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A New Physical Host Resource Utilization Thresholds Management Strategy
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(1. School of Data and Computer Science, Guangdong Peizheng College, Guangzhou, 510830, China; 2. School of Electronic and
Information Engineering, Beibu Gulf University, Qinzhou, 535011, China)

Abstract: A new physical resource utilization thresholds management strategy called RUT-MS for cloud
data centers is proposed in this paper. In RUT-MS, the virtual machine migration process is divided into
five steps: Overloaded host status detection, virtual machine selection, the first virtual machine
placement, underloaded host status detection and the second virtual machine placement phases. In
overloading host detection, RUT-MS uses an iterative weighted linear regression method to determine two
utilization thresholds so that the performance degradation is avoided. Maximum power reduction policy
(MPR) is adopted in virtual machine selection phase. A vector magnitude squared of multiple dimension
resources is used to decide the low resource utilization thresholds and switch them to a power saving mode.
Finally, RUT-MS is evaluated using CloudSim with real-world workload data. Simulation results show
that RUT-MS can reduce the energy cost incurred on the system due to migration. The reduced number of
virtual machine migrations and improved energy-efficiency are also obtained in our test. Moreover, the
service level agreement (SILA) violation and SILA for energy united metrics are also good.
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Hiwb K B ) B3 ML AY %R I (8 7 S, B T Cloudsim T F A H 42 31 it JL R 4 30 95 U8 0 1 4 S e AR A
Joy PR 7 4 B LR A AT B B B A AR 22 08 ik o i R IR A R SR AT A AR, B A0 T R R A
PRI R G B AR TR FUUMIL DG I P B vk DI R D0 By NOVSE H B AT ) R A R DL 3 3 ik B B B
Bz EE L HIE N 0B AL B i A B R WS ] DL 4 ok T sh vk et sh vk o v sh i Ty ik
B AP 3 ML IR O 4 B i AR 2 BRI 5 32 3 0% T i R A A WL A IR R A R
A HCH AE T — o B R R O, AR T O AR TT BB ORGSR 0 B AL, B T R RINLE R 1
JEB B . A 38 S BT R R R W R 22 SR R A A ) 3 1 i R o AL T
2R B IR A A8, T R 0 R T A B DR R A LA — s B X = B P s A 2 S Y, DA B Y
J7 2RI Ay 32 o DR Sy B AL U R A 2 B A ) R FH R 04 U ] i AS D 3 A AR R Y X A B
BLE TR BB A4S B T B 2R o AR SCHR T — BB A9 1 28 32 L 98 U5 R R 1 4 i 548 25K B (Physical
resource host utilization thresholds management strategy, RUT-MS), 1% % W& & —F [ 36 W 10 sh & 199
P U R A i A8 B T, B R P B TR) e 40 R 2k R e T 01 T ik T o 4 B 32 AL AR ROk Y — BB
[E) P 1 9 5 P e ish 00 oF ff e JF s {0 R R — R S Sl A S [ s 2 B )y O U AR Ak R R N
fE AT T 2 E B . RUT-MS 7E A [ UL IE F8 o 72 b B8 A a8 2, 3 2ok % i 17 28 4 38 6 ML AN
I 70 284 B 32 AL 0 3 D5 ) AR AT S S W A A 2 B s T g B R R R RICR i —
Iz /y =

RUT-MS %) B % 5 A1 FH 39 (1 5 B8 4% 0% 38 5 Cloudsim o 52 8L AI 07 B, 45 R R BAE RUT-MS $ R 2
TR B R AL AT B B Ll R L %) i UL ATL S 8 SR M T LA A M T A o B PO R BE L TH AR, T 4
Tz MR 55 3 HE RS I A sl gleAS AT AR J A A ol 4 35 775 RE R B oo E N S5

1 438 35 R ) {6 5 12 0K M
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SCHR[6 2R FH — T g B S HIL AL B 25 0L 8 B 1 20 A48 T vk, (a7 1 4 3 S 0L 100 Ak i O 2 1 7
R, SEUG S5 R B T % B A BRSNS PERE AR Ar B AU IE AL B RS 2 4 ) B U 1o (A P 4 T
RIS 1] 6 Ak 2 25 1) FH S 0 B — R 22000, el At 19 6 48 25 0] 5 P9 A 4 T A8 I A %

SCHR[LLEE th 1 2= 5040 v o0 2% S8 U5 (P 1) 0 320 53 7 0 80 0 0 ) 1 7 B T 0, 7 AR i Tk
FAR T BE A A E S BE T S, 58 U SAPLE RS, S 4 B L Cloudsim H & 7 19 5 g 55 1 g
HREE T B — [ A 0 R R (ELR B B R A AN TR A A B B A5 Y 1
VO Bl A5 4 v R AR TR
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INUER R AR R T AR R B0 3R 4 RS SR Armeans BRI O A LI B A, S 06 4G SR R B R A HL R
U501 {5 3R 0k AT LA D 2= 508 0 0 R T AR L (HE A 5 B R UL B B A I R % A0
PLIER A SRR W TORE A AR & A .

SCHR (135K T — A Jay & A B R 52 180 2 9% 90 ) {6 0, 8 B = ML) 0 Ay 8 7 4 IR B 28 L GE R
A RN T 5 1128 4 A RS, SR A LIRCUP 5 78 M5k 1500 68 1 28 0% ) B = ML, 3t it SLA (Service level agree-
ment) i B3 K25 R R W] E L Cloudsim H B A A4S I 7 1 M RE A B2 T & 2% B 0% % U5 4 2, B BR il
TEANPRER FNAE G R WAk i 2 W 4% 8 B E S B 2 MR 2 .
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AT AT DR AT DR Ak 1 SR B 8 B 12 R AT 010 1 1) 0y B 5 1 (A B ) SR, ) 0 R T e 8 T B v R
V] L 300 A8 BT 0 R O B M LML G R VA ok e SCHR A AF 5 SR B I A s 2 D T R 2
2% 1 Cloudsim WU H , B AT Ji& B4 N A7 B (A B 00 26847 5 1o (A5 380 R0 (00 5% 422 11 1o (A0 B, 719 40
T FETT TR AR A B %S Al RE 2 B R BIE TSR A ARG 9 2 (L

2 RUT-MSIEE=E5HXARIF
2.1 RUT-MS##ZEIRE
RUT-MS ¥y B % 5 [ {8 45 B 55 W5 K $C T Cloudsim T. 241, Cloudsim #7352 2 g #IHLIE B 10348 4> &

3L A A% - 4 /X B (Global broker) (A< #i 48 B (Local broker) | i #I L4 # #% (Virtual machine
manager) , i1 1R .

%
IREERT, RETiER IR 55 W 2

ESolpeiil
Global broker

YRR E & E SRIERUT-MS)

MM EE
VM manager

__________________________________

BT RUT-MS 4 35 U5 B (A B T AR 37 5
Fig.1 Working mechanism of RUT-MS

AP LT WL, A B AL R AT A — AR AR EE RUT-MS 9 B 0% U5 (3 {45 1466 s 1) S 0 32
FEAE AR g i, XA TR S S e SCRR 4]0 il id .
2.2 RUT-MSZEBREEENIERE

% B F RUT-MS BEAK 8 F Cloudsim T- B AL M BRI BT AT [ O RE 2L, 8 145 BR84S 1R L1
TR, RUT-MS 8 Cloudsim H1 B BIHMLIEFE 19 20 B8 i 3197 @ 1) 5414, RUT-MS i fUHLIE % i
Tt 2k — 25 Rl 43 S R 67 A A ALAG I | R LML e B R LML 55 1 I B I 6 2 S LA Y A R LML 2
BB, T VR e BARAL R T 1m0 5420 B, 35 Ak 4L A - Ak 2 2 4 4L 9 R 0% () {1 300 3 T e o B I I O
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R e R (A B S AL B A R S | RUT-MSHE 3 A URA R |
22, AT 8] 32 Mok — 25 2 i S IR A T ROR . B 2 . :

Fre—— | RS ERENIIE |
F]A LT RUT-MS, A W6 I = £ P

P v B 17 2 W P TR RS B 2 3 L |

51 % | RUTMSELIURE #1915 |
TE2 FXEAEY BN ETE

A B B /)N BE BT FE R B L S8 UR MLk £, 0B

| RUT-MS{EEﬁﬁ:f%fiiﬂﬁ?&?Tﬁ?ﬂﬂ |

JN A % T 7% HE AP HL A 3% selected VM List, [ RUPMSENARERIE ]

ST R R AR B L T EZEER RSN T EN
BN L, T RUT-MS sty gy 112 RUTMSORICRBIRE A L i i
T W 5 1R DML B B 1 B Fig.2 The working flow of RUT-MS

HTA T RUT-MS, B WA = %
it rprCs B AR 7 AR B AL, R U B By B S HLS 2

RS ARG I LAY BT RS 09 R i R UL, B T RUT-MS 9 3% U5 (3 {8 8 3450 5K % 5 i
W FULAIL 4 T3 5 2 B Bt

HAE EIRP IR 1~5, 8 LA R G = 1R, 38 3% a) B 445 R .

ASCH RUT-MS7ESS 1 By By B ALK A4 00 5 72 b, AR 48 T 38 19 Algorithm 1 #1 Algorithm 2 i#
17 BIEE B, 7250 2 B B 3T Algorithm 3 Fl Algorithm 4 52 i g #L AL 2E £, T 78 28 3 B Bt HE ML
RUT-MS 4k 22 $ H 5 #8054 B 139 {45 B 072, 38 3 Algorithm 5~7 SR AR A6 B2 SUAL I E: .

3 RUT-MSE;:£

3.1 RUT-MSEHE R

RUT-MS ¥ $1 %% 5 15 {5 5 3 5K W 0 2= B0 d rboocs 19 4 38 2 ML R AR R A R 43 o 420 2k
(Over-loaded) . i 1 2 (Under-pressure) , IE % IR 2 (Normal) FHE 1 2801k 25 (Under-loaded), 336 A H X 7 )
W) R G R R E 0 o« R 3 B Upper-thredholds | %% ¥ 24 /i (% {6 Util-prediction Al {E F i1 5 Low-
er-thredholds. RUT-MS 7& & > By Bt #8 22 B 8 Upper-thredholds, Util-prediction, Lower-thredholds = 4
A e I A D0, 3 Yy B R U R (R R S A R R Y, He W B R ALY B B T D T AN 2 1 Dk
FEAH

M RUT-MS SR 30, Jo 00 st A 00 4y B AL 090 A 5 W 90 L oA 7 B J5E IR0 2% 05 58 8 ) 8 0 1
B0, I e (LA A 35 A B B o G R A SRS B T LAY R NS DS AE S B N, B
WA A e 1T B W) B 2 ML A 3R B OC A A A B BRI S
3.2 BHEWIE LMK

1A 2 42 12 v i — A B A B 43 A D7 ik B AT LSO A R — B B AL, [0 0H Dy s gk Tz Al
JHAE A P00 1R, RUT-MS 52k T T B — AU 4 e (0] U f Fo0 00 49 B == BIL A 39 0540 T 00315 2

Y=08 18X (1)
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L= i=1 - , (3)

Ao XRY K5 XORY (935 (8 5 B, A B, 975 ik B R B, AR T L % T4 A W (8 o, Ay, B4 i — A
HAAR X sk R B
TW){M—MH\M<1 W
0 |u| >1

F TR (4) AR XA E /Y L
1 (II) ) (5)
X, — X1

Kz, Fl e, R A8 o o S 155 i A WS . RUT-MS £ 3X A~ B BER e Uk a2 AR A6 00 47 B4 2 AL 9% Ul
FH A i (Host utilization) i &> K ke 00 E, x5 22 4> Edl 42 4 [0 09 09 s BUE S

Vi =Lot frxs Yo = Bo T Lryn e = Bo T Biye— (6)

RUT-MS 3 W& 76 88 0 28 A8 0 B BE 2 LT 24~ {8 321 3¢, Upper-thredholds #1 Util-prediction, X F—

A E R RE IR B IR T BT — R G=D M o 1 & f R R S2 BEBE J1 9 100%0 , I8 4324 3

F UK Bl AR TR AR 57 34 B E HL(Over-loaded), It B 4 #8L 3= AL B 9% I8 1 320 724 A Upper-thredholds, 4

B RUT-MS 55 s A6 0 07 5K ) 22 0K 3% AR 000 (B i=2~ k) 0 1 & B AR B AL B 1 19 100%0 , 1% 38 = 4L

bR 1k B 3k 9 B HL(Under-pressure), yl A % Y8 40T FH 11 AL B0 R Util-prediction , 78 3% 4> 15 00 F # #1

FEHARESEIHE EIHL. Algorithm 1M1 Algorithm 245 i T RUT-MS B B 7826 1 i BE A PR AS .
Algorithm 1  RUT-MS algorithm first phase

Input: host utilization

u,I(I):T(u):

X, — X

Output: utilPrediction

(1) fori=1tondo

(2) >~ i; y~< utilHistory(7);

(3) w;< calculate using Eq.(5);

(4) <, X w;; y<y: X w;;

(5) end for

(6) calculate B, using Eq.(2);

(7) calculate B, using Eq.(3);

(8) utilPrediction= g, + B, X currentUtil (A );/ /& [T J= T30 5% 5 1% filt 0 155 450
(9) upperThreshold = utilPrediction;

(10) update x, y and w;

(11) update 8, and f1;

(12) fori=2to kdo

(13) KPredictionUtil(i )= g, + 8, X utilPrediction ;/ /3 1 £ ¥ 3% A T ] it (9 B (i 121 A
(14) utilPrediction = KPredictionUtil(7);

(15) end for
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(16) return utilPrediction;

B8 Algorithm 1 A% H VE 5835 Algorithm 2 (% A, 5 T L 58 A8 67 28 90 1 3= ML A AG 0 .

Algorithm 2 Overloaded host detection algorithm

Input:host

Output: overloadedList

(1) UTC <CPU.upperThreshold;

(2)PUC <CPU.utilprediction;

(3) UTM <Memory.upperThreshold;

(4)PUM <Memory.utilprediction;

(5)UTB < BW .upperThreshold;

(6)PUB <-BW utilprediction;

(7) if (PUC or PUM or PUB )=1) then/ /{& it 24 B 3= ML 3

(8) underPressurel.ist < host;

(9) Host will not accept new VM;

(10) else

(11) if (UTC or UTM or UTB)=1) then / /i £ £ 4 8 3= LA Wi

(12) overloadedList <= host;

(13) end if

(14) end if

(15)return overloadedList
3.3 EIWLEEMNER

RUT-MS ¥y 3 %% 5 150 {8 Pz 176 R UL 28 455 B Be , SR I 1Y 2 B /)N B 4t TH A 3R IS (Mlaximum pow -
er reduction policy, MPR), /Mg &V FE S B MPR H 92 16 86— AL Z J5 R T 58 fie KR 32 1l
IR 21 E ALY RE 1T AR L A S M, A0 SR BRI s AT i H R LR T RS E AR Bl RO . ik
Yy ENL i EA RPN ES VM, MPR B8 B & B (7) i i L VT i 2 .

LILe VM, u,— ;u(v)< T, L|— min ,p| u(v)’ —max; u, > T, @
D HAth

K, BRI ENL A IR T, W IR IR E R BE , «(v) Ram W3 E N5 HE 48 B AL v 1Y
CPU T CPU M I3 Pl u(v) | m W H E ML b W08 4T 1 ML o 07 7 A2 I BE 0 #E . MPR 5 0% 114
R AW R /(1

Algorithm 3 Maximum power reduction

(1) for each VM in hostVMlist do

(2) selectedVM=NULL;

(3) maxPower = MIN;/ /% L K e HEIHFEALS

(4) power=power(host , VM);

(5) if power > maxpower then
(6) selectedVM =VM;
(7) selectedVMlist= selectedVM;
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(8) maxpower=power;

(9) end if

(10) end for

UL B 5 R 2 A o B 0 P FCAS L Algorithm 4, AWAEF AT LUE ), RUT-MS 783X A~ B B 32 22
JEXT Upper-Thredholds % 5 5 {5 %) 4]

Algorithm 4 VM selection algorithm

Input: overloadedList, hostVMlist

Output: selectedVMList

(1) for each host in overloadedList do

(2) for each VM in hostVMlist do

(3) selectedVM=NULL;

(4) Maximum power reduction function;/ /35 M SUHL A4 BE 2 7 #E

(5) selectedVMlist= selectedVM;

(6) end for

(7) currentCPU ; = currentCPU ,; — selectedVMCPU

(8)currentRAM ; = currentRAM ; — selectedVMRAM

(9) currentBW ., = currentBW ,; — selectedVMBW

(10) if((currentCPU . << upperThreshold) &&.

(currentRAM ; << upperThreshold) &.&.

(currentBW ; << upperThreshold)) then

(11) break; else

(12) hostVMlist = hostVMlist -selectedVM;

(13) go to line 2;

(14) end if

(15) end for

(16) return selectedVMList
3.4 ERMVHES 1IHER

TE HEAUALILE B BE, RUT-MS A PIAS 42 B 22 58 02 (1) 7508 MO 97 2K E HL(Overloadedlist) 3] 2 4%
T IE RS 1 UL 5 (2) & DA A7 28 = WL (Underloadedlist)31] 5 w42 1E 12 5% (1) 1 SUHL

RUT-MS i Jj 1 % 4k 45 19 9 38 £ HL81 % (Normallist), #5285 CPU N 77 B 9 45 4 58 (1) 32 HL 22 HE
2550 B AL T HLAE RN S 2 e A 2 K B BB — A Mark i, Rl

RAM(VM)
Mark = availableBW (‘host ) @)

I 5 38 3o A e, BAT B/ Mark (B R T F AL 08 9 B AL, AR IEE RS W ENA R
A GOBT HEAUALEY A5 F I8 2 RUT-MS K 3t 17 {1 £ 38008 25 9 4 B 3 ML (Underloadedlist), AT 155 4 B
FHLAY Mark {8, 20 3R 35X 26 24151 3 BL A 50 A 1l 25 908 i 4D BIL 1) 2% 1, DU 8 0 T )R — > iy 4 3
FAHL, BRI Algorithm 5 7R o

Algorithm 5 VM Placement (First phase)

Input: hostList, selectedVMlist

Output: allocation of VMs
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(1)selectedVMlist.sortDecreasing( );

(2) for each h in hostList do

(3) if (lowrthreshold < currentUtil <C util-Prediction) then normalHostList <= host;

(4) else if (currentUtil << lowrthreshold)

(5) underloadedhostList <= host;

(6) end if

(7) end for

(8) for each VM in selectedVMlist do

(9) minMark < MAX; selectedHost < null;

(10) for each h in normalHost do

(11) estimate utilAfterPlacement;

(12) if (utilAfterPlacement << upperthreshold) then

(13) estimate Mark by Eq.(8);

(14) if Mark << minMark) then //#/)» Mark {8 09 1 & 3 HLEE 2 995 09 & $LAL

(15) selectedHost < host; selectedHostlist <= selectedHost; minMark < Mark;

(16) end if

(17) end for
3.5 (RAZWE VAWM E

1% B 254 B F LA I 32 2R B E 1l W I B {8 Lower-thredholds, RUT-MS i i3 ) 2 58 I Lb 4%
1 W 43 A7 (L >k 58 B0 I8 o 32 IO 3 6 A 4 S Sy B R A T 34 5t Lower-thresholds, fir LA T,
Ui 1/ X L 0 7R ) R F ML BT WA A R 2 n ROR BUEE R R P RS  (n+ 1) /4 FIR u T
bro R PR 09 AL BES CPU LN AF RAM HI 26487 58 BW B R 3848 T T, 0320 32 LA A0 BRAR 171
BRZ (Under-loaded) , AR 405 1] 4 (49 77 AR 3X(9), 30 (10) AT LA R 1384 (] 48 B2 065 A2 4 (9 52 ), SR 5 7T LA
XF Util 58 8T+ HES

Util= Vda*+ 6"+ ¢ 9)
Util= \/( Util(CPU) )’ +(Util(RAM ) ¥ +(Utl(BW ) ) (10)

TEAR S A B BRI o, RUT-MS 803k i 7 3 — SR 0 400 B HLE1) 26, 1 Se A il X e L s I
R M SN AL 75 AT LI A% 380 At A 4 B 0, 0 T — A AT LR 9 R AL A ) B AL, A 2 B AT 3 SR
(1) Ak 23 i B RS 5 (2) 4 2 95 14 4 B 9% 5l J J JDUBIL 1 0K 5 (3) TE AR 9 I LS L B RE 22 LR 71
FORA . HARA S AR 40 Algorithm 6 TR o

Algorithm 6 Under loading host detection

Input: hostList, hostVMlist

Output:VMmigrationList

(1) for each h in hostList do

(2)if (h.utilepy )<< T (CPU)) &% ((h.utilgay )< Tiow (RAM )&-&x ((h.utilyy )<< T, (BW)) then

(3)underloadingList < h; //4b T % 7 RS

(4) end for

(5) for each % in underloadingl.ist do
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oy [allocatedMips
(6)utilCPU = ( %otalMipS)

WHIRAM = (allocatedRam

2

2
TotalRam)

: _ (allocatedBw ’
utilBW = ( Totale)

(7)Util =/ utilCPU + utilRAM + utilBW / /3555 7 AR

(8) underloadingList.sortIncreasingUtil( );

(9)end for

(10) for each % in underloadingList do

(11)for each VM in hostVMlist( ) do

(12) for each host in hostList do

(13) if( host &€ underPressureList) then

(14) if ((host has enough CPU, RAM and BW) &.&. ( Not overloaded after VM migration) ) then

(15) VMmigrationList <= h.VM;

(16) hVMlist<= hVMlist- h.VM;

(17)end if end if

(18) end for end for end for
3.6 EWNMESE2ME

G ARG B 28 ) B 2 ML A 3 A I A1 B B 32 LR — 20 R Ry 4 52 K AL B 2 RN A 32 0 A0
HLE R D) B FHL . RUT-MS o B IR 26 42 52 ke fU AL 51 3 114 4 B4 3= ML 1) 46t 30 B R 55087 5C PR, s b
TR R

T S 2 AU LA 3, A B AT W R A5 A ) B AL AR S0 D R R A2 AU ALE K A R E 2
VA 225 98T e LA B AL, R GE 00 H BT R B — S W AL, o B AN R Algorithm 7 s .

Algorithm 7 VM Placement (Second phase)

Input: hostList, selectedVMlist

Output: allocation of VMs

(1)if (host admitted any VM in the first phase) then
(2) receivedVMlist<—host; else otherHostslist < host;
(3) end if end if end for

(4) for each VM in selectedVMlist do

(5) minMark <= MAX; selectedHost < null;

(6) for each host in normalHost do

(7)estimate Utilafterplacement;

(8) il (Utilafterplacement << upperthreshold) then
(9)estimate Mark by Eq.(8);

(10) if Mark << minMark) then

(11) selectedHost < host;

(12)selectedHostlist < selectedHost;

(13) minMark <= Mark;
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(14) end if end if
(15) end for end for
(16)return selectedhostlist ;

4 RUT-MS{HFEXB SRS

4.1 HERREERE

K RUT-MS ¥ B 5 50 1 {8 1) 87 2I 3G g iz A R SUUPLAE A% ok B by, it DL 34T RUT-MS 52 56 43 #r
W45 3 Cloudsim3.0 2 04 HhoC 1 g AL B8 37 55, W] B AR 4 181 1 (1932 17 3% 5% L 7 Cloudsim Hr 52 B
B F Javaili 5 19 Jr B ACHE 4 R A B RN U MLAS B AR

2 B8 s Y BB B T AR AL N AR AR S % T B UL CoMon project, ' J2& Hi Planetlab 52 4 %
TR —ATHY 7 CoMon Hil H i & 14 2= B8 e 3228 ol WSS 4 B 55 2 20 A, 9 IR 55 4 5
B 800, Wy BRI 55 4% FC B AN 1P 7 .

®1 mBEHLYERSFRE

Table 1 Physical host configuration of cloud data center

FHLAEL CPU # it g8 J) /MIPS WA KN/ GB i 75 | /GB I 2841 98 / (Gbes )
200 1600 4 1000 1
200 1600 4 500 1
200 1600 8 500 1
200 2 200 8 500 1

TE LA 1] U H i ST 1 h A ) B LB 500 R 5, ko 5 TR A A 0 8 226 A A T B 12
KB AL ERE B 5 minig 47 LIk, — 34817 24 h, Bk G it LR NBIRE I /2 L N EHB175
U, 1A N B R R ML SR AU R 2, O[] kg 4UUIL Y 288 Y 5 s B TG B DL 3R 3

£2 RUT-MS¥EHFHENEERKEIEIFE
Table 2 Experimental environments of RUT-MS

H 1) JEFAATLA~ 4L L//BLIE IR BT A /h
Ji— 1052 800 24
Ji = 898 800 24
Ji = 1061 800 24
JHE 1516 800 24
Ji 1078 800 24

R3 EMVRBERE

Table 3 Experimental environments on virtual machine type of RUT-MS

LB JE LT 2K /MIPS FEBHLIT T NAE RN/ MB #5555 2R/ (MBes 1)
BN 500 613 100
M 2 1000 1740 100
25713 2500 3750 100

A4 2 500 850 100
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4.2 FNIRESEERN SR
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Fig.3 Experimental results on total energy con-
sumption in different kinds of virtual ma-

chine migration model
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