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Robust Malicious Node Detection with Ensemble Learning in MANET'Ss
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Abstract: Mobile ad hoc networks (MANETS) have been recently receiving attention, and they have a po-
tential to be a next generation network due to its advantage: a MANET consists only of wireless mobile
nodes. Meanwhile, this feature may make malicious nodes join MANETS easily, thereby providing secure
support to MANETS is an important problem. This paper presents a novel approach that builds a robust
malicious node detector for detecting malicious nodes in MANETSs based on machine learning. Existing
machine learning-based malicious node detection assumes that a detector for a test environment is trained in
the same network. However, when test environments are different from training environments, the detectors
do not work well. As MANET environments are diverse, it is impractical to prepare training environments
that are identical to the test environments. Our proposed method employs ensemble learning to construct
an environment-adaptive malicious node detector. First, we prepare weak malicious node detectors trained
in diverse training environments. Second, we design a method to find weak detectors which are estimated to
work well in the test environment, and use them to construct an ensemble detector. Through comprehensive
experiments, we demonstrate the effectiveness of our method, and our method significantly outperforms the
state-of-the-art methods.
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Fig. 1 Overview of the training phase. We prepare training

environments with different network parameters. (1)
We train a weak detector in each training environment
using behavioral feature vectors calculated by normal
nodes in the environment. (2) We train a weak detec-
tor evaluator that estimates the performance of a weak
detector trained in a training environment when the
detector is run in a test environment (We compute en-
vironmental features in two different training environ-
ments and use the difference between the environmental

features to train the weak detector estimator).
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Fig. 2 Overview of the test phase. (1) A normal node com-

putes environmental features from its observable infor-
mation. The node then calculates differences in the test
environment and a training environment using the envi-
ronmental features of the test environment and environ-
mental features of the training environment calculated
in advance. The computed differences are fed into the
weak detector evaluator to estimate the performance of
a weak detector trained in the training environment.
(2) The normal node in a test environment computes
a behavioral feature vector for each neighboring node
using observed behavior of the neighboring node. The
vector is fed into an ensemble of weak detectors whose
performances are estimated to be high in the test envi-

ronment.
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Table 1 Groping attacks by their objectives.
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Table 2 Information observed by nodes.

TR TEFE
NReqRec | 1 DO AD S5 L7- RReq DL
NRepRec | 1 DOBHmRAD 5% L 72 RRep O
NRepSen | 1 2DBEEGAICHARE &7z RRep D
NRerRec | 1 DOB#GARD S5 L7z Rerr D
NRerSen | 1 DDA IZRE S N7z Rerr DL
NHelRec | 1 2O APSHEZ LIz -2 v =T D
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TDatRec | ZfEL7z7—4 %7 v bO#KK
TDatSen | ®#fFL727—% %7 v Fo#kK
x 3 fFEFHo—%
Table 3 List of behavioral features.
ITENFR T

RepSenRatio | NRepRec/TRepRec
RepRecRatio | NRepRec/TReqRec
ReplgnRatio NRepRec/NRepSen
ReqRecRatio | NReqRec/TReqRec
DatSenRatio | NDatSen/TDatSen
DatRecRatio | NDatRec/TDatRec
DatIgnRatio NDatRec/TDatSen
RerRecRatio | NRerRec/TRerRec
HelRecRatio | NHelRec/THelRec

AllPckRatio

(NDatSen+NRepSen)/(NDatRec+NRepRec)

RepUslRatio NDatRec/NRepSen
RepReqRatio | NRepRec/TReqSen
RerSenRatio NRerSen/TRerSen

HelCheckRatio | NHelRec/THelSen

ReqlgnRatio NReqRec/TRegSen
RepUsfRatio | NRepSen/TDatRec
ReqUsfRatio NRegRec/TDatRec

HelUsfRatio

THelSen/TDatRec
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Table 4 List of environmental features.

BREEI EFE
AvgReqRec | 5% L7z RReq DV D%
AvgReqSen | #f5 L7 RReq DT D%
AvgRepRec | #5 L72 RRep D F¥ O
AvgRepSen | 715 L7z RRep DD
AvgDatRec | 5% L7727 — %87 v s OFHOH
AvgDatSen | EEL/T—¥ /37y bOFEHOK
AvgRerRec | %5 L7z Rerr O ¥ D%
AvgRerSen | #%f5 L7z Rerr OTF¥ D%
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s
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Fig. 3 Training weak detector.
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Fo, T A= 5 iE Weka [21] 1B 577 4 Lk &0,
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IEREREA FfRERIEB

T %@

________

SR ERA

DRIBE

F L7
BERHANRY L

Tl L1
BB P

WDFHfigE O 7= DA T — &
4 WD ¥z 0 iR
Fig. 4 Training WD evaluator.

3.3.2 WD :¥ffizs

KU, BRI TR L 72 WD &AM CE O N8R
S AV C, WD Rl 2 /S 5. FlfEREE A <1k
L7 WD OB BICBIT A2 EREICOWTE RS (K 4).
ZOMWREERHEE T 570, BREEA BLUB THRLNBRE
BMEFAHET 2. $F, 1 OO THEE OMRAIEM L
2T =a s, FOWMKIIBITAEENY MVEEHRL,
TRTOFEHOWRD b O % L L 72BN o
MVERERT 5. REE A LRE B OFYRESFHAS T
VOENE A E LT L, B35 A CfER L7z WD
DB BICBITAMURELRHEET 5. THICLD, BEOE
WX 2R T 5.

LB AFEWET) . BEABIUBIIBITLF
WEREHBMAN Y "V EZFENEFN 20 BL P ap £ T4, 2
NEDENE, UTOX)IFEEINE.

|za1 —xpal

|za2 — 2B
d(xa,xp) = : (1)

|xA,e - -TB,e|

ZZT, w4, 3, 24 DiFHOERTHY, eld, Bl
WOBTH L., ZOERNEFALKL TS, HiEOHE L
LT, B A CIER L7 WD OBREE B ICBIT A LUK
DREREE CFYFE) 25tE L, TheMvERe 5.
BoNTER (HHEME Y FHE) 2l#T—5 &L,
FTRTOBRBEORT I3 L CHEOMEZITH. Z LT,
FIE L7237 — 5 5 WD FFligs 2 E 3 4. REEA
TR L7z WD OERE wa 1, ITOX ) IHEE SN S,

wa = f(d(za,zp)) (2)
2T, f()E, wa ZRET LRSI TH L. RETF
BT, f() & LCHAERIC L ) BV RRRE % AL
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72 SVM [0l [30] Z 5. F72, 51— A VIFZIEA T —
PIEHNDS.

3.4 7Y TIHERKEHE

ZIhL, WEOWRaN, HSHTAMREIIBWTH
WBT T IVRILEROME LI O WTHERS . £
3, a AYEUN L - BB T, SIlRREEO WD 0
MR ZHEE L, MERED AW EHEE S 7z BT kAR & RS
% (MANET 2B 28iRIZAF)ENRSNL 720, T
NTHO WD TlEARL EAOARTHVWD), ZLTC, #ERL
kMO WD 257 vy TV BT L. 20
Mg, #neho WD OfitiER %, fgrkies fwv
TUFD L) IZEHNT A,

k
1
Progg(y = mal| f) = W Z w;Pr;(y = mal| f;)
i=1

ZZT, Prily=mal|fy) i HFEHD WD IZBIT 55K b
DHERER (WBHKTHLMER) THY, f I35ED IS
X AATENMRMAN Y PV TH L. T2, w1, WD FHiligE
PHEE L7 i HHO WD ofiEThH ), W =" w T
HbH., TOERICHEDSNT, WK b PHBEHRRKTH DL 0L
AMEUTOLIIHET 5.

o { malicious  (Prage(y = mal| f,) > 0.5)

normal (otherwise)

B, 57 A PRETHK a B RKZHRE T2
B, B EATIRNCT v v TSRS LETH L. T
Kald, &2 CREIFBAZIIEL, BRSNS
MVEREE L7227 vy TV s e ST B LA
T35, 2%, T2 THELZBEERMANY PLEHWT,
ETHWPLFEPST v TV SET L. #
D%, BY OB K OITE & — @ M L TITEiN 2
MVERHE L, TOBEREDPIBRATH 2 0HET 5.

4. FHMEER

ARETIE, RETFEOVERERTHIE D 720 12T o 72FEEROH
REWMNT .

4.1 wyTF1>T

AREETIE, v P =272 321 —% Qualnet 7.4* %
JAw7zz. KimAiL IEEE 802.11b # lWwT A vt =Y Bk
N7 — %% v b (256 bytes) DEEZATSH . WSHFAIL
BLZ100[m] TH Y, #@fETHEHIE 11 Mbps TH 5. BEAF
78 [1], [9], [14], [29] & AARIS, SHAKDOBEIETIVICIZT
YELY s ARL Y VEFI A R G BEOR A
FE% max & L (K DOBEEE T [0, vpax] 225 —HEITE

*4 http://web.scalable-networks.com /qualnet-network-
simulator-software
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K5 NTA—IRE

Table 5 Parameter setting.

INT A—% it
n 50, 60, 70, 80, 90, 100
m 0.1, 0.2, 0.3, 0.4

Umax [m/sec] 1.0, 2.0, 3.0, 4.0

Ay b7 =244 X [m?] | 500 x 500, 600 x 600, 700 x 700,

800 x 800, 900 x 900, 1000 x

1000

f [sec] 1.0, 2.0, 3.0, 4.0

¢ [seq] 50, 100, 200, 300, 400, 600, 800
1,000

E5), EIRFEIE Ofsec] & L7z, WiROHDTn DL &,

WBImEDEIEn-m (m€[0.1,04]) TH5A. AODV O

V= AR L HIRD XTI, flsec] T&I2T ¥ ¥ AL

BNz, b LY —AmEPHWmEICHT e 9T

IR L TV A EIRBER 2T v, Ay bU—2

BEBLIOYIaL—Ya VI tE, B ISRTEBDY

Thsb (FT7+NVbELT, t=300&L72).

2T, WMEBETNVEITUT 24 TRIEY T 7T 4

TENGETE L, TuT 5 4 7RNZIE, RReq 77 v

FAUVITHEBIUONTO— Ay =TT 5y 71 v FRE

BEEINDL., WBIRPA vV 2ZE LK, 707

7T ATRNG T Y AIHE R EDY, 30 ORI

05 HTEICHE (759714 7) ZITv», Z0H 30

MWL ELT5, V7774 780E, 79 v 7h—N

WE, 7L AR— VB, VeV, A v 2 — UREE

W Tyl J—LAFR—IVHE Jx)—T 1

VaWENEEINDL, U7 s T TER L RIS, BUE

WRIED) T 7T 4 THNS T 2 T LGEATRERFT) .

SHMEFE. ARFEBRTIE, E5IRTEBD, nOfEz 62

m OMEE 4, vpax D% 40, 2 b7 — 744 XDl

%62, BLU fOfE%E 40y, 2,304 (= 6x4x4x6x4)

OB I 2L — ML 209 b0 90%% JNHHR

e L, a7 A MBRELE L7z, DUTIE, ARFEE TR

L7-FETHA.

o MLP21]: %@/ \—t 7 rur2FMHLHEMTH
), TReqRec, TReqSen, TRepRec, TRepSen, TR-
erRec, TRerSen, TDatRec, TDatSen*®, Bi#:imA
¥ (NeiNum), #EFROT Y 1) OFEHES (PCR),
BLORKERICBIT 2Ky 7HOFEHES (PCH) &
Vo R VW TW A, ) VIV LR,
ZEAEMGE [16] % FI\WC MLP O/XF X =% % F 2 — =
v

e DC . Z®JjElE, discriminative classifier (72 & 212,
SVM % Naive bayes) (Z#2DWT, X TOFHERS:
THEOLNTTRTOIET— 4 O/ SN2 H—D

*5 MLP EEEEH W WHTREFLEE R LS.
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MHEEET VS, ZOFFEIIBWTY, KL TkE
L 7247 Bhiei & v 7z,

o Proposed . KL OIEFH, NI XA =% k110 &
L7.

e Proposed w/o EV *6 | TOFHTIX, TrH v 7N
BOB, 70 FLIERAE O WD & vz, Z
D7z, ZOFETIIERERE AL T,

Ialb—=2arTELNETRTOT—7IE, 1TEIFE

BLUBREEMZFIET L0 (MLP, DC, B

L 0" Proposed w/o EV 3B A WV CTWe ), KRE

BRCid, BRIy Iab—va Y TRICEENR KT

ETHLDEL, BHOWMKDOARIHEEITH) DL LT,

T 72, TR AR BT & 2 RTOuERICH L THEZ

froi-.

FHEME. Joaf L7- & 918, REFHRILEMOEEIIEEL

¥, FHEEMLIEFICEVTZD20, FEOTHEEUTO

SIS TR L 7.

o HEIZ NI @ﬂ%ﬂﬂf%ﬁ
Thor—mor.malomal B & O T 1E, ZNZRIERIZES
NicA VA VADESBLI T RTOAL v AY VA
DEETH .

o fthE g, Dpponal CRFSA, Toama B
L T &, ENENIEMICHIESNIA VRS
ADELEBLURERELTRT T XTOA Y AY VA
DEETH .

o B Zhug, Dgmnal TR SR, Thorma B
LW Tyor 1X, TNENGES THEENTZA VAT VA
DEAGBLIVEFEOmEETERTTRTOAL VAV VA
DEETH L.

4.2 EEER

DC (CH B HFEEEDBIR. K 6 13, DCICEINL KL
DOMREE/RLTWA, AKFEETIL, random forest, Naive
bayes, decision tree, B & " SVM % f\272*8, LBk R
7%, random forest 25 b EREV B W L3005, Z
D728, LIETIE DC % random forest &3 5.

*6 Proposed without weak detector EValuator

*72.3GHz Core i3 THI S 723 = PC CTRIE L724E, 70
VTR RO XL VT A M L2 FEHRRRIZ e
M 2.47 [sec] 3 & U 46.66 [msec] T o7z, Tz, CHATHEREL
7z.

KRBT, Weka I2& ) SO DGEBREHHL, NTA—%
370y Ry —FI2 X 2% v 72, Random forest T
1%, maxDepth % 5, 10, 15, BL U7 7 # )V I, numlterations
%m 200, 300, BLXUF 74V b EER L EDOURET, B
HHERIZEAZ BWIZBOR#E 6% # A7 (maxDepth % 10,
numlterations % 200 & L72). [A£EIZ, Decision tree T,
confidenceFactor % 0.1, 0.5, B X7 7 + )V I, maxDepth
4,6, 8 BLUIT 7+ )N, numlterations % 2, 5, BL W
77 4 )V b &% %, confidenceFactor % 0.1, maxDepth % 7
7+ )V b, numlterations # 77+ )V h& L7z, 72, SVM D
A= NET 7 4 )V bDOLHEN S — AV &7z,
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& 6 DC O
Table 6 Performance of DC.

DC FEEE | MR | s
Random forest | 0.768 0.745 0.209
Naive bayes 0.614 0.738 0.449
Decision tree 0.756 0.742 0.214
SVM 0.652 0.723 0.405

KT kEEZHAED Proposed DYERE

Table 7 Performance of Proposed vs. k.

R | BubE | BRBUINE
0.856 0.797 0.123
0.853 0.816 0.134
10 | 0.897 0.828 0.077
30 | 0.843 0.805 0.143
50 | 0.849 0.813 0.137
100 | 0.842 0.800 0.142
200 | 0.852 0.776 0.157
300 | 0.857 0.770 0.167

09
08
07
06
ﬁ% 05
04
03
02
01
[

Proposed  Proposed w/o EV
" ek
5 R
Fig. 5 Accuracy.
1

0.9
0.8

07
06
05
%04

03

02

01

0

Proposed  Proposed w/o EV

6 fRriiE
Fig. 6 Detection rate.

EDFa1—=27%. Proposed D/3XT7 X =% T 5 k &3
BRICEDPET D, |71, K %% 2728 D Proposed
DUREDHRTH L. ZOFKREID, kDPREL D LM
FHPMUT L, BRI T 5 2 L3 5b. T,
T oMy TR R T DB, kI REVET AN
BEICBWTHENREC RV WD b EE S TLE ) 2D
THbH., REBFEOHFENS, Proposed i k=10 & L7,
%72, Proposed w/o EV b kI k=10 & L7-.
MLP ¢k, B 5 B6, B7 25, MFEFETH
% MLP (ZMOFEL ) S HWREDSSENZ & 2595 h 5. FFIC
MLP (332 E T30 LT 40%FEE TR E W, S hid

508



BERIEF =R EE Vol.60 No.2 501-513 (Feb. 2019)
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Fig. 7 Mis-detection rate.

%8 AMAERONEY 1 >

Table 8 Information gain of behavioral features.

Behavioral features | Info. gain
RepSenRatio 0.021
RepRecRatio 0.021
ReplgnRatio 0.141
ReqRecRatio 0.092
DatSenRatio 0.003
DatRecRatio 0.023
DatIgnRatio 0.024
RerRecRatio 0.004
HelRecRatio 0.028
AllPckRatio 0.015
RepUslRatio 0.023
RepReqgRatio 0.018
RerSenRatio 0.021
HelCheckRatio 0.190
ReqlgnRatio 0.179
RepUsfRatio 0.014
ReqUsfRatio 0.103
HelUsfRatio 0.015

MLP THW LN TW A H L, FIFERE L 7 X N RED
BB e h2EZE LTV EPHETHE. TTH
7T — 7 2 T, T8RS L MLP THWwWHR T
VR OTER A v [15] AFHE LY. KR8 BLUK9
WCZ DR RT. TOHENLS, MLP THwH I Tw
DEMOEERT A Y RIEFITRI W LRG0 D, —F,
TERBOBRTS A Y idEw., £8I2BWT, k75
DIEWT A 2 RETELTVDED, 4T H58I3HE 1
TRLTWATRTORE V-T2 BT 22 LICE
BELTWaA, IROORKERLY, RSrTast L ssg
MANET (2 BF 2 HEDOWMILIZRIRTH L LR b,

DC & DLEE. 5- 725, $2%EF L random forest
% R AMRETH AH Z LA 5. Random forest 13X
TOINFMBRECHEONZ T - 2T —% & LTH->T
VB, RETHEITT A PREISEIS S AR 2 L
TWwh, 8 1%, % WD # &7 A FEREEIZHWZE D
WOFMBOCA NS FATHE., COMPSHPEED

O BRI L, AR E SRS A0SO AIEETH
D, HEHRSA VORI VEBIZY, SEICHHRERE VS,
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& 9 MLP THWOHNTWARHHMOERS 1 ~
Table 9 Information gain of features of MLP.

TEy R I o
TReqRec | 6.4 x 1075
TReqSen | 5.4 x 10~°
TRepRec | 3.7 x 1075
TRepSen | 3.1 x 1075
TRerRec | 3.3 x 107°
TRerSen 3.2x10°°
TDatRec | 5.4 x 10~°
TDatSen | 5.4 x 107°
NeiNum 3.0 x 107*
PCR 3.3x107*
PCH 0

2500

2000

1500

EH

1000

3
Tmh

8 WD iHiligs D 7z 1272 WD @ F EOFH D e Ak
VAN
Fig. 8 Histogram of average F-measure of WD to train WD

evaluator.

10 BEHHOELE

Table 10 Importance of environmental features.

BTN AL
AvgReqRec 0.002162
AvgReqSen 0.000172
AvgRepRec | —0.000208
AvgRepSen | —0.002034
AvgDatRec | —0.002018
AvgDatSen | —0.000882
AvgRerRec 0.000485
AvgRerSen | —0.000194
AvgHelRec 0.002325
AvgHelSen 0.000143
AvgNeiMet | —0.000394

2, Z<OWD 37X FRFEIZHEL T v, #EFEL
Tld, 7 A MREICHEIGT 5 &g S/ WD Z2FI 4
%. WD iFlighix, G-z 5727 A MBREICBWT, Ji
BRECIE L7 WD oMz Zh e L TBh, 2o
HEEOBICEEF#MAFHA L Cwa GL(1) BLU(2).
2 10 12, ReliefF 7V ) X 4 [25] Z WV THEM L7228
M OEEEZRT. ZOMEDS, AvgReqRec B &
¥ AvgHelRec DEEEN N L0550 5. 2, WD
FHGERS 7 7 v T4 v T Y v 712 & o THET S RReq
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11 O RRE
Table 11 MAE w.r.t. estimation.

BRI PG HERTER A
All 0.106
AvgReqRec | 0.127
AvgReqgSen | 0.120
AvgRepRec | 0.123
AvgRepSen | 0.124
AvgDatRec | 0.124
AvgDatSen | 0.119
AvgHelRec 0.124
AvgHelSen 0.122
AvgRerRec | 0.124
AvgRerSen | 0.123
AvgNeiMet | 0.124

ENTO—=RA 9 =VDFDAy NT—=27TEDIELDE %
FREFHALTWAZLZEIRLTEY, BREOEVIZLD
DHERE Y FFCFE LW ARt oTWSE (75
TAVTT Yy BTN WG EDRITICOWTIES
BOMEE T 5). N2 ) WD FHligsohEfe L, 2%
FHIC L o TEIRE N2 WD OFH O F fitild 0.89 TH -
72, Z072%, random forest £ ) b3 ENE L ko
TWw5h,

¥ 72, random forest |2 L T, ATEYFEICINZ THREE
B M2 T L 725603 b ITo72. 2oLk &, 1§
B, MiliEE, B X ORI ENEN, 0.758, 0.740, B
U022 THY, BEEHEMA L OMREEED > T
W, ZOREED S, random forest (FERBEIE 05T
TEhnll, BIURETFLEORENEEZFAHATLET 7
O—F PR TH S Z LD 5.

Proposed w/o EV & DEEE. 6 %5, Proposed w/o
EV 2 DC &) 3 HHZR2DFH»IZHE {, Proposed &£ V)
b 10NN E2%3 0%, 21U, Proposed w/o EV
&, 75 LICWD #5720, 7TAMRELEE o7

B LERECIHIN WD 2JWTLE) 2N %
Wz THA, RI11IE, TRTOREEMZMEH L2
A (Al) B L UH—OREREEZ A L7256 0HEE 0T
Wi EEEZ R L TWA, ZOENP S, All VWi
EERRHNSLIRZENTEZ ENGnb—), H—0
BTV HELDEINS W LS 505. SIFHIC
SHIRED S 5 720, FNENDYE O xR T F
Th., TD0, H—Db DDA EHAWIGEEIIBVWTY
BVEESEONS,

B9 BLUK 10 dZzNEh, %7 A MREICBIT S
Proposed 3 & Uf Proposed w/o EV OO 545 % 78 L
TWw5, IhHDP5, Proposed w/o EV Id, Proposed
WZHARTHIERINS WIGEVRS N2 0350, WD =
TUTLIIERT LI EICLAEROETHVEIERETE 5.
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Fig. 9 Histogram of the distribution of detection rate of Pro-
posed.
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Fig. 10 Histogram of the distribution of detection rate of Pro-
posed w/o EV.
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22 a L —3 3 VIR [seq

11 FE vs. Y32 b — 3 VIFH

Fig. 11 Accuracy with varying simulation time.

—A-MLP -8-DC  —%—Proposed —¥—Proposed w/o EV

0 200 400 600 800 1000
22l — 3 R [sec]

12 M= vs. Y32 b —3 3 VI

Fig. 12 Detection rate with varying simulation time.

7z, Proposed 137 A PEEEIIZ BV THIRAYICHERET 5
WD #EIRL TWB720, BWHRIHERTSH 555 0% .
Il —a B0 E. Rl YIalb—Tay
RO E LRz, 2ofifz2R 11, B 12, K 13 (2
Y. Proposed 1&, Yol —v 3 VIR A ZEZ A
IZBWThH, RO\BVIEE, ML, B X URIRORBRD
RERLTWS, ZORERIE, YIab— 3 VIREMIYHE
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—A-MLP -8-DC —%Proposed —¥-Proposed w/o EV
0.7

Hoa
?jio.a
02
01 R
o x*= ¥ x
0 200 400 600 800 1000

YT al—va B [sec]
13 MR vs. VI 2L —¥ 3 VIR

Fig. 13 Mis-detection rate with varying simulation time.

WV (KREDOHEHREIHONL V) BEIIBWTYH, @FD
R L WK DB NEFETELI L, BLURELZ
SRR THL I L EZRLTWA, 72, MLP &
Ralb—va VEMPEWEEICH B K = il T & %
Vi, MLP i3#E e LC, ECHBEHVTWE, 2072
W, WRRIASGES B L iE O R L BB R OIS
7Y, WEPKTT5.

5. BEMZR

ARETIZ, MANET 2B 5% 2 7 1 OB
ZEIZOVTHENT 5.

MANET 2B 2 H4 W8I, 77 v 7 A — VEER
TUAR—NVEBESEONr v NEERBETHDH. TORE
DR /AMET B 728012, BRI & 5 2 7 [33],
WREOEEL ST 571 [31], BLOKEEZ LT 50
B 26) BRE SN TV D, Y ENVEIRIIH LTI, EikR
& (RSS) ZHWTZOWEE AT L5 [1] AMThiIT
BY, XET) TR, Ay 7= bRO VBRI ST —
LAR—IVEBERANT 5 FEVPREESN TS, 75
A TR AR LT TB Y, STk 28] T,
DSR (dynamic source routing protocol) |Z22W\T, il
D ARDEHEZHET 5 HEZRFEL T 5. JCHK [13]
T, 799574 V7RI LT, BB 2T 5
FHEARELTWVL, INHOMETIE, H—0UrE o
FTLUBEIZOVWTOAEZ TBY, BEMEEOKE)TH
N5 BRENDBHITHH T2,

WAETIE, MM NT 2 — 5 i (WBR & HET 5
72O OIS PSLELVEWIFIEL D, BEWYE %
W7 7= FIEEPET o T b 2], [21], [27]. K
LTI, EWSE IEEREE OB T T VAT S B
AT E B EICHE Lz, JHURBERERTZE (2, [6], [27]
TIREZEEIN TR P72, 4 EBTHALIZL)IZ, X
ik [21] IR OBIZECH % 5, NGB & ERESR L 5
BAEEELTWERW., Z070, KHTIZBITARET
FATR LT, JERICEREATE .

6. &

A LTIE, ENANVT FERy 74y NI —=212BIT5
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O AR R LD ALA 7. RSO TIRE L2 T,
BMAEIC LY, 52 5N BREE TR ICHRES 2 M
WEMENT 5. 20720, SRGEEICHIETES L)
FEhd b, EFEREIS, REFHERIBEGTELTREL
EE2MEETHL L RMR L. AHBOMEE LT, %
REEA L2 OREFLOBRLFMT 2 2 L2551
5.

BEE AWTRO L, GRS RHAIT TR Wil 4 -
FAEmrze (A) (JP26240013) OWFFEIIKIC L2 b D TH
5 CICRIL Tl EE RT.
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