done in the online data processing for the physics experiment,

and at a very early stage in the reconstruction of the corresponding physics simulation, or

testbeam data and simulation.

As already discussed in the previous section, and shown in �gure 3, the very �rst step

towards the EMS signal is the conversion of the digitized experimental signal to a physical

quantity like charge. This step is performed by the appropriate electronics calibration, in-

cluding corrections for imperfections in the analog or digital signal handling. These are often

parameterized as functions of the digitized signal itself.

Corrections for charge collection e�ciencies and cross talk could be performed at the

same level, but they are often better controlled if the base for parameterization is the charge

conversion described before is already done. In any case, the signal qi in a given calorimeter

cell i is on an absolute and fully corrected charge scale after these procedures have been

applied.

What is left for the experimental signal in this cell is just applying the ideal electron

calibration constant ce to convert it to an energy E
exp
rec;i reconstructed on EMS (similar to eq.

2):

E
exp
rec;i = ce � qi

The basic conversion of the simulated signal to EMS is already described in eq. (3).

We suggest to follow the strategy of adding experimental noise instead of modelling it. The

reason is that especially deviations from Gaussian behaviour in experimental noise can often

not be modelled adequately (descriptions of tails). Adding is more straight forward, but

requires experimental access to noise, i.e. a set of randomly triggered \empty" events with

non-zero suppressed read out. These are often easily available in testbeams, where noise is
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Figure 3: Cell level energy reconstruction on the electromagnetic energy scale.
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typically generated by the electronics. Extracting the experimental noise at the LHC is not

that straight forward, as it includes minimum bias physics. One possible strategy is maybe

to look into \quiet" regions of triggered physics events, but this requires non-zero suppressed

calorimeter read out.

4 Signal De�nition

Our understanding of \signal de�nition" is not really related to speci�c demands from recon-

struction of certain physics, more so to general calorimeter performance optimization for all

possible physics signatures. This can also be understood as optimal use of calorimeter signals

in a given read out granularity, allowing for best possible noise suppression and consequently,

signal signi�cance enhancement (see also remarks in section 2.1). In this section we present

a possible concept along this line. The general sequence in this approach is given in �gure 4.

As for most models collected in this paper, some ideas have been realized for the H1

liquid argon calorimeter. Some details on the topological noise suppression discussed in

section 4.1 have been published [3, 4]. The same references contain some description of the

H1 clustering algorithms, which is the major input for the model suggested in section 4.2.

The most complete description of a possible cluster strategy and details on possible selection

criteria and cuts are, at least to our knowledge, only available as an H1 internal note [9].

4.1 Fundamental cell selection

The �rst step in the signal de�nition process is usually performed online during data taking, by

applying a zero suppression algorithm based on a signal-to-noise cut. This obviously requires

knowledge of the 1� noise7 in each calorimeter read out cell. Another possible algorithm and

maybe more appropriate for LHC applications, is baseline subtraction, where the background

noise is determined by pre and post sampling around the signal. A cell selection based on the

signal-to-background ratio or the signal-to-background di�erence can then be applied. Note

that in this and the following discussions any signal 
uctuations from electronic noise or

physics pile-up are generally referred to as \noise". Also, all variables related to cell signals

and used in this or the following cell selection algorithm should be measured on EMS, to

allow to apply the same selections to simulated data with noise added. This can often be

achieved even in the online signal processing, as all variables in noise look-up tables can be

stored on this energy scale, and the signal can quickly be converted.

In addition to this basic noise suppression technique it is often necessary to apply a topo-

logical signal �nder. Such an algorithm can be a very simple pattern recognition consisting of

two steps: �rst, cells with highly signi�cant signals, measured by a signal-to-noise estimator

or an absolute energy or transverse energy cut, are selected. Then, neighbours around these

cells which have less signi�cant signals above a given lower threshold are also kept. This

7depending on the actual calorimeter rms noise may be better de�ned, and can be used in the same sense

as 1� noise in the following discussion.
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Figure 4: General overview on the signal de�nition sequence.
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selection removes the majority of all cells surviving the strictly cell signal based cut discussed

above by requiring a rather large (positive!) signal for isolated cells. On the other hand it

does not cut into individual particle showers too much by speci�cally taking into account cell

signal correlations, and keeping cells with less signi�cant positive or negative signals.

A typical example for this strategy is to �nd cluster seed cells with signals Ei on electro-

magnetic energy scale, and adjacent cells with signals Ej on the same scale by:

Ei

Enoise,i

> a; with a = 3 : : : 4; and

�����
Ej

Enoise,j

����� > b; with b = 2 : : : 3

where Enoise,i, Enoise,j are the 1� EMS noise equivalents. Note that in this example negative

signals are kept to \compensate" for a possible bias towards positive signal contributions

from noise - but only if they are close to cells with signi�cant positive signals. Isolated cells

with an even highly signi�cant negative signal should be removed as pure noise contribution.

Online application of the topological noise suppression, as well as implementation in

o�ine reconstruction, requires a fast neighbour �nder. Whatever solution is adapted for

this task (database with list of neighbours for each cell, analytical determination of this list

using geometry indices, etc.), topological noise suppression should therefore rather use an

indexed than a real coordinate space. This usually restricts neighbouring cell �nders to the

geometrical boundaries of a given calorimeter, or calorimeter region with a certain read out

geometry.

It is certainly necessary to understand the cell signal based and the event topology de-

pendent noise suppression discussed here in the LHC environment at ATLAS. Especially the

acceptance for negative isolated or non-isolated signals has to be tuned to optimum perfor-

mance with least possible biases to any given physics channel. Another important point is

the actual choice of variables to de�ne signal signi�cance. From point of shower development

and electronics noise, energy based cuts are favoured. Noise from physics pile-up at LHC

scales more with transverse energy [10], though, and may require this variable to be used for

signi�cance de�nition.

4.2 Cell clustering

The cells surviving the fundamental noise suppression discussed above are then subjected

to a cluster �nder. Several strategies are possible at this level. The design of the optimal

algorithm is certainly depending on the calorimeter granularity. Ultimately there should only

be one strategy, and it should use the EMS cell signal. This again allows universal application

to data and simulations.

Clustering itself, as a possible signal de�nition, is mainly motivated by the following

points:

� enhance signal over background from pile-up or other noise sources by using cell signal

correlations from the shower development;
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� separate electromagnetic from hadronic energy deposit as e�cient as possible within a

given calorimeter granularity, for energy reconstruction within optimal resolution;

� locate and identify isolated particle response in the calorimeter, especially for electrons

and photons, and maybe muons;

� and in the same sense, the optimal use of the calorimeter for two particle separation,

especially interesting for photons.

It is important to note that in contrary to the topological noise suppression algorithm, which

can work in an indexed geometry space (see previous section 4.1), clustering usually requires

real space coordinates. This is a natural consequence out of the idea that clusters have a

physical meaning, i.e. are following electromagnetic or hadronic shower development. It is

also needed for generalization, meaning the combination of cell clusters found in individ-

ual calorimeters or calorimeter regions with di�erent read out geometries or technologies, to

larger objects. This is most obvious in setups where the reference system for a given calori-

meter granularity and/or its (quasi) pointing behaviour changes from rapidity and azimuthal

coordinates to some linear space coordinates like radius and azimuth, for example.

Global cluster builder strategy

Clustering in our model consists of several layers, see �gure 4. As already mentioned, the

input to the �rst level is a list of cells with geometries and EMS signals, which passed the

noise suppression algorithms discussed above:

1. local 2d clustering

Topologically connected cells in each longitudinal segment of each calorimeter are clus-

tered to form two dimensional regions around cluster seeds. Those are cells with highly

signi�cant signals.

2. local 3d clustering

These regions are connected longitudinally to larger three dimensional objects by apply-

ing some overlap criteria. This process is typically still limited to a certain calorimeter

or calorimeter region. Some of the originally found 2d clusters may be broken up again

in this process, to optimize the 3d cluster building.

3. generalized 3d clusters

The locally found 3d objects are combined to even larger clusters, now crossing the

boundaries of a certain calorimeter or region. The generalized clusters are often con�ned

within a given calorimeter, and therefore identical to the locally found 3d objects.

We suggest two iterations of these three step approach, where in the �rst iteration cell

clusters are built using criteria optimized to electromagnetic shower development (�gure 4).
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This means that the corresponding algorithms should be tuned in such a way that cells from

isolated electron or photon response are collected into exactly one cluster at high e�ciency.

After this \electromagnetic cluster building", the found objects are classi�ed with respect

to their nature. Again, the e�ciency of this classi�cation depends strongly on the calorimeter

granularity, or, to be more exact, on its granularity with respect to the electromagnetic and

hadronic (lateral) shower sizes. We expect three di�erent classes of clusters:

electromagnetic clusters are usually characterized by their compactness and the early

shower starting point. They are typically located in the electromagnetic calorimeter,

but may extend into the �rst longitudinal segment of the hadron calorimeter. These

characteristics can be tested by three signal ratios, for example [12], each calculated

from cluster quantities:

� ratio of signal summed over cluster cells located in the electromagnetic calorimeter

to total cluster signal;

� ratio of signal summed over cluster cells located in the �rst longitudinal calorimeter

segment to total cluster signal;

� ratio of signal summed over n cells with highest signals or signal signi�cances (hot

spot) to total cluster signal.

Actually de�nitions of these ratios certainly depend on the actual calorimeter, especially

concerning the number n of cells contributing to the hot spot in the cluster. Cuts on

these variables are tuned to minimize the number of clusters for electrons and photons,

as mentioned above. This strategy only aims at clusters originating from primary

photons or electrons in jets, and isolated particles. Finding intrinsic electromagnetic

subshowers in hadronic showers is often not possible in realistic calorimeters, as it

requires a very �ne and often impractical read out granularity.

hadronic clusters can not be characterized as straight forward as the electromagnetic ones.

Usually one can de�ne all non-electromagnetic clusters as being hadronic. If a signal

weighting scheme is applied for �nal hadron calibration, one should require a certain

signi�cance of the total cluster signal with respect to the noise in the corresponding cells.

Also, weighting may be parameterized as function of di�erent cluster variables (�nd a

description of some possible parameters at the end of the paragraph on generalized

clusters on page 22). Hadronic clusters should be large enough to allow calculation of

these numbers. This may actually determine the cuts applied in the second, \hadronic"

cluster building iteration: those can be tuned to construct clusters that meet optimal

energy resolution requirements (optimize number of hadron clusters in pion response,

for example).

non-classi�ed clusters are those whose nature could not safely be determined in the pre-

vious two iterations of cluster building. This class typically contains clusters consisting

of very few cells (typically one) with a signi�cant signal, from which none or not all
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of the variables used to determine the cluster nature could be safely evaluated. Other

members of this class are clusters with insigni�cant total signals.

After classi�cation cells collected into electromagnetic clusters are marked. Cells not assigned

to electromagnetic clusters are subjected to the hadronic cluster builder in the second itera-

tion. After this all cells should be assigned to one of the cluster classes, for �nal calibration

purposes.

Two dimensional clustering: signi�cance versus acceptance

Without presenting a fully detailed algorithm { which is far beyond the scope of this note {

we would like to recollect some features of the individual steps to generalized clusters.

The very �rst step, the �nding of topologically connected signal regions within a longi-

tudinal calorimeter segment, looks at �rst very much like the pattern recognition applied in

the topological noise suppression discussed earlier. Some di�erences are imaginable, though,

especially concerning the seeds for these regions.

Like in jet �nding, two scenarios with di�erent biases on physics reconstruction can be

explored. The �rst one is the approach of constant acceptance, where cluster seeds are de�ned

as cells with energies Ei or transverse energies Et;i above a constant threshold Emin or Et;min,

respectively. The choice of variables depends on calorimeter location and on how global Emin

or Et;min are supposed to be de�ned.

The thresholds in this approach are often de�ned to be safely above the expected noise.

They will naturally not be changed very frequently, therefore allow for a constant acceptance.

Emin or Et;min may certainly also depend on calorimeter location, cell sizes and other speci�c

parameters depending on energy 
ow from physics and read out geometry.

The advantage of this approach is that the simulation of physics events is much more

straight forward, especially if Emin (Et;min) are very stable numbers. The disadvantage is

maybe that the signal signi�cance is not constant, and some sensitivity to physics may be

lost if these thresholds are set too high. Generally the approach of constant acceptance is

more suitable for a well understood calorimeter with rather constant noise conditions.

Alternatively to this approach one can think about an approach where initial cluster

�nding is based on signal signi�cance rather than absolute magnitude. This is realized in the

model of constant signi�cance, where cluster seeds are those cells with Ei=E
noise
i (Et;i=E

noise
t;i )

above a certain threshold. Enoise
i (Enoise

t;i ) is the noise equivalent (transverse) energy of this

cell, measured on the electromagnetic energy scale, like the signal itself.

This approach basically allows to easily adjust the detector sensitivity to the present

noise conditions within the frequency of updates of the cell noise database. Naturally the

acceptance in (transverse) energy is changing with these updates. The advantage is, though,

within this time base it is always at maximum, which in turn means continuously high physics

sensitivity.

The disadvantage of a constant sensitivity approach is that it may introduce more complex

treatment of simulations to keep up with more frequent background changes { even though
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this is only important at the reconstruction level. The constant acceptance approach also

requires adequate noise to be added to simulations, following \true" experimental conditions.

The constant sensitivity model seems to be more appropriate for early physics running,

where background conditions may change more often.

In any case, topologically connected cells can be found with very general cuts, not even

tuned to speci�c particle response, by �nding seeds in two dimensions and keep all cells

around them.

Three dimensional clustering

Collecting cells into three dimensional objects is more depending on cut optimizations with

respect to certain shower shapes. As already lined out in the overview given on page 18,

we suggest a two iteration approach8: �rst build clusters using parameters optimized for

electron/photon response, and remove clearly identi�ed electromagnetic objects. Second,

apply a hadronic cluster builder on the cells not belonging to electromagnetic clusters.

It is basically impossible to discuss any speci�c solution for 3d clustering without referring

to an actual calorimeter design. Some of the aspects generally included in the possible

strategies are de�nition of overlaps between 2d objects along the direction of 
ight of the

incoming particles, and (angular or radial) distances between this direction and cluster seeds.

Also, the actual projective (angular or radial) distance between cluster seeds themselves

can be used. Choices of angular or radial distances are depending on conical or cylindrical

approaches. The �rst one is more oriented towards energy 
ow in jets, while the cylindrical

approach tries to follow single particle shower development.

Two dimensional objects can certainly be split in the process of 3d cluster building, and

the resulting or original areas can be merged, depending on chosen selection criteria. Usually

we expect that this process depends on electromagnetic or hadronic \orientation" of the

cluster builder, i.e. on the step in the iteration process discussed earlier. Split and merge

parameters are often related to the spatial signal distribution, where the (relative or absolute)

depth of \signal valleys" and the slope of \signal hills" can be used. The choice of energy or

transverse energy { both measured on EMS { is depending on the orientation of the cluster

builder, and maybe related to the projective read out geometry of the calorimeter.

Generally we expect that clustering at this level does not cross calorimeter boundaries.

This is not really required, though, in case of adjacent calorimeters with about the same

signi�cance (!) of EMS signals for hadrons, practically meaning comparable e=� signal ratios.

Generalized clusters

As suggested above, 3d clusters are usually formed within the boundaries of a given calori-

meter or calorimeter module �rst. Whether or not they are combined to larger generalized

clusters depends on the speci�c design of boundaries between calorimeters or calorimeter mod-

ules, and the read out granularity in these regions. Generally we expect that if the amount

8it should be mentioned that the 2d selection may also be done with two di�erently tuned sets of cuts.
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of material between two calorimeters is small, like between the electromagnetic and hadronic

endcap modules in ATLAS [11], generalized clusters may extend beyond this boundary.

Combining two adjacent clusters in two di�erent calorimeters to form a generalized cluster

across such a boundary can even be reasonable in case of a relatively deep and massive crack,

like (maybe ?) between the barrel electromagnetic and hadronic calorimeters in ATLAS [11],

especially if each cluster provides enough information to correct for the energy loss in the

inactive material. This requires a su�cient read out granularity of the calorimeter regions

around this crack. As already pointed out in the introduction of this section, real space

coordinates are certainly advantageous for any generalization attempt.

After signal de�nition, generalized as well as local 3d clusters are described by a set of

variables, some of which are:

� the total EMS cluster signal Ecl, de�ned as

Ecl =

NclX
i=1

Erec;i;

where Ncl is the number of cells in this cluster, and Erec;i the EMS cell signal;

� the cluster location, de�ned by a set of indices for calorimeter region, segment etc.,

and/or the cluster centre of gravity ~Xc = (xcl;1; xcl;2; xcl;3) in some real space coordi-

nates;

� the cluster size, de�ned by the volume Vcl, some area Acl projected on a given direction

(like the one de�ned by the event vertex and ~Xcl), and the corresponding dimensions

in Cartesian space (�x;�y;�z). Linear (�� ���) or non-linear (�� ���) angular

dispersion may be used in addition. Cluster dimensions can also be expressed by

�xk;cl
= 1

Ecl
�
PNcl

i=1

h
Erec;i � (xk;i � xk;cl)

2
i
; with xk = x; y; z; �; �; �; : : : in

cells (xk;i) or clusters (xk;cl);

� the global signal density �cl = Ecl=Vcl, in addition to the cell signal densities ~% =

(Erec;1=V1; Erec;2=V2; : : : ; Erec;Ncl
=VNcl

), where Vi is the cell volume ;

� the cluster shape �Ecl=�xcl;k with respect to some of the coordinates discussed above;

� and the cluster nature, de�ned by signal fractions as discussed earlier for electromag-

netic clusters (page 19).

As usual, all signal related variables should be calculated on EMS.
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5 Final Energy Calibration and Reconstruction

Final energy reconstruction consists of two basic tasks. First, the reconstructed EMS energy

must be converted to the best estimate of the true deposited energy at a given cluster location.

This conversion is achieved by local calibration functions and parameters, sensitive to the

nature of the energy deposit.

The second step is then to reconstruct particle and jet energies, and missing transverse

momentum or other global event quantities. Input to this step are clusters or cells after �nal

local calibration.

The �nal calibration depends for both tasks on the signal de�nition. This introduces

similar restrictions like the ones already presented in the sections on clustering, on a general

discussion of the �nal calibration and reconstruction. Especially the calibration functions are

very speci�c not only to the calorimeter geometry and read out granularity, but also to some

hardware performance aspects like e=�. Suggestions for the H1 calorimeter can be found

in [3, 4] and, in more detail, in [13]; calibration functions inspired by this approach have

been already been successfully applied to data from a combined ATLAS liquid argon and tile

calorimeter testbeam [14] and studied for simulated hadron response in the ATLAS hadronic

endcap liquid argon calorimeter [15].

5.1 Final local calibration

The relation between true deposited energy in a given cell cluster and the corresponding EMS

signal is certainly depending on the nature of the deposit9 (hadronic or electromagnetic), e=�

signal ratio, the cell selection cuts, and the cluster �nding and classi�cation e�ciency. The

calibration tasks generated by these in
uences are discussed in the following paragraphs.

Electromagnetic cluster calibration

Once a cluster is classi�ed as electromagnetic, its total EMS signal Ecl may already provide a

good estimate of the \true" energy Edep deposited by electrons or photons. This is especially

true if the cluster is not located too close to a calorimeter crack.

Still, Ecl is of course a�ected by the signal de�nition cuts, as already discussed in sections 3

and 4. Electron response in testbeams, though, usually allows to understand and correct these

e�ects at a level of 1% [1], often together with simulations. Constraints for the corresponding

calibration functions are optimized signal linearity and energy resolution for a given signal

de�nition.

Local calibration in its most limited understanding does not require any correction for

energy losses outside the cell cluster, as its whole philosophy is to reconstruct the energy at

the cluster location. But the correction for signal de�nition cuts already softens this picture

9muons are not included here or in previous discussions. They can be treated like isolated electrons or

photons, i.e. the appropriate calibration function is applied after identi�cation, and clusters belonging to

muon response are not available for jet �nding.

23



+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++
+++++++++++++++++++++++

4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444
4444444444444444444444

++++
++++
++++
++++
++++

++++
++++
++++
++++
++++ 44444

44444
44444
44444
44444

4444
4444
4444
4444
4444

noisy cell assigned 
to cluster

cell with energy 
deposit assigned to 
cluster

cell with energy 
deposit, not 
clustered

boundary of 
reconstructed  
cluster

Figure 5: Electromagnetic cluster cal-

ibration normalization. The cluster

EMS signal Ecl is de�ned by the sum

of signals in clustered cells and must

be normalized for calibration using the

sum of deposited energies in all cells hit

by the shower.

at least for electrons and photons, as the signals in calorimeter cells surviving the signal

de�nition are used to reconstruct the energy deposited in a full electromagnetic shower, i.e.

to correct for lost cells with energy deposit but small signal or large noise, and for added

noisy cells without energy deposit. See also �gure 5.

The same argument can be made for dead material losses in electromagnetic showers,

with one additional observation: the e�ect of signal de�nition cuts on the electron and

photon calibration is the same in testbeam and physics experiment, while especially the

inactive material in front of a certain calorimeter may be di�erent for both setups, resulting

into di�erent correction functions and parameters. The calibration functions correcting noise

cuts and cluster �nding should therefore be determined independently of any corrections for

energy losses in dead material.

Another important di�erence can be that the corrections for the signal de�nition can be

determined experimentally, at least for electrons. Simulations are only needed for monitoring

the extracted calibration functions and estimation of the usually small (by comparison) energy

losses in upstream material.

Hadronic calibration functions

Hadronic calibration functions often introduce complex non-linear signal weights for optimal

energy resolution in non-compensating calorimeters. Their extraction from testbeam data is
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Figure 6: Normalization for hadronic

cluster calibration. Simulated energy

deposit in cells with no or insigni�-

cant signals can be assigned to the near-

est cluster in space, measured by the

(energy weighted) distance
���~Ri

��� between
cluster/cell barycenters.

not at all straight forward, as they are much more sensitive to signal de�nition and limited

acceptance of even large calorimeter calibration modules. And even if these functions are

determined by testbeam pions, one still has to �nd a way to apply them to jets, including a

veri�cation of validity in this di�erent environment. Di�erences in inactive upstream material

are usually less severe for hadron calibration normalization than for electrons.

The energy reconstruction model discussed here is based on local calibration, i.e. the

hadron calibration functions are applied only to hadronic clusters, and are normalized to the

energy deposit at the cluster location. The non-classi�ed clusters mentioned in section 4.2 on

page 20 are usually part of the hadronic response, but also arti�cially generated by cluster

�nder ine�ciencies. They are discussed in the next paragraph.

The normalization problem for hadronic energy deposit is dominated by signal de�nition

cuts. Even hadronic showers from single pions in a testbeam environment are often split into

several clusters with very di�erent characteristics. This is mainly due to the fact that the

correlations between signals even in adjacent calorimeter cells can be relatively weak. Also,

hadronic clustering should be tuned to the diversity observed in hadronic showers, meaning

that event by event variations in the shower development are actually measured and used

for optimal reconstruction at highest energy resolution. In addition this is a possible way to

carry hadronic cluster calibration obtained from single pion testbeam data to jets: localized

clusters with the same characteristics, measured by adequate variables like signal densities,

cluster shapes etc., are reconstructed by the same functions in both kind of data.
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The weak signal correlation and the related wide shower spread increase the probability

of fairly isolated small energy deposits in the development of the hadronic shower, which

may not even be converted into any signi�cant signal, resulting into the possible loss of the

corresponding calorimeter cell at any of the signal de�nition steps. On the other hand, these

energies can often not be neglected in the normalization of the calibration functions, mainly

for signal linearity at lower energies. One way to include them is the use of simulations,

where the deposited energy is available cell by cell, and can be assigned to the closest cluster,

see �gure 6.

Input to this approach can be single particle [7] or jet response simulations [2, 13]. Both

are sensitive to hadronic shower models and certainly need systematic evaluation. Testbeam

data usage is then limited to tuning of the shower Monte Carlos and to monitoring the

performance of the calibration functions with respect to energy resolution and linearity, the

later de�ned by comparisons to simulations [2].

Alternatively one may use a global normalization based on the beam energy, where de-

posited energy is assigned to each cluster based on its contribution to the total event signal

(or other appropriate variables). This concepts often su�ers from limited acceptance of cali-

bration modules, which must be understood, for example from testbeam simulations.

The question of what kind of calibration functions are appropriate can not generally be

answered. Experience with the reasonably segmented H1 liquid argon calorimeter shows that

the signal de�nition including the �ltering of electromagnetic clusters, which is part of a signal

weighting scheme (!), is actually dominating linearity and resolution for lower energetic jets

with (in linear space) rather wide opening angles [3]. This may change at higher energies,

like at ATLAS, even though we expect to bene�t from typically large signals requiring only

relatively straight forward calibration functions. Concerning the e�ect of these functions on

energy resolution, it is imaginable that the relatively large noise at LHC makes the signal

de�nition itself dominating this performance parameter.

Non-classi�ed clusters

The deposited energy in clusters consisting of an inadequate number of cells (mostly one)

to calculate variables needed as input for hadronic calibration functions can not really be

estimated safely by any means. Some limited guesses on the nature of the energy deposit are

maybe possible from the cluster location: electromagnetic deposit is more probable close to

the front of the calorimeter, while isolated signals deeper in the calorimeter can rather safely

be assumed to be of hadronic origin. But even these coarse evaluations do not really help to

make a safe guess on the relation between signal and deposited energy.

Calibration functions for these objects can be extracted, however, from simulations or

global normalization attempts in testbeam or physics experiment. The later can be constraint

by resolution optimization in transverse momentum balance, for example. In any case, these

functions can only provide an estimate for the deposited energy within a fairly poor resolution;

they are therefore typically limited to straight forward constant factors or slightly signal

dependent corrections.

26



electromagnetic 
cluster

(final local  energy scale)

hadronic cluster
(electrom. energy scale)

final 
electromagnetic 

calibration

final hadronic 
calibration

Ecl , Xcl , δEcl / δxcl,i , ...

re
ca

lc
u

la
tio

n
 o

f 
cl

u
st

e
r 

p
a

ra
m

e
te

rs
in

 s
e

ve
ra

l (?
) 

ite
ra

tio
n

s

re
ca

lc
u

la
tio

n
 o

f 
cl

u
st

e
r 

p
a

ra
m

e
te

rs
in

 s
e

ve
ra

l (?
) 

ite
ra

tio
n

s

hadronic cluster
(final local  energy scale)

electromagnetic 
cluster

(electrom. energy scale)

Ecl , Xcl , δEcl / δxcl,i , ...

non−classified 
cluster

(electrom. energy scale)

Ecl , Xcl 

Ecl , Xcl , δEcl / δxcl,i , ...
f f f f

Ecl , Xcl , δEcl / δxcl,i , ...
f f f f

non−classified 
cluster

(final local  energy scale)

Ecl , Xcl 

Ecell
f Ecell

fEcell
fEcell

f Ecell
fEcell

f

f f

Ecell
f Ecell

fEcell
f

final 
"non−classified" 

calibration

Figure 7: Final local energy reconstruction scheme. Each cluster is characterized by a set of

variables, like the cluster energy signal E
(f)
cl , the cluster location ~X

(f)
cl =

�
x
(f)
cl;1; x

(f)
cl;2; x

(f)
cl;3

�
,

the cluster signal shape �E
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cl =�x

(f)
cl;i, and others. E

(f)
cell is the cell energy signal. Superscript f

denotes FES signals (usually the best estimate for the energy deposited at the cluster location),

or quantities derived from this signal. No superscript means signals and related variables on

EMS.
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5.2 Local energy reconstruction

Once the calibration functions and parameters for each cluster class have been determined,

energy reconstruction follows the scheme lined out in �gure 7. The EMS cluster signals are

converted to the FES signals using the appropriate calibration procedure.

For electromagnetic objects, this typically includes a rather straight forward correction for

signal de�nition cuts, possibly followed by dead material corrections, see earlier discussion on

normalization for this case. The same is true for non-classi�ed clusters, where the previously

discussed simple calibration functions are applied to the signal.

Hadronic clusters are usually subjected to more sophisticated calibration procedures.

Even di�erent choices of algorithms depending on cluster variables can be realized, for ex-

ample depending on the cluster signal [4]. Iterative procedures to optimize energy resolution

may also be needed. In this case sensitive cluster variables are recalculated from cell energies

updated in each iteration, until a stability requirement (typically on the total cluster energy)

is ful�lled. Note that in case of software signal weighting, parameters for the weighting func-

tions can be calculated from cluster variables. The weights are then calculated for each cell

using these parameters and the cell signal or signal density.

Dead material corrections for hadronic objects may also be applied, following the discus-

sion of this subject in case of electromagnetic clusters. Here it is also necessary to decouple

the hadronic calibration functions from these corrections as much as possible, for universal

application to testbeam and physics signals, see discussion on electromagnetic calibration

above.

Generally all individual cell signals in a given cluster should be converted to FES, just

like the total cluster signal. Even though this �nal cell signal is due to the typically enormous


uctuations only a poor estimate for the true deposited energy in this cell { even for electrons,

see section 3 { it is still important if missing transverse energy is calculated using cells.

5.3 Full �nal state reconstruction

Locally calibrated cell clusters are the input for the last step in the reconstruction chain,

the determination of the energy of physics objects. The sequence of tasks performed for

this step in given in �gure 8: �rst, electromagnetic clusters are subjected to electron and

photon identi�cation. Those which do not pass as isolated particles then de�ne, together with

hadronic and non-classi�ed clusters, the input for jet �nding. Each identi�ed photon, electron

and jet is subjected to a very last round of energy corrections for particle identi�cation and jet

�nder cuts (if any!), and other possible acceptance corrections depending on the particle/jet

type.

Particularly important corrections at this last step can be related to energy losses in

upstream dead material, which usually depend on the particle type. High precision photon

and electron energy reconstruction, for example, needs to take into account the di�erences

between photon and electron showers at this point. Here is one possible violation of our

\calorimeter only" attempt on energy reconstruction: reconstructed tracks in the inner de-
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Figure 8: Full calibration including particle identi�cation and jet �nding. The broken lines

indicate an alternative reconstruction of the missing transverse momentum from fully recon-

structed particles and jets and non-classi�ed clusters, instead of the (resolution preferred ?)

single cells approach. Superscript f indicates FES signals, or quantities derived from these

signals (see also �gure 7); (E; ~p) denotes 4-vector input.
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tector pointing to an electromagnetic cluster in the calorimeter help to separate photons from

electrons. Using the calorimeter alone for this task requires very �ne read out of the �rst

longitudinal segment and very little inactive material in front to be sensitive to the small

di�erences in the electron and photon shower development.

The missing transverse energy Et;miss can be calculated from the fully reconstructed

�nal state particles, jets (including all corrections) and whatever clusters are not assigned

to any physics object. The cell signal should again be corrected, too, like after local energy

reconstruction. This allows to use cell geometry and energies for optimal resolution in the

Et;miss calculation.

Another approach is to use the FES cell energy signal for this calculation, with the

disadvantage that not all acceptance corrections are applied. On the other hand, some of these

corrections may be very model depending, and the corresponding biases of particle and jet

identi�cation in the Et;miss calculation should be avoided. Also, overall acceptance corrections

obtained from simulations or in situ from events with perfect transverse momentum balance,

are still possible in this calculation10.

One eminent advantage of the local energy reconstruction model is that generalized clus-

ters provide rather well calibrated and massive (if more than one cell) 4-vectors. They can

therefore be treated as pseudoparticles in the following physics object de�nition, with quite

realistic estimates of the true energy 
ow in their direction { a very interesting feature for

comparisons of di�erent jet �nding schemes.

Reconstruction and physics analysis: some software aspects

Particle identi�cation and jet �nding, maybe not so much Et;miss calculation, are to a point

already part of the physics analysis, even though one default algorithm for each of these

tasks must be implemented into the reconstruction, mainly for event �lter purposes. General

purpose calibration and reconstruction can therefore only provide a stable signal with small

and well understood biases, on a well known energy scale, as input for the physics object

de�nition.

Consequently, all relevant data allowing the re-reconstruction of the physics objects must

be provided as the minimum input to analysis. For systematic studies more information is

needed, though: EMS and FES cell signals must both be available, in addition to the fully

corrected energies after object formation. It is often useful to keep the visible and deposited

energy in calorimeter cells in addition, which is of course only available for simulated data.

From point of software, cell clusters can be seen as logical concepts realized by lists of

pointers to calorimeter cells. Generalized clusters are then just a list of pointers to these

local clusters, see �gure 9. These lists, together with access to the algorithms used to collect

the \smaller" objects, makes cluster formation and classi�cation fully transparent at analysis

level.

The physics objects should be built in the same way as clusters, allowing to establish a

hierarchical relation between each individual calorimeter cell surviving the noise suppression,

10these corrections are not included in the scheme shown in �gure 8!
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Figure 9: Basic data structure of the reconstruction output. E0 is the EMS and Ef the FES

cell signal, both available for data and Monte Carlo. The visible (Evis) and deposited (Edep)

cell energies are only available for the simulation. The full raw data cell list is usually not

available in the physics experiment, but should be available for testbeam data, to study the

e�ect of the signal de�nition, see section 4.
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the �nal object and all important steps in between! It should be possible to follow these

relations from the cells to the physics objects and vice versa, again to allow for transparency of

the chain. Note that the raw data cell list can already be reduced by online noise suppression,

as discussed in section 4. This step can therefore not be redone in analysis, especially not for

physics data.

Conclusions and Outlook

The concept for a complete energy reconstruction model for isolated particles, jets and miss-

ing transverse energy, using calorimeter signals only and without bias towards certain LHC

physics, has been presented. The fundamental ingredient of this model is the intrinsic elec-

tromagnetic energy scale featuring the ideal (unbiased) electron calibration constant, as ex-

tracted from testbeam response. This scale is important for comparisons of experimental

data and the corresponding simulations, and is universal for testbeam and physics.

The other major feature of this model is local reconstruction, meaning calibration func-

tions normalized to energy deposited locally in the calorimeter. This step must be preceded

by a signal de�nition, which consists of noise suppression algorithms and localization of energy

deposit by cell clustering. The following determination of the electromagnetic or hadronic

nature of this energy deposit using cluster related quantities is the �rst step towards linearity

and optimal energy resolution in non-compensating calorimeters.

Another advantage of localizing signals in calorimeters is the possible extraction of ha-

dronic calibration functions for jets from single hadron testbeam data. Also, reconstructed

and calibrated clusters can be interpreted as pseudoparticle 4-vectors for jet �nders.

A potential weakness is the dependence of the calibration functions on (especially hadro-

nic) shower simulation models, if those must be used for local normalization. These strategies

certainly need further investigations for real calorimeter designs. The choice of calibration

functions itself is also strongly related to the calorimeter geometry and read out granularity,

and needs to be studied for each design in ATLAS. The suggested strategy for the deter-

mination of the electromagnetic calibration seems to be generally applicable, even though it

depends on the more reliable electromagnetic shower Monte Carlo for acceptance unfolding.

We do not suggest to implement the described model without further studies. Too many

(design depending) details are missing, especially concerning the sensitivity of the signal in a

given calorimeter to shower nature. It is also imaginable that the rather large pile-up noise

at LHC puts severe limitations to the somewhat crucial clustering and signal classi�cation.

These 
uctuations, and the need to illuminate all calorimeter regions in ATLAS with su�cient

statistics, requires a huge amount of response simulations.

We hope, though, that the presented model can be used as a starting point for software

design, and that the other message of this note, the strong relation between the signal de�-

nition and the �nal calibration, will be studied more carefully for all ATLAS calorimeters in

the LHC environment in the near future
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