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Abstract The continuous expansion of the cloud computing centers scale and neglect of energy
consumption factors exposed the problem of high energy consumption and low efficiency. To improve
the MapReduce framework utilization of energy consumption, we build an energy consumption model
for MapReduce framework. First, we propose a task energy consumption model which is based on
CPU utilization estimation, energy consumption accumulation of main components and the average
energy consumption estimation as well as the job energy consumption model of MapReduce.
Specifically, after analyzing the energy optimization under energy consumption model, we come up
with three directions to optimize energy consumption of MapReduce: optimize MapReduce energy
consumption of job execution, reduce MapReduce energy consumption of task waiting and improve the
energy utilization rate of MapReduce cluster. We further propose the data placement policy to decrease
energy consumption of task waiting under heterogeneous environment and the minimum resource
allocation algorithms to improve energy utilization rate of MapReduce jobs by the deadline constraints.
A large number of experiments and data analysis of energy consumption demonstrate the effectiveness

of energy consumption model and optimum policy of energy consumption.
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The usage of slot by WordCount and TeraSort job.
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Table 2 Description of Experimental Environment

x®2

BRI IR 4 iR

Parameters

Values

OS
Java version

Hadoop version

Debian 7. 0
1.6 for Linux

1.0.4

Energy consumption data measurement

Energy consumption data acquisition
Energy consumption unit
Data sampling frequency
DataNode CPU
DataNode RAM
DataNode Hard Disk

Network

Nortel power monitor (USB intelligent edition) ,the standard is GB/T17215—2003,the power

error value is between 0. 01 —0. 1 W, the sampling frequency is 1.5 — 3 s, the unit is kW<h
Monitoring and management system for power monitoring system V1.0. 1
Power: Watt (W) ,energy consumption: Joule (J)
Acquisition data 1 time each second
Intel core2 duo E8400 3. 00 GHz
2 GB-DDR2-800 MHz
Hitachi HDP725032G1.A380(320GB 7200 r/s)

Realtek RTL8168/8111 PCI-E Gigabit Ethernet NIC-100Mbps

4.2

KA.

SRR 5 (SR AT 0 9 A
3 P 2K 0 M 52 1
W #r M 45 MapReduce fEMVBEFE 5 A R %W IR (F
BALHE CPU WL A 28 R AT 2 2Z 6] 1Y

75 & Bt WordCount, TeraSort, NutchIndex,
K-means, Bayes, PageRank 75 Fp 4 b 17 52 56, /F
W ZHE K 3 B

Table 3 Description of MapReduce Jobs

£33 1EAEBGA
Job Parameter Configuration
WordCount The total data volume is 9 759. 6 MB, and the number of Map and Reduce task is 10.
TeraSort The total data volume is 9536. 7 MB, and the number of Map and Reduce task is 10.
NutchIndex The number of page is 1000000, and the number of Map is 80, and the number of Reduce is 10.
Cluster number is 5, and the number of sample is 40 000 000, and the number of sample in each input file is
K-means 4000000, and dimension is 20, and the maximum number of iterations is 1, and the number of Map is 10, and the
number of Reduce is 1.
B The number of page is 50 000, and the classification number is 100, and the number of ngrams is 10, and the
ayes
v number of Map is 1, and the number of Reduce is 100,
PaceRank Page number is 3000000, and the number of iterations is set to 3, and the parameters of Block and Block_width are
ageRan

set to 0 and 16 respectively, and the number of Map is 10, and the number of Reduce is 1.
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Fig. 7 Comparison between real-time power consumption and CPU utilization.
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Fig. 8 The relationship between CPU utilization and power consumption .
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Fig. 9 The comparison of memery,disk and network usage while job running.
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Table 4 Average Power Consumption and Computing Capability of Map and Reduce Task
&4 {Ed Map 5 Reduce E S K MR RITEEE N

. Map Task Map Reduce Task Reduce
Job Decomposited . . . .
Job . Task Average Power Computing Average Power Computing
to Tasks
tto fasks Consumption/W Ability Consumption/W Ability
WordCount N/A 89.526 1. 3064 MBps 71.2 81.323 3 MBps
TeraSort N/A 83.4 5. 96 MBps 82.75 5. 36 MBps
NutchIndex N/A 89 436. 68 page/s 90. 5 233. 1 page/s
Cluster Iterator 77.46 5797. 1 sample/s 77.47 7130. 1 sample/s
K-means
Cluster Classification 81.2 7619 sample/s N/A N/A
Stagel 83.5 3333. 33 page/s 80 1685. 393 page/s
PageRank
Stage2 84 3333. 33 page/s 89.42 7692. 3 page/s
DocumentProcessor: DocumentTokeuizer 84.7 681. 8 page/s 79.02 1111 page/s
CollocDriver. generateCollocations 80. 1 12. 85 page/s 100. 7 158. 73 page/s
CollocDriver. computeNGrams 80. 55 434, 78 pagels 80. 98 833. 33 page/s
DictionaryVectorizer: MakeParitial Vectors 91.59 1250 page/s 84. 25 1111 page/s
Partical VectorMerger: MergePartialVectors 82.6 4761. 9 page/s 72.85 2439. 02 page/s
Bayes
VectorTfld Document Frequency Count 71.39 4 966. 89 page/s 73.755 2481. 6 page/s
MakePratial Vectors 85.42 4862.5 page/s 74.256 2479. 3 page/s
ParticalVectorMerger: MergePartialVectors 75.92 4 874. 2 page/s 73.26 2463. 6 page/s
TrainNaiveBayesJob IndexInstancesMapper-Reducer 70.18 4951, 45 page[s 75.18 2015. 48 page/s
TrainNaiveBayesJob WeightsMapper-Reducer 77.05 4 858. 04 page[s 71.23 2562. 82 page/s
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Table 5 The Usage Demonstration and Error Analysis for Energy Model

x5 RESEINGEERRE
A E
CPU Utilization . \ierage n'ergy Average Energy
L. i CPU Utilization ~ Consumption . i
Job Measured Estimation i K R R Consumption
. . Estimation Estimation .. K
Job Decomposited Energy Model Model Model Estimation
into Tasks Consumption/J Computing . O, ¢ . © e‘ Model
Deviation/ % Computing o
Value/] Deviation/ %
Value/J
WordCount N/A 675879 718894 6. 364 633304.7 —6.299
TeraSort N/A 491630.5 517729.3 5.31 443444 —9.801
Sort N/A 1003315 1062113.8 5. 86 931299. 8 —7.18
NutchIndex N/A 604 150 632391. 6 4. 67 570971.2 —5.49
Cluster Iterator 109916 115621. 3 5.19 104 852.7 —4.606
K-means
Cluster Classification 211120 219503. 2 3.971 194 069. 4 —38.076
Stagel 286072.5 292842.9 2.367 273113.5 —4.53
PageRank
Stage2 138194 143971. 4 4. 18 123528 —10.613
DocumentProcessor: _
. 10164 10874. 6 6.992 8904 —12.395
DocumentTokeuizer
CollocDriver. generateCollocations 331318.5 343110 3.559 316053 —4.607
CollocDriver. computeNGrams 11937.15 12644.1 5.922 11692.6 —2.049
DictionaryVectorizer 12939 14103.7 9.002 12311, 5 —4.85
MakeParitial Vectors ’ ’ ’ 0 ’
Partical VectorMerger: . . ,
. 2143 2315.9 8.068 1785.7 —16.673
MergePartial Vectors
Bayes
VectorTfld Document Frequency Count 2095 2257.6 7.762 1743.8 —16. 766
MakePratial Vectors 2167 2466 13.8 1839.3 —15.123
Partical VectorMerger: _
. 2024 2325.5 14. 894 1821.9 —9.986
MergePartial Vectors
TrainNaiveBayes]Job _
2236 2496.9 11. 669 2000.5 —10.53
IndexInstancesMapper-Reducer
TrainNaiveBayesJob i _
1986 2140.8 7.796 1718.2 —13.485

WeightsMapper-Reducer
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Table 6 The Relationship between Job Completion Time and Energy Consumption with Different Task Numbers
x6 EEHEELEHAMBERERZBERXR

1907. 4 MB Data, 40 Map Tasks
Reduce Task

2861 MB Data, 60 Map Tasks

4768.4 MB Data, 80 Map Tasks

Number Job Completion Energy Job Completion Energy Job Completion Energy
Time/s Consumption/] Time/s Consumption/J Time/s Consumption/]J
1 410 57970 613 86 788 1031.3 145445
2 235 60286 354.5 90759 536 142192
4 193 79980 249 106 564 388 168671
6 188 104 143 246 138 340 348 199 784
8 154 107452 229.5 160185 326 229573
10 151 125160 213 176 569 307 254562
12 122 116 057 222 212813 255 240493
14 120 128634 216 234658 256 270613
16 106 124662 228 278 350 248 289148
18 118 154782 153 196 427 252 322909
20 94 129295 159.5 224561 239.3 330356
22 92 135914 153 231181 235 348891
24 86 133928 147 236642 226.7 358058
26 91 153622 152 263783 231 391588
28 82 142533 142.5 258983 218 386456
30 88 165702 146 283311 221 416 741
32 85 167025 138 278 345 212 416 244

UNTEL 10 F 7 S VR M AT: 55 B0k 52 B 18] B E #E
AR R — 7 T » BEAE _b AT 55 J50HI A Ml 58 i i R] e
N ABSEBR EAT 55 8O 54T 55 58 B 1) 22 ) 9 R B
LS A AT 5 BOE I N 2 i B S Al 58
FRF 5] 5 A 2 DAL S A 95 280 8 ot 9 /s (i /N
R 5 55— T5 0 » B AT 55 K0 19 A W3 L 1
M BEFEAN U Ml 3 i o B 52 A [ £ ol o AT 55 B0

58 MZAT: 55 REFEBR K. 3302 R AT 55 B 2 1 AT
55 22 18] B B A% a3 o AT 55 22 H) 1) O R AR 45 52 44
A 55 B 0 A B 00 & AT 55 )3 B4 4R AT 55 58 iR 1Y
HISVERG N, LA 4 J5 T AR B0 T e AR B 1 . 3
W b AR B ik (4 AT: 55 208K L VR BEFE R A8
e AH 2 AR B A AL I [R] QoS 2y BRI, o 1 AR
AP 5E A Bt [R] deadline 23R 753K .



B M4 MapReduce AEFE B K AL 20 BT

2127

FIH 3.3 1 4t 0 A 0k B 18] 24 BT 0 die /N e U
W slor o3 BC J5 ¥ 5 B9 1l o3 i O 52 RE B AE
W AR 52 S ] deadline 24 AT #2467 T e /ME

—
—a—
-
——

—_

—

YEMLhATRERE. BT LA

B,

Time— Data Volume is 1 907. 4 MB, Map Task Number is 40
Time— Data Volume is 2 861. 0 MB, Map Task Number is 60
Time— Data Volume is 4 768. 4 MB, Map Task Number is 80
Energy—Data Volume is 1 907. 4 MB, Map Task Number is 40
Energy— Data Volume is 2 861. 0 MB, Map Task Number is 60

R slot 53 BL 5 5 2 — i i B

TR0 1L I ] 24 ST A i /N B U

A8 Bk AT 55 0 fi

—J— Energy—Data Volume is 4 768. 4 MB, Map Task Number is 80
450
|
1000 A
/ﬂw e <]
— {350 <
w 800 " =
~ / S
Q -
B A A Ao £
&= A — 2
600 < o
g AN
b5 L ~ o
a < 2
£ 400 D/:‘ 5
S — O0—o0 2
O " 0 o ” - 5
8 _q\q > ™~  N—o—o”" O L2y .L.g
= o0l *Se ‘:454‘,\_5_"‘5&" — gy a 2
007 T N e—e_ A—A—A— A —A— 4 A,
b oo 0 ——0— g o o—0—0—0—o 150
0 4 8 12 16 20 24 28 32
Reduce Task Number

Fig. 10 The comparison of job completion time and energy consumption with

different task numbers.
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Table 7 Comparison of Job Completion Time and Energy Consumption with Different Data Layout Strategies
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