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Abstract— Minimizing the energy cost and impr oving ther-
mal performance of power-limited datacenters,deploying large
computing clusters, are the key issuestowards optimizing their
computing resourcesand maximally exploiting the computation
capabilities. In this paper, we develop a unique merger between
the physical infrastructur e and resource managementfunctions
of a cluster management system to take a holistic view of
datacenter management, and make global (at the level of a
datacenter) thermal-aware job scheduling decisions.A software
architecture is presentedin this regard and implemented in a
fully operational computational cluster in the ASU datacenter.
The proposedarchitecture develops a feedback-control loop, by
combining information fr om ambient and on-board sensorswith
the nodeallocation and job schedulingmechanisms,for managing
the system load depending on the thermal distrib ution in the
datacenter.

I . INTRODUCTION

Computing clusters are increasingly deployed in current
datacenterslimited by power andthermalcapacity. To achieve
higher computationcapability thesedatacentersare densely
populatedwith computingservers. This results in high heat
density in the datacentersproducingpotentialhotspots.As a
result the reliability and longevity of the computingservers
is affecteddue to overheating,increasingpossibledowntime
of the system.The current trend in datacentersto address
this problem is to increasethe cooling capacityof the dat-
acenterstaking into accountthe worst casescenarios.This,
althoughsolvesthe problem,givesrise to highercooling cost
which producesalmost half of the total operationalcost of
the datacenter. Therefore,a dynamic thermal-aware control
architectureis necessaryfor online thermal evaluation that
can achieve a trade-off betweentheseextremes.One of the
majorgoalsin this respectthereforeis to answerthefollowing
question:”Given limited power and cooling capacitiesin a
datacenter, how can a combinationof ambientand on-board
sensorsandjob schedulingmanagethe systemload in sucha
way as to maximizethroughput?”

To this effect, we presenta software architecturewhich
combines information from ambient and on-board sensors
with resourcemanagementfunctionsof a clustermanagement
system to take a holistic view of datacentermanagement,
and make global (at the level of a datacenter)thermal-
awarejob schedulingdecisions.We implementedthis thermal
awareschedulingarchitecturein a fully operationalcomputing
cluster in the ASU datacenter[1] with a total of 4 racks,
5 chassisin eachrack, and 10 Dell PowerEdge1855 blade

servers containing Intel 64-bit dual-processorXeon EM64T
CPUsin eachchassis.

A typical datacenteris laid out with a hot-aisleand cold-
aislearrangementby installing the racksandperforated�oor
tiles in theraised�oor . Theair conditioners,normallyreferred
to as ComputerRoom Air Conditioner (CRAC) or HVAC
(HeatingVentilation Air Conditioner),deliver cold air under
the elevated�oor . In the sequel,this is referredto ascooling
air. The cooling air entersthe racks from their front side,
pick up heat while �o wing through these racks, and exits
from the rear of the racks. The heatedexit air forms hot
aisles behind the racks, and is extracted back to the air
conditionerintakes,which, in mostcases,arepositionedabove
the hot aisles.Eachrack consistsof several chassis,andeach
chassisaccommodatesseveral computationaldevices(servers
or networking equipment).

Sensorsare deployed in the front and back of the chassis
to measurethe inlet and outlet temperatureof the chassis.
This information is then collected by a central entity and
incorporatedin the resourcemanagementfunctionsdeployed.
Speci�cally, theDell PowerEdge1855bladeusedin our study
is equippedwith inlet temperaturesensors,in-housesensors,
and outlet sensors.Thesetemperaturesensorsare a part of
thechassisandthe datais retrieved from themvia SNMP. By
measuringthetemperaturedifferenceof theair inlet andtheair
outlets,we candeterminehow muchheatis beinggenerated.

We have usedthe Moab [2] clustermanagementsoftware
for this purposeand improved its operation by including
thermal awareness.We choseMoab as it is widely usedin
managingcomputingclustersacrossthedatacentersandhasa
detailedgraphicalinterfacefor controllingthecluster. It further
detachesthe node-allocationand job scheduling decisions
from the actual resourcemanagementsoftware suchas LSF,
TORQUE/PBS,making it ideal to include thermalawareness
due to reducedcomplexity.

The proposedsoftwarearchitecture
� Enables dynamic on-line thermal managementduring

datacenteroperations.
� Provides visualizationof thermal distribution inside the

datacenter.
� Aggregatesenvironmentalinformationwhich canbeused

by resourcemanagementand thermal-awarescheduling.
� Facilitateson-line upgradationof the schedulerwith no

requirementfor systemshutdown.
The rest of the paper is organizedas follows. Section II
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The fast analysiswill be provided to policy controller to generatehigh level thermal managementbasedon cost analysis,thermal distribution and other
requirements.The gray partsaremodulesaccomplishedby this paper.

provides the essentialbackgroundinformation required for
developinga thermalawarefeedback-controlloop for thedat-
acenteralongwith its requiredcomponents.Differentthermal
awareschedulingtechniquesarediscussedin sectionIII along
with theircomparativestudy. SectionIV presentsthedetailson
theASU datacenteron which we implementedthermalaware-
nessfollowed by sectionV which putseverythingtogetherto
presentthe software architecturebeing implemented.Section
VI presentsthe key resultsfollowed by the relatedwork and
conclusionsin sectionsVII andVIII respectively.

I I . BACKGROUND

A typical costof operatinga datacenterincludesenergy cost
of cooling systemsandcomputingdevices,hardwarecost for
replacingold anddysfunctionalcomputingdevices,operation
cost for infrastructureinvestmentand labors.The speci�ca-
tionsof computers(includingnetworking devices)andcooling
systemsdecidethe energy cost for the normal operationof
datacenter. The hardware failure modelof equipmentdecides
the operationcost such as the cost for replacinghardware,
labor cost. Facility cost is one-timecost of purchasingand
installing new devices,building infrastructures.In this work,
however, we concentrateon theenergy costof coolingsystems

andcomputingdevices,sinceothercostsprimarily dependon
businessmanagementandpolicy scope.

Theenergy costof computingdevicesandair conditionersis
thesourceof heatdissipation.Theassignmentof computation
task,the power consumptionof differentdevices,the thermo-
mechanicpropertiesof variousdevices, the cooling capacity
and performanceof air conditioner, etc., will all directly or
indirectly impact the thermaldistribution inside a datacenter.
The thermal distribution implicitly correlateswith the oper-
ation cost of the datacenter. Thus, it is very challengingto
observe, or understandhow the three different propertiesof
datacenter, namely, operationcost, thermal performanceand
capacityare interrelatedwith eachother.

An integratedthermal-awareschedulingcontrolfor datacen-
terscanoptimizethe total utility costof runninga datacenter.
In our previous work [3], we formalizedthe total energy cost
of a typical datacenterand showed that thermal-aware task
schedulingat server level can be utilized to achieve better
energy ef�ciency. In this paper we intend to develop the
schedulingcontrolarchitectureandvalidateit in anactualdat-
acenter. This would involve the streamingof sensordatainto
a dynamicplanningmodulewhich would, in realtime,usea
thermalmodelingframework to determine”good” scheduling



andcooling policies.
Figure 1 shows a schematicview of thermalmanagement

of a datacenterand the requirementfor a feedback-control
loop for this purpose. In this paper, we intend to develop
thehighlightedportion(in graycolor) of theschematicview1.
For this purpose,we try to answerthe following question:
”Given an environmental sensordata gathering framework
in a datacenter, how can we integrate it with the resource
managementfunctions and develop a software architecture
for enabling on-line thermal-aware job schedulingwithout
affecting the normaloperationsof a datacenter?”.

A. TaskSchedulingin Datacenters

Apparently, a different utilization rate of a server leadsto
a differentamountof power consumption.From a whole dat-
acenterpoint-of-view, different schedulingalgorithmswould
result in different task assignmentsand utilization rates;
consequentlyresulting in different power consumptiondis-
tributions inside a datacenter. Moreover, the changein the
power consumptiondistribution directly causesthe change
of temperaturedistribution. And, �nally , differenttemperature
distributions demanddifferent cooling capacityand generate
different total energy costs.

This canbe betterillustratedby Figure2. Assumethat we
have to assigna computing task among a group of server
nodes.SchedulingAlgorithm A andB leadto differenttemper-
aturedistributions.Without cooling system,someof the inlet
temperaturesare above redline temperature.Cooling system
is then introduced to drive the maximal inlet temperature
below the redline temperatureto reducehardware fault rate.
Obviously, the two algorithmsrequiredifferent efforts; more
technically, different cooling capability to achieve this goal.
Actually, evenwith thesametotal power dissipationfor all the
server nodes,differentschedulingalgorithmsleadto different
temperaturedistributions,andconsequently, result in different
total energy cost.

Note that thermal-awaretaskschedulingof datacenterswill
not have any impact on an application's performance;the
only differencewill bewhich subsetof equallycapableserver
nodesareusedto performthecomputingtask.Thecomputing
task itself is not aware of such changes.Therefore,we can
manipulatetask schedulingto achieve the best temperature
distribution, andconsequently, minimize the total energy cost.

I I I . THERMAL AWARE SCHEDULING

The incorporationof thermalawarenessin task scheduling
dependson the thorough understandingof the correlation
betweentaskassignmentandresultingthermaldistribution in
the datacenters.

A. TaskSchedulingand ThermalDistribution Co-relation

A datacenteris composedof a setof computingnodesfrom
�

to � . Thosephysicallyseparatednodeswork individually or
cooperatively to accomplishassignedtasks.Thesenodesare

1Wehave developedtheotherpartsin ourpreviouswork [3] andis therefore
excludedfrom this paperdue to spaceconstraints.
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Fig. 2. This illustrates the reaction chain from schedulingalgorithm to
energy cost:different taskassignmentsresult in differentpower consumption
distributions; different power consumptiondistributions results in different
temperaturedistributions;differenttemperaturedistribution resultsin different
total energy cost.

eitherheterogeneousor homogeneous.Thereis a schedulerto
dispatchincomingtasks�����	��

� (agroupof tasks)to individual
distributed nodesdependingon various schedulingpolicies,
criteria and strategies. Each distributed node � consumes
energy at the rate ��� during the executionof task set ��� (a
subsetof ��������
�� ), andthepower consumptionratedependson
the hardwarecharacteristicsof distributednodesandthe task
pro�les (computeintensive,memoryintensiveor IO intensive):

�
���������

�
��� , (1)

where ��� is a thermo-mechanicfunction which dependson
the hardware speci�cationsof distributed nodes. ��� can be
obtainedthroughexperimentalmeasurementor CFD simula-
tion. We characterizedthecorrelationbetweentaskandpower
consumptionin our previous work [3].

According to the law of energy conservation and the fact
that almostall power drawn by a computingdevice is dissi-
patedasheat,the relationshipbetweenpower consumptionof
a nodeand its inlet/outlet temperaturecanbe presentedas

���
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�

�	*+��,
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where �&% is the speci�c heatof air and
 

is the air density.
In otherwords,the power consumptionof node � will change
the air temperaturefrom the inlet air temperature)

�

�.-

to the
outlet temperature)

�

��*+�

. Thegeneratedhot air will alsospread
to othernodes.The temperaturerise canbe identi�ed asself-
interfer ence(heatingup air �o wing throughitself) andcross
interfer ence(heatingup othernodesthroughrecirculation).

B. BasicThermalAwarenessin TaskScheduling

We brie�y review three naive thermal-aware scheduling
algorithms presentedin our previous work [3]. They are
“naive” in the sensethat they are based on observations
and intuitions, and they did not take into accountthe heat
recirculationphenomenon.



Uniform Outlet Pro�le (UOP): This schemeis similar to
the OnePassAnalogalgorithm presentedin [4]. Basedon the
inlet temperatureof eachcomputingnode,this algorithmwill
assignmore tasksto nodeswith low inlet temperatures,and
fewer tasksto nodeswith high inlet temperature.Theobjective
is to achieve a uniform outlet temperaturedistribution.

Minimal Computing Energy (MCE): MCE minimizesthe
numberof powered-onchassisand processorsto concentrate
computingenergy costson thoseactive serversandprocessors
andturn-offs all otheridle processorsor blades.Consequently,
the resultingoutlet temperaturesof all computingnodeswill
not necessarilybe equal. To reduce the thermal risk, the
computing nodeswith the lowest inlet temperaturewill be
assignedtasks�rst.

Uniform Task (UT): With this scheme,all nodes are
assignedthe sameamountof tasks.

Once we obtain a workload assignment,we map it into
the power consumption,then we can use the sensorbased
temperaturemeasurementfrom the servers/chassisto evaluate
the thermal distribution for the given power consumption
vector.

C. CharacterizingRecirculation

Due to the complex natureof air�o w inside a datacenter,
some of the hot exhaust air from outlets of servers will
recirculate into the inlet of other servers. Within a room
environment, if the dimensionsand locations of all major
physicalobjectsare�x ed,no moving objectsinsidethe room,
theair �o w patternshouldberelatively stableandpredictable.
Our hypothesisis that the amountof air andheatrecirculated
from the outlet of one server to the inlet of anotherserver
is relatively stable.If we cancharacterizesuchheat�o w then
we canuseit to accuratelypredictthetemperaturedistribution
given anotherdifferentpower consumptiondistribution.

The air recirculation inside a datacentercan be charac-
terized as cross interferenceamong server nodes.Figure 3
demonstratesour abstractheat�o w modelandthe correlation
betweendistributed nodes.Node N1 has inlet temperature

)

�

�.-

, which is a mixture of suppliedcold air with temperature
)�3�465 and recirculatedexhaust warm air from other nodes.
The outlet warm air of node N1 will partially return to the
air conditioner, andpartially recirculateinto othernodeswith
constantrate. It alsodraws in exhausthot air from the outlet
of othernodesdueto recirculation.Therate,or thepercentage
amount,of recirculatedheat7

�98 is de�ned ascrossinterference
coef�cients.

We assumethe amountof recirculatedheat from node �

to node : is 7��;8+<

�

��*+�

, where <

�

��*=�

is the energy of exhaust
air from node � . The coef�cient 7>�98 is the percentageof
heat�o w from node � to node : . Assumingcross-interference
coef�cients areconstant,the matrix

?
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de�nes the cross-interferenceamongall the server nodes.
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Fig. 3. This �gure demonstratesthe crossinterferenceamongdistributed
server nodes.Exhausthot air from node 1 will partially return to AC and
partially recirculateinto other nodes' inlets. Meanwhile it 'inhales' exhaust
hot air from other nodes.Thosecoef�cients show the percentageamountof
recirculatedheat.

For a given node � , the total amountof heatexhaustedin
the out air �o w, <

�

�	*+�

is given by:
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where )
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is the outlet air temperatureand <
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is the input
heatgiven by
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where )

�

�.-

is the inlet air temperature.We assumetheair den-
sity doesnot change(in practice,it changesfrom 1.205LNMPORQTS

at 20U6� to 1.067LNMPORQVS at 60U=� ).
From the practical perspective, at the beginning we need

to have a referencepower distribution, measurethe reference
temperaturedistribution, then try another � different power
distribution scenarios,and record all the outlet temperature
distribution of these � scenarios.With thesedata, we can
calculatethe crosscoef�cients.

Oncewe obtainedcrossinterferencecoef�cients
?

, we can
calculateor predict temperaturedistribution without running
CFD. The advantageof such an approachis that we can
implementonline fast temperature evaluation to optimize
datacenteroperationin real-time.Given a power distribution
vector ,

W X

, theoutlet temperaturedistribution canbecalculated
using:

,

W Y
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where b
� is the substitutionof  I"J�

�
% (in equations4 and5),

and inlet temperaturecanbe calculatedthrough

,
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Pleaserefer to our previous work [5] for simulationresults
of pro�ling crossinterferenceandfasttemperatureevaluation.
In short,we con�rmed our hypothesisthat heatrecirculation
could be characterizedas cross interferencequantitatively.
In addition, we showed in [5] that cross interferencebased



fast thermalevaluationcould be usedin online thermalman-
agementto predict temperaturedistribution accuratelyand
effectively.

D. CrossInterferenceBasedScheduling

To minimize the cooling energy cost of a datacenter, we
needto minimizetheheatrecirculation,or reducethemaximal
inlet temperatureof all the server nodes.In this regard, we
have developedXInt , CrossInterferencebased,recirculation
minimized schedulingalgorithm for minimizing maximum
inlet temperature.

Basedon the power consumptioncharacterizationof blade
servers in [3], we assumethat the correlationbetweenpower
consumptionand task assignmentis linear: �2� �fe

Ehg

�i� ,
where

e
and

g

are someconstantsobtainedthrough power
consumptioncharacterization.We canrewrite Eq. 7 as:
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Note that ,

W

j

and
k

are constantsonce we characterized
recirculationascrossinterferencematrix

?

. Theoptimization
problemcanbe written as
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which can be transformedto a typical linear programafter
introducinga new variable ‚ :

min �
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The physical meaningof the optimization problem is how
to divide the total task �����	��

� into a task vector
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��ˆŠ‰ to achieve the minimal maximuminlet tem-
perature.For analogenergy modeldiscussedin [3], the prob-
lem is just a typical LinearProgram;and,it is straightforward
to �nd the best task assignments.For discreteserver energy
models,such as DNO and DO, all �

8 have to be integers,
the problemchangesto an Integer Linear Programming(ILP)
problem and is relatively dif�cult to solve if the numberof
variables is large. However, we still could be able to �nd
a near optimal solution through someheuristic optimization
solution.

E. Comparative Analysis

Before presentingthe software architecturefor thermal
awarescheduling,we comparedifferentaspectsof the afore-
mentionedtechniques.For this purpose,we simulateda small
scaledatacenterwith physicaldimensions‹

K Œ

Q!•�Ž

K •

Q!•�•

K Œ

Q

(seeFigure4) usingFlovent [6], a CFD simulationsoftware.
The simulateddatacenterhas two rows of industry standard

•N‘N’

racksarrangedin a typical cold aisleandhot aislelayout.
Thecold air is suppliedby onecomputerroomair conditioner,
with the �o w rate Ž“Q S O

z . The cold air risesfrom raised�oor
plenumthroughvent tiles, andexhaustedhot air returnsto the
air conditionerthroughceiling vent tiles. Thereare 10 racks
andeachrackis equippedwith 5 chassis(markedfrom bottom
to topasA, B, C, D andE). Themaximumcomputingcapacity
in the unit of numberof processoris

�

€”€“€ . The total power
consumptionof the whole datacenterwould be

‘

•

‘

KWattsat
full utilization rate.The total power consumptionwhenall the
processorsare idle would be Ž

Œ

KWatts for DNO mode and
0KWatts for DO mode.

Figure 5 shows the inlet temperaturedistribution when all
theserversareidle. Obviously, thechassislocatedat thelower
part of the rack (A andB) obtainplenty of cold air from the
�oor ventsandhave a lower inlet temperature,wherechassis
locatedat the upperpart (E) of the rack experiencea highest
inlet temperaturedue to the insuf�cient supplyof cold air.

F. ComparingCooling Cost

Since the computing energy cost of different scheduling
algorithms are almost the same when the total datacenter
utilization rateis above 20%,we only focuson coolingenergy
costcomparison

Figure 6 and Figure 7 show cooling cost comparisonfor
the four aforementionedalgorithms with IgnoreIdle policy.
With IgnoreIdlepolicy, thenaivealgorithmMCE's totalenergy
consumptionhas a very close performanceto XInt, which
could save 30% energy cost comparedwith UOP and UT
whenutilization rateis around50%,andmaysave from 5% to
20%energy costat otherutilization rates.Figure6 alsoshows
the theoreticaloptimal lower boundfor the cooling cost.The
optimal scenarioassumesno existenceof heat recirculation,
andthesuppliedcold air andall inlet temperaturesareredline
temperature25U

� . Theenergy ef�ciency of MCE andXInt are
verycloseto optimalperformanceat low datacenterutilization
rates.

G. ComparingTask Assignmentand Temperature

In this work, we only considerDiscreteenergy modelsince
it is thepracticalway thatserversareoperated.First we would
like to observewhetherdifferentalgorithmhaveany impacton
temperaturedistribution. As we discussedearlier, temperature
distribution is an outcomeof power consumptiondistribution.

Figure 8 and 9 show resulting temperaturedistributions
with IgnoreIdle policy. Obviously, XInt has a very similar
temperaturedistribution asMCE, but the peakinlet tempera-
turesfor XInt andMCE are18.5U=� and20.5U_� , respectively.
Therefore,even the total power consumptionare the sameas



Row1

Row2

1

2

3

4

5

Column

E 
  
D 
  
C 
  
B 
  
A 

E 
  
D 
  
C 
  
B 
  
A 

Fig. 4. Two Row datacenterusedin our simulationstudy, eachrack has5
bladeserver chassis,marked from bottomto top asA, B, C , D andE.

A
B

C
D

E
E

D
C

B
A

1
2

3
4

5

0

10

20

30

Row1        
        

        
   Row2

Column

T
em

pe
ra

tu
re

  °
C

Fig. 5. Inlet temperaturedistribution: chassislocateat the lower part of
the rack obtain plenty of cold air from �oor vent and have a low inlet
temperatures

0 20 40 60 80 100
0

50

100

150

200

250

300

350

400

450

500
DiscreteNonOptimal : Cooling Energy Cost 

Utilization Rate (%)

P
ow

er
 C

on
su

m
pt

io
n 

(K
W

)

UOP
MCE
UT
XInt
Theoretical Optimal

Fig. 6. XInt and MCE possessminimal cooling energy cost, the energy
ef�ciency of MCE and XInt are very closeto optimal performanceat low
datacenterutilization rate.

0 20 40 60 80 100
0

50

100

150

200

250

300

350

400

450

500
DiscreteOptimal : Cooling Energy Cost 

Utilization Rate (%)

P
ow

er
 C

on
su

m
pt

io
n 

(K
W

)
UOP
MCE
UT
XInt

Fig. 7. XInt and MCE possessthe minimal cooling energy cost with
IgnoreIdlepolicy.

�+•

‹

K

�R•

KWatts for XInt and MCE, different task and power
distributionscould leadto differentpeakinlet temperature.

IV. SYSTEM MODEL AND CLUSTER SET-UP

In the previous sections,we have discussedvarious tech-
niquesfor thermalawareschedulingalongwith their relative
comparisonin termsof their thermalperformanceandenergy-
ef�ciency. This sectionprovidesthe systemmodel for imple-
mentingthethermalawarenodeallocationandjob-scheduling
in the datacenters.We usedthe central cluster set-upof the
ASU datacenterfor the implementation.The basicidea is to
examineallocationof new jobs basedon the temperatureof
the nodesin the cluster, changein thermalenvironmentafter

the submissionof these jobs, and migration of jobs when
unacceptablethermalenvironmentis reached.

Figure 10 presentsthe ASU datacenterset-up.There are
threemain componentsfor implementingandvisualizing the
thermalawareclustermanagementin the datacenters:
1) Remote Client: This is a laptop or any remotemachine
which presentsthe results(in graphicalform) of the thermal
awareschedulingin the cluster.
2) Central Server: The central server controls the nodesin
the cluster grid using Moab schedulerprovided by Cluster
Resources,Inc. [2].
3) Cluster grid : The clusterwe usedfor our implementation
is the centerpieceof the ASU CampusGrid, a 200 node,
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Fig. 10. ClusterSet-upat ASU datacenter.

400processorsystemcomprisedof Intel 64-bit dual-processor
XeonEM64T CPUsmanufacturedby Dell, andinterconnected
via anIn�niband highspeedinterconnect.Thereareatotalof 4
rackswith 5 chassisin eachrack. Eachchassishas10 nodes
(and each node has 2 processors).Although we can check
the statusof the entire cluster, we have control over chassis
0 and 4 of the cluster (total of 20 nodesi.e.40 processors).
This is becauseit is a fully operationalclusterand thereare
always a large numberof jobs running for different research
projectsspanningover variousdepartmentsin ASU. Further,
this restrictiondoesnot hinderour testingaschassis0, at the
bottomof the rack with low inlet temperature,andchassis4,
at the top of the rack with higher inlet temperature,provide
discernibletemperaturedifferential.This is becausethe cold
air �o ws from the bottom of the perforated�oor making the
inlet of the bottomchassislower comparedto that of the top
chassiswhereit reachesafter mixing with the ambientair in
the room. Thus the effects of the thermal awarenessin the
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Fig. 11. Softwarestructureof Moab. Developing the feedback-controlloop
is the goal of this paper.

schedulingcanbe easilyveri�ed with our set-up.
There are two basic aspectsin implementing the ther-

mal aware schedulingusing the aforementionedcomponents.
Firstly to get the feedbackfrom the on-boardsensorsabout
thethermalenvironment,we extractthetemperaturedatafrom
ASU datacenterlog �le. This �le is generatedby a SNMP
queryscriptwhich queriestheon boardsensorsandlogs their
readings.Secondly, we integrated thermal awarenessin the
Moab schedulerfor controlling the thermal environment. In
thefollowing sectionswe providemoredetailson theseissues.

A. ClusterManagementusingMoab

We usedtheMoabschedulerto con�gure thermalawareness
into it. Thereare two componentsof the Moab scheduler:1)
Moab server, and 2) Moab Cluster Manager(MCM). Moab
Server runs in central server running Linux Fedora Core
OperatingSystem,and MCM acts as a client that can be
run on any laptop/desktop.The MCM connectsto the server
andshows the statusof the jobs and the nodesof the cluster
controlled by the Moab server. For resourcemanagement



Moabservermakesuseof anunderlyingresourcemanagement
software suchas LSF, TORQUE/PBS.Figure 11 depictsthe
schematicview of theMoabsoftwarestructurealongwith the
feedback-controlconnectionrequiredfor thermal-awarenessin
the nodeallocationand job schedulingmechanisms.

The cluster set-up we used uses the TORQUE resource
manager. It is a freely available software which has two
main components:1) a central controller that maintainsall
the resourceinformation along with submitting jobs to the
servers,and2) distributedagentsexecutingat eachindividual
servers that report to the central controller. Moab makes
use of the resourceinformation maintainedby the central
controller of TORQUE and schedulesjobs accordingly. The
resourceand job informationcanbe checked from command
line on the machinewhereMoab server is installedor from
remotelaptop/desktopusingtheMCM software(asmentioned
previously).Moab.cfg �le is thecon�guration�le (in theMoab
server) thatspeci�estheunderlyingresourcemanagertypeand
the path where it is located.Moab also allows the use of a
native resourcemanagerwhich canreportany genericmetrics
(not managedby the underlying resourcemanager)such as
temperatureinformation.A genericmetrics�le (in any format
suchas.html, .txt, .perl), containingthe requiredinformation,
is requiredto be maintainedand updatedin this regard.The
pathof this �le is requiredto be speci�ed in themoab.cfg �le
in order to enableit to be the native resourcemanager. This
provision in the Moab clustermanagermakes it ideal for the
implementationof any thermalawarenessinto it.

The schedulingtechniquecanalsobe con�gured using the
moab.cfg �le. This �le (moab.cfg) is storedin the directory
/opt/Moab on the host where Moab server is installed. In
the next section we discussthe thermal aware scheduling
techniquesto beimplementedusingtheMoabclustermanager
discussedin this section.

V. SOFTWARE ARCHITECTURE

Figure12 presentsthe overall softwarearchitectureputting
together all the componentsdescribedin section IV. The
visualization tool extracts raw sensordata from the sensor
history as updatedby the SNMP query script in the central
server andshows it in graphicalform. Further, it updatesthe
gemetric �le for the Moab server in appropriateformat so
that Moab canbe con�gured for thermalawareness.This tool
canbe executedin any local desktop2 provided its locationis
properly fed into the Moab con�guration.

A. Visualizationand Aggregation of the sensordata

Figure 13 expands the visualization tool (of Figure 12)
for monitoring the thermal distribution in the datacenter. It
primarily consistsof a componentfor Data Retrieval, Pars-
ing, and File Generationthat executesin an iteration. This
componentconnectsto the Central Server securelythrough
SSH and extracts the most recent temperaturereadingsfor
each sensorin each chassisfrom the Moab data log. The

2In our implementationwe usedthe server 129.219.33.232.This can be
replacedby any IP addresswherethe visualizationtool is located.

Fig. 13. Visualization tool for monitoring thermal distribution in the
datacenter

temperaturedatais thenstoredin the MySQL databasealong
with the time whenthe sensormeasuredthe temperature.The
program also executesa shell script on the Central Server
which gathersthe CPU performancedata,andthis dataalong
with the currenttime is thenalso storedin the database.The
databaseis a convenientway to store and retrieve the most
recently collectedsensordata when the last data collection
attemptfails.

The program is also responsiblefor generatingdata for
Moab andfor the PHPWeb Pages.The mostrecenttempera-
tureandCPUloaddatais retrievedfrom theMySQL database
and a Moab genericmetric �le is madewhich can then be
usedby the Moab scheduleron the CentralServer. Four �les
representinginlet temperatures,outlet temperatures,inside
temperatures,and CPU loads are createdfor the PHP web
pagesthatparseanddisplaythis informationgraphicallywhen
requestedby a RemoteClient. ThePHPwebpagesareserved
by an ApacheWeb Server and display graphsthat represent
the currentconditionsof the serversin the datacenter, aswell
as historical trendsfor inlet temperature,outlet temperature,
CPU loads,andestimatedpower consumption.

B. Implementationof the schedulingAlgorithmsin Moab

In thissectionwe providethebasicchangesto beperformed
in theMoabclustermanager. For simplicity weprovidesample
changesfor theMCE algorithm(which assignsjobsto servers
with lowestinlet temperature)discussedin sectionIII. Overall,
MCE performscloseto the bestasXInt does(SectionsIII-G
andIII-F). Theimplementationof theotheralgorithmsinclud-
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Fig. 12. SoftwareArchitecturefor implementingthermal-aware scheduling.

ing XInt follows the sameformat with differentcon�guration
variables.

Thereare threemain steps,presentedbelow, in incorporat-
ing thermalawarenessto the Moab clustermanager.
1) Integrating temperature data in the Moab: Temperature
informationof thenodes(in chassis0 and4) arestoredasthe
genericmetric in the following �le

After this change,whentheMoabis restarted,thecommand
˜6™PšR˜

L#�s›Hœ

šž•

�s›Hœ

š

�Ÿœ¡  shows the three generic metrics
for the nodesin chassis0 and 4. This commandis a native
script that abstractsout the underlyingresourcemanagement
command.In our set up this script calls the TORQUE for
checking the node status.The temperatureinformation can
now be usedto de�ne a function to be usedasthe priority of
the individual nodesin the cluster.
2) Setting the Priority of the nodes: First we have to add
the following con�guration commandin the moab.cfg �le.

NODEALLOCATIONPOLICY PRIORITY

This con�guresthenodeallocationpolicy for theclusterto
bedrivenby thepriority of thenodes.Thepriority canbenow
de�ned as follows:

NODECFG[•

�s›Hœ

š

�Ÿœx  ] PRIOF=
PRIORITY - 10 * GMETRIC[inlet]

where ��¢(£I¤(¥ speci�es the function to be usedto determine
the priority of the individual nodes,and ��¢(£N¤(¢(£”)§¦ is any
constantvaluebig enoughto ensurethat ��¢(£I¤(¥ alwayshas
a positive value.

In the above example the priority of the node is only
dependenton the inlet temperature(maintainedin the Moab
generic metric �le). Therefore,when the inlet temperature
increasesthe priority decreases.After thesechangesto the
moab.cfg, when we restartMoab, any newly submittedjob
would be allocatedto the nodebasedon its priority i.e. jobs
would get submittedto the nodeswith low inlet temperature.
3) Setting object triggers if temperature crossesa thr esh-
old: This is requiredto make surethat alreadyrunning jobs
are preemptedwhen the temperatureof the node (where it
is currently allocated) goes beyond a speci�c value. The
following con�guration commandensuresthat jobs would get
check-pointedduring preemptionso that it resumesexecution
from the sameplacewhereit got preempted.

PREEMPTPOLICYCHECKPOINT



start

New Incoming
Job?

Check Moab Scheduling
configuration to decide for any
pre-emption and which node to

allocate jobs

Moab SchedulingUse TORQUE to submit
job to appropriate node

Yes

start

Set Priority Driven Node Allocation
in Moab Conf iguration
Set temperature data as generic metrics

Set the generic metrics file as the Native Resource
Manager
Set Node priority as a function of generic metrics
Set job pre-emption triggers based on thermal
thresholds

start

Collect and aggregate
Sensor Data

Update Moab generic
metrics
Update Visualization

Is threshold
reached?

Job Submission and Scheduling Moab Scheduler Configuration Sensor data collection
and visualization

No

Yes No

Fig. 14. Threeprincipal modulesfor the thermalaware scheduler. The thick arrows are usedto depict how different modulesaffect the Moab scheduling
andvice versa.

The con�guration variablePREEMPTPOLICYcanalso be
set as REQUEUE to restartthe job from the beginning after
preemption.To set job-preemptionasthe desiredactionwhen
the inlet temperaturegoesbeyond 25 degreescentigradewe
usethefollowing con�gurationcommandin our moab.cfg �le,

NODECFG[•

�s›Hœ

š

�Ÿœx  ] TRIGGER=
atype= jobprempt,etype= threshold,

threshold= GMETRIC[inlet]   25

whereatypede�nes the type of actionwhentrigger occurs,
andetypespeci�esthe typeof event thatcausesthe trigger. In
this case,we specifyetypeasthresholdto setthetriggerwhen
the inlet temperaturegoesbeyond the thresholdof 25 degrees
centigrade.This ensuresthat jobs in node •

�s›Hœ

š

�ŸœG  are
pre-emptedand checkpointedfor further execution in other
nodes.

Any changesmade in the moab.cfg �le would take their
effects after the execution of the script recycle from the
commandline. It hasto be notedthat thepriority andtriggers
are only set for the nodesin chassis0 and 4 of the saguaro
cluster.

To summarizethe software architecturewe identify three
basic modulesfor the thermal aware scheduleras depicted
in Figure 14. The Job Submissionand SchedulingModule is
responsiblefor assigningnewly submittedjobs to the appro-
priatenodesdependingon theMoabschedulingcon�guration.
It also pre-emptsany jobs in nodes when certain thermal
threshold is reachedwhich activates triggers con�gured in
the Moab schedulingdecisions.The Moab Scheduler Con-
�gur ation module is an one-timeprocessthat con�gures the
Moab schedulingasdescribedin sectionV-B. Finally, Sensor
datacollectionandvisualizationmoduleis responsiblefor on-
line collectionandaggregationof sensordataasdescribedin

sectionV-A.

VI . RESULTS

The softwarearchitecturepresentedin the previous section
was veri�ed with actual prototypeimplementationand con-
forms to the resultsof our predictions.Our resultsshow that
the MCE algorithm(along with the XInt algorithm), in most
cases,resultsin a minimal total energy costs- a conclusion
that differs from the �ndings of previous research[4]. UOP
performsbetter than UT at low datacenterutilization rates,
whereasUT outperformsUOP at high utilization rates.

We alsoobserved that the computingenergy cost increases
linearlywith theincreaseof utilization rate,wherecoolingcost
increasesexponentiallydue to the nonlinearityof Coef�cient
of Performanceof thecoolingsystems[3]. Normally, whenthe
utilization is lessthan60%, the dominantpart of total energy
costsis contributedby computingenergy. Oncetheutilization
rate exceeds60%, the cooling cost replacesthe computing
cost as the most signi�cant part. The resultscon�rmed that
thermal-awareschedulingbasedon thermalperformanceeval-
uationimprovesenergy ef�ciency of datacenteroperation,and
consequentlyincreasesthe utilization rate and computation
capability of datacenters.

Even thoughMCE (and XInt) is the most energy ef�cient
algorithm, it has somepractical limitations. This is because
under the MCE algorithm, the chassisat the lower part of
the rack will be usedexcessively and will experiencehigher
hardware failure rate due to unremittinglong time operation.
Our futurework will considerhardwarereliability modelsand
hardware cost modelsto addressthis issue,we will balance
the trade-off betweenenergy cost,hardware failure cost,and
resultinglabor costof replacingor repairinghardware.



VII . RELATED WORK

ResearchersatHPLabsandDukeUniversityhavepublished
work [7] [8] on smartcoolingtechniquesfor datacenters.They
have developedonlinemeasurementandcontrol techniquesto
improveenergy-ef�ciency of datacenters.They de�ned Supply
HeatIndex (SHI) andReturnHeatIndex (RHI) to characterize
the energy ef�ciency of datacentercooling systems.

Ourwork is similar to Splice,a datacentermeasurementand
monitoring infrastructure,proposedin [9]. But we integrated
our proposedframework with available cluster management
platform to makes as an extra plug-in module, thus make it
more�e xible andportable,easyto bedeployedwith datacenter
environment.

VI I I . CONCLUSIONS AND FUTURE WORK

In this paper, we have developed a unique software ar-
chitectureto develop thermal aware job schedulingfor the
datacenters.The proposedarchitectureenablesdynamic on-
line thermal managementduring datacenteroperations,pro-
vides visualization for thermal distribution inside the data-
center, aggregatessensordata for feedbackto the resource
managementfunctions,and facilitateson-line upgradationof
the schedulerwith no requirementfor systemshutdown. It is
furtherimplementedin a fully operationalASU datacenterand
the resultsvalidatethe theoreticalfoundationsof the on-line
thermalawareschedulingtechniques.
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