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A network traffic classification method based on random
forest and improved convolutional neural network
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Abstract: In order to improve the efficiency and reduce the complexity of network traffic classification model, a classi-
fication method based on random forest and improved convolutional neural network was proposed. Firstly, the random
forest was used to evaluate the importance of each feature of network traffic, and the feature was selected according to
the importance ranking. Secondly, AdamW optimizer and triangular cyclic learning rate were adopted to optimize the
convolutional neural network classification model. Then, the model was built on Spark cluster to realize the paralleliza-
tion of model training. Adopting triangular cyclic learning rate with constant cycle amplitude, the experimental results of
selecting 1 024, 400, 256 and 100 most important features as input show that the model accuracy is improved to 97.68%,
95.84%, 95.03% and 94.22%, respectively. The 256 most important features were selected and the experimental results
based on adopting different learning rates show that the learning rate with half the cycle amplitude works best, the accu-
racy of the model is improved to 95.25%, and training time of the model is reduced by nearly half.
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W 7 1) 2% H5 B A S R M B D, R
¢ SR TR 0l A S AT 52 BBk 2 1 Ok
o BT IRFES: SR & 73 R INE LAy PR
BT R A S GG TR AR BIR B A ) i AR T
TN B LR B AE R 2 3 it o,
BT R A S GG TR AR IR B 5 2 O T Se Rt
JE G B AT PR CR DA A6 R A R i S
N> SRR IR FE 2 S AR AR BURRAE

LM (convolutional neural network,
CNN) {5 #Eff H s ot B HOREAE,  7EdR iR
AU B BT I BE . 2017 4F, Wang PRI 5ER
LA FH 9 22 7 2 1) SR A R 7E 9 CNN TN
Xof S R R S S REIA B 90% LA L TR % . 2020 4F,
Feng U4 HH —Fh et (1) — 45 B 4 R 45 4325
BLAL (PrCNND, X W £ ik AT I3 — 44 5 1 L
SR AEHBEAE S CNN IS, AURT BAE it
ANTE PSR RS B, 38 mT Rk 43 S
[ 2021 4F, Sun Z5PURH T —FhE T Spark (15
A A 2] 2 0 A0 0 CNN, 3 AR R 5 4G
T HE BAENENRE, 0 I & AR B
BT T RINHER A F) 90.417%.

DA b7 ik B A A R 4 0 S B R N
N> FFERHETUARANE BRI 2K 7, &
B KR A 5 .

N TR RIS, BN I
HEAT AL BB e CNN ARBY S5 7 VA S R A 1 e
Tong 2015 —L6JLF QUIC WMIIIARSSHEAT 7325,
[FIINRH T Seit 7% BENLARAR. CNN BEATHRFIE T
Ab3E, SIS, EAIET 1400 ANMRFIEEAT 73285
Ritf, ST F1 BN F508 99.24%, T
KT 300 F1 900 ML B A FITEREFF AN LT,
TERORATZE T35 F1 3 BO7 AL 70%. Hu
ST AR B IR AT S BRI E A, 3
PERUHH O IH-MIE, 456 CNN. KA HIE1Z (long

short-term memory, LSTM) MZ&F1#5 > Dense |2
et CLD-Net, SEBGEH], RH] 256 MRFERS RCR
BAF, FEXIr R NI L FM% (virtual private
network, VPN) FH i HERf B REIA F1] 98%, {HA2E/\
ORI IMERRAE 92%~94%, TN T
— P R TR R AE AL S R KOs, R
8 000 ZcIEHFE LML 21 616 ANMRHIE, FIFHHT
19 600 MRFAEHEAT 7025, HERIRIA F 92%~-99.89%

DA b 07 2R 23 S UHERA 2245 B U &
(B RANAZAEREIE RGOS 2 | BEAS T 5 4455 1 .
FAh, AT ERIEE R FHEE R,
AEAE BN S IA R 1]

BEXFOA R, FEILA TAEMZEAL b, AT
S th 7 — M T B AL AR AR 5 O AR A 2 X 24 )
28 AT A SR T i, KBRS L Spark
St bl i ig i, FETEMT,

(D B FENUARME S R R E R, X
JE s s BRI e AT M, AR5
AR BV R BN B B E, 4L
THRHEREOT R, HEA —E rInT R

(2) % CNN BB BEAT AR i 4k, 7ECRIUFAS
RVERERI AT IS TR B, IF HoRA T AdamW
PRAL 2R RN 2] ZRARAG SRS o X = A B i 24 2 2]
RANFEEOE I ) 24T T W, X = A1
IRE Y HAN 3 P[] AT A AR AL SRR A T
XPEE, BRI T HERE, Jk s S A

(3) i2HH TensorFlowOnSpark, A7 $5 4 7F
Spark £ [, SEILE A0 AT, E KR
Kl , B 1 B AR ER A RO A5URT A7 B A6 1D 1)
A R 3R = HAROR

1 BRI KRR

TR FMR LI N AL B | AL 35
AN ISR . PRAL B AR L1 0] IR 4 e 34T Pk
BIFRETGEit T iR AL, R T BENLAR ARSI
PPAERFAC L EE, EHARRAE, AR5 VI ZREEANI
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WA, P ok ) CNN AR ZREE 14T 73 26
IR, e M AT AR U, SR8 Fe T RE fi
bro 28R 7 IR U 1 .
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| el 4 !
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ce- - <--<-= - - - - - - -4
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e WA AR
I3 AL i |
l : SYER [ —
i B CNN Y )5 BICNNAL %I :
Bt 4 st

1 BRI R

1.1 RIREEmAE

Ji s X 4% 9 5 38 5 DA peap b A7 HL S 6 R
BERKEA—E, DREEER A S WA,
R B N R AR B HEAT TRAL B, anfEl 1 i
SRR R, TRALE ) E R A R E R 5
A ) 38 AP0 S 4 S 7 AT

Ji G P 28 i E UL peap S A% SXAE A
peap ST — NSO Sk A 2 AN i R AR B
Mo BEANEHEEH— NS EEIEAR. peap
HSCAEASE N 2 B

sk | Bk AR A3k | BEdE
| T
24 byte 16 byte 16 byte

2 peap FISCHERE R

Xf peap SCHFEAT AN BE DR BT 7545 B o peap
SRR AT RE X A B A A R, TR AR
ALK Caplen i€ SCEUHE X O R 3 N — MK
P Ar &, DRt R X SR AR U R AT iR o
FFEHL, {8 H Python [] Scapy 77> peap B, #2
B R aEE R . JRBRESIE P51 MAC

kAN TP bk AN AR AT DA X 239 e 2 (e,
(R G R = Al 22, WO MAC il 1P
Bk AT B 44 Ak A 3RO,

B2 BRI BT B SRS R
PR —/NFT10, WAL 0~255 B ERUE 41
NS R, AT B R — AN RURHIE .
SRIERAA 0 7RI 7 2O AN [RIHE B 18] ) 7
K RS BT B [RGB, S A R SRR
RN bR B AR R 2 4R
1.2 BENLARMEFAEELE

WA 28 30 1 B VI 2 52 % HLHE DURRRE 0 TN A
B, XEWE I G LR 52 0] fe 3 B0B R
HEE RGO EAR B EXMELL R, FRE
R DURAEEZAER, By e w] A E R AE
SRR EE Y, B — AR R
PETE AP IR

BEHLARFK (random forest, RF) HiEIH4 4
2N HH R 3 B RS E R Ay S5 88, i@ &%
SEDLHI AR B 5 R, PR T RS AT E L,
SRR A A BT (2 A 1 R

RF Al B S Pl AT R IRk %, RF ¢
fEE BN 3 PN, RRiEE RN EE T
VR A e AR JE

| LR |

PR S P
WERHERE R VA B
VPR B R

K3 RF FHEHE 2%

B A EL RS NP SRS R D B, KRS
s (OOB) FEALE I REANRFIEXS B 51 FHE AT
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FHESAN IR 75, SR J5 LK OOB 45 1% 5 7F B #k
TEAE A S 1) 22 E AR BN RHE R B 2, 6 T
25 R X KRB R, X TR S AR AL
THE B

B Je B RPN R b B 1T E
L FIWITE RF 1, FEAMREE B 1715 5500 R A W
B F I R H5 % (Gini index) e/ (I KN,
SFITRRAE ()3 JE B . RIS 80 e R B 1
SFRE R FRFAE, e B . FIHER
Fe ROl P R BBl RE
B, WO SOR AR R R EOHAT EE MY .

STEESE F;, Gini index [i1HHE R N:

255

Gini(F)=1-)_F,*, n€[0,255] (D
n=0

Forb, PR TN R A D - AR AE A
WAL EE 0~255, n FosiziGH A HE—I
fH, Fiu Fom B 1 s R BUE n BT & 00 LA

GL Al GL 70 AR RAETT 53 m 53 SRR
MBI AU Gini index, WZE & ANMEFAL Cp AESEARMY
ERTS R m 53 SCRTFE ) Gini 246 E R DLFRIR Y-

VIM™ =Gl -GI, -Gl (2>

YT p PR RE, FHE C, 1FE e 48
HOE VDY VIM,, 8IS HAE RF A A A
R 3 SR BB SR P B SR

P

> vIMEg™

VIM, =& (3
> VIM,
i=1

MINGREE S, Hik$E s DEAREREARSE, #
i RF B MREASE S, ik $ s DMREARAERII
g5gE, Mg RF B, IR4ESC (1) ~30 (3D mit
HITE, HEEME CAE s MR LR VIM,
1% B BRSO R BEAT HE PP R R R Coonr AR
EELHT w AMHFAE Cia = (Compt>Cimp>™ 5 Cimp) € Ciore o

Cimpx RANEENMAFF, Cig FORTEIFIRTUF 1 s
IEH LA B S .
1.3 B2t AlexNet BIMLERE 7 LARE

H T AlexNet!") B ik 1 Y (1) X 4% 45 # .
AlexNet ¥ ReLU. Dropout Al &0 N IH—4L
(local response normalization, LRN) %55 Al
I CNN H, A T GPU AT 5Nk .
AlexNet /M i fEB 4~ GPU I, £/~ GPU f#if—2F
Mo 24, IF H GPU Z [RIIE S R AE M 2%
L Z AT, a0 VEE TR, HAER
A B I8 UR FE BRI RN UK, S BURRL 2%
Z. UMESE R, R . X TR S M4 A7
TEREWIUR, WA AT R 46 RE ik 21 A0 R A5 Y
AHIT BB AT 1R 73 2R A5 3, DR IR AR 25 4y ik AT A
b, BRI R E RIS A, (R fRIEIE
MR LR R

AlexNet BT 1 000 KEHRHAT 4K, S5
1K 6 000 4, ZHEEEPEGRZ N BRZ
MM EERERREME T L, MO ERE
Convl. Conv2 PL K 4%+ (fully connected, FC)
FEiEATEN, BRSBTS R 4
FRIEVE NS, B AlexNet B FamiERN, &
BURMASFE RN, BB — )2 11x11 BRSO
5x5, FEXIRTRL A K stride BEATEE . /DA
BRI LR WS, (R — FC =,
e tH4EE N 2048 25008 256, FENIN—4
Dropout Jz%. BT ASLIHAT — 9, HIH—{iE
KR H (softmax) iy thJZ IS HI Oy 2. SOy
AlexNet [ S5HIUIE 4 P
14 HEHNK

Xof X 248 EAT AR AL 8 e B RY 1) 2 ) SR A2 AL
REJT o ISR E X 2 I FH ARG I VA 10 B A
THEIERIRE 2 > 38, AR AdamW! Ml AL,
SRATERIEAEIE, AT HIER 7 ) R 75 R
SIE,
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Bty AlexNeth &I

| input |
¥ ¥

| Conv 1: size: 48x5x5 stride:1 | | Conv 1: size: 48x5x5 stride: 1 |

| Pool 1: size: 2x2 stride:2 | |
1 I

| Conv 2: size: 96x5x5 stride:1 | | Conv 2: size: 96x5x5 stride: 1 |

Pool 1: size: 2x2 stride:2 |

Pool 2: size: 2x2 stride:1 |

| Pool 2: size: 2x2 stride: 1 | |
T

[ Conv 3: size: 192x5x5 stride:1 | | Conv 3: size: 192x5x5 stride:1 |

| Conv 4: size: 192x3x3 stride: 1 | I Conv 4: size: 192x3x3 stride: 1 I

¥
| Conv 5: size: 192x3x3 stride: 1 | I Conv 5: size: 192x3x3 stride:1 I
¥

| Pool 5: size: 2x2 stride:2 | | Pool 5: size: 2x2 stride:2 I
k]

|FC6: size:1x1 stride: 1 output: 256 | |FC6: size: 1x1 stride: 1 output: 256|
T I}

I Dropout 7: 0.5 |

I output: 2 |

K4 Sk AlexNet MRS 45 1)

HR[16]48H, TEfEAH Adam fRALESES, L2
TE AR B AN 24— B, H4RH T AdamW
A gs. AdamW SZHL Adam S5HE T (weight
decay) F [F{s A IR FRIMRAS, S0 R 2 alulE 2 )
PN T2 3] B ALK NS, (EAEH Adam Hik
PRI, 54 R R — 2% S Fe g oy i, W]
DL ZFE5 Adam FPERE .

Adam A BRI R .

M, R G, 53 A 27~ % S B e B ) — B
(BED M B s iasE CHMTZ). S50 B F Ba
PRI )P 4RO R . M, A G, ST
/(I

M, =BM,_ +(1-8)g, (4)
Gt :ﬁzGH +(1_162)gt2 (5)

SR JE R FEAT I A 1
M, =Lfl (6

-4
G, = Ql D

1-4,
o TN 25, W] Adam FVERISHCE# (R .
0=0, -—2 M (8)

\/ﬁ t-1

Adam BVEM L2 RN —R A, i
FEB T 5] N L2 1F D) 50 S I BB 3 9. T
AdamW 2 38 Jot 7E 451 2K o B8 37 1 i F2 R A A 5
AN AEFEIR R 2 I E T, B E
WRATE Adam SHEF 2 5, el ) 20l .
AdamW HJZHEFH AW T .

=0 ——= MH_OMGH 9
G +¢

t

fEH %3] % (cyclic learning rate, CLR) !'®
T3 A 2 ARG BN FHE Z AR AR AL, Re
BT Bk L AR R B Ry s /ME, A AR A A
PRI SSOE FE o SCHR[ 1810 WL R 48 EAN ] 2% )
REIPERER I BT LI 7 A AXS B, SIS R
W, PR ) Z] DAAEASE R I ok P ARG R Y
3BT )1

KK = MPEH 7 2] % (ceyclic learning
rate), FFSRIUA [F] (1) Jel $91 008 20 JEE 1 5 S gk AT
PG MBS ¢ ROEARI 2 2 R o, /T BARIR N
)-max(0,(1-x))- f (10D

at = amin + (amax - Q

HA, aax FH 0tmin 737177~ CLR [P EFATR AR,
fRIEIREE )R RHL . 3 PRI ) R U B 5
Jfizw, TRI. TRI2 Al TRIEXP 4352 7 0o 45 & 14
(EEIN R EN e S P S ey S TEIN R SN |
WS W TR PRI AR Bk .

fRRIERIT
1, TRI
f=£; TRI2 (1)
a*, TRIEXP
x Bty

x= ,x€[0,1] (12>

-l——2b+—l—J+1
AT 2AT

FAN, AR FHFRECE S 2] % (exponential
decay) 5 FIRJEH 5 2] K HATRT L
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1.5 SHNEBE

TensorFlowOnSpark s&HEjE (Yahoo) FF &
—MIFIEHEZE, XTILA K TensorFlow HEZL AT />
B, BT LASEEL TensorFlow SE#EE Spark ~F
& LIRSS HE, I HSCR A I TensorFlow T
fe, QFEFED/FPFE ] BRI T AT
. Ak, JEITH TensorFlow HICEEREME S K
RIBARHEZAR S 15, W LASEEL GPU M CPU iR %S
AT BT R A R ST .

A% TensorFlowOnSpark #4773 A 328
#. 5 TensorFlow J5 A= (1) 43 4 Ui U 7 SEAHLE,
TensorFlowOnSpark 7873 FI| Ff| Spark [ 544 73 41 2(
HPELE (resilient distributed dataset, RDD) fE%X

P FFAT AN T Y AL T T R, R 1 4R
FEIRV B AL R ) L, Se3 7 R R ) B 30
o AEX KM E S BT, X—5
A A 0] DU R R P 28 . BR A = 1) 3
KEHWEFEEAS SAFEL R R Z S
RAME KX M. HH, BT A2
A R REEH . 3508 R 5 B It R 1 v
R, AESCBRLF rh R I oot e K s It &
(1) SR 1 DX 2 T U R R 2R

TensorFlowOnSpark 217~ ERWE 6 A
7No B4, Wi Spark F19KANN A% (Spark Driver)
FEIBILE S HM7 W) Spark [FIAR2%, SparkContext %
2 Spark HIAfn/EIH, HAZE Tensor NHEGHEIE
T, BARMES A MUUTES (Spark Executor) 5%
. B~ Spark Executor i )] TensorFlow N HFEFF,
ZAU—A AT TensorFlow £E8E, A — NS HURS
#% (parameter server, PS) F1Z/> Worker 17 51, 1
FEFEIAH (g remote procedure call, gRPC) BzEfE
B3N A7Vi 7] (remote direct memory access, RDMA )
& R IRTEAS I - 41, TensorFlowOnSpark
2RI T 1EE F¥E M Hadoop /30U R4
(Hadoop distributed file system, HDFS) SC4Hi52HX
Y A2 Spark ) RDD 4.

Spark Driver

Spark Executor Spark Executor |-+ Spark Executor

TF Worker

PS TF Worker

TensorFlow Core TensorFlow Core TensorFlow Core

gRPC/RDMA [{&-s gRPC/RDMA [He-4{ gRPC/RDMA

HDFS/SparkRDD

6 TensorFlowOnSpark iz 1T MLl 7 &

2.1 SCIRIfEE
KRS AE 3 4 Ubuntu RGEHITTHENL E#5 2



iﬂh M5 5F%

Spark 5E 47 M AR B S, A,
1= R e S eI N RN S I b R A
sparkmaster. sparkslaver 1. sparkslaver 2. %A )5 ,
%% Hadoop A1 Spark, #7& Hadoop KRS
£l #5 HDFS. WU 8 & & 4t (yet another
YARN ) , & J5 % %%
TensorFlow, PFCEAHM ] TensorFlowOnSpark HE
28, A TS BLAR 1o A RO S A 32
4 Ubuntu 18.04.4 LTS (master) . Ubuntul9.04
LTS(slaver).Spark 2.7.1-Hadoop 3.0.0-Java 1.8.0.
Tensor 2.3.0. TensorFlowOnSpark 2.2.1,
22 BIRMALE

ARSI SR FH B W 2% i B K4 48 v USTC-
TFC2016"), ZHRHELL peap IR A,
10 MOEFEREM 10 Ml E.

MRYESCHR[S], IEW T E S AW E (07
{5 BEAEHT 1500 MFAEZEFRARK, HORRT 1 500 4>
FRAEVE AR PRI RAIE o 30 I 5040 T AL BB,
X AR 2R A A I R AE HEAT AT AL JS 8 20 S48
P g TR 7 B, BT HE N IEE A
JE PR R R . W BUR AN R S iR B
B AT 1

RIEH R RERZEREN “17, IEHR
EARBLE N0, B LE 6 000 MHEA,
R ZE K 60 000 N IEHFEFEA, 60 000 /S5
HWREAEA, JLit 120 000 AN EFEA 1 HHE
o R AL B A B SR 4% 911 R il gRdE .
k.

resource negotiator ,
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Facetime FTP Gmail MySQL
:‘ r-- . B
Skype

Cridex Geodo

WSS T o1
14
X 1.
- i
.k o
o ]
Lve L

Nsis-ay Shifu Tinba Virut

7 HB oy LA A T AL

2.3 FHERE

WA 1.2 AT U7 VR4S BRI B HE
%, B2 EEVEHEZ AT+ RRIE, RRAE E B
AWK 2. C_imp RonEEMHF, Cid #on
TEJR UG A PR E BB AL B, V_imp KRR
fEHEBPEMUE, AT R EEMAT N 1
REAELE SR AR 7 51 A B2 0, JLE M
PEAGE R 0.060 4.

Xof BCE ELRFAE 1) o AT AL B AT . B
C_id NBEAAER, V_imp AP AR, 26 B,
B AWK 8 fin. MWK 8 ATLLE
o, BONEZEMFIESMEARMGCE, WRE
FLEHCAT 1024 byte & E R HEFLE, X
LR B 3G B — 2 e, R R IR IR B
WL

x1 HAKRER

bag=auit sparkmaster sparkslaver 1 sparkslaver 2
Spark Master Worker Worker
HDFS NameNode DataNode SecondaryNameNode
DataNode DataNode
YARN NodeManager ResourceManager NodeManager
NodeManager

¥£: Master & Spark F 745, Worker & Spark T.ETsi; NameNode & HDFS ¥ i, DataNode Jy HDFS TAET A,
SecondaryNameNode A4 B B 55 ; ResourceManager ¥ YARN & 95 &, NodeManager ¥ YARN TAE75 55
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#x2 HEEEMHZ 006 | -
C_imp C id V_imp
1 0 0.060 4
2 4 0.038 7 0.04 | .
3 3 0.0270 g
4 5 0.0218 >
5 2 0.020 4 002} *
6 7 0.018 6 .
7 1 0.016 1 \
8 1455 0.0139 0. \
9 1 448 0.013 8 5(.)0 ¢ imp 1 OIOO 2 OIOO
10 ’ 00128 FO HHEEE R
24 T
mere Vimp FEAR S, A RTRAEIER, I
o 002 BN R . RHIMERIZE A, K012 P, H % R,
8loos FLEE R R FE  FI0F 5 5 SUR
‘e — Yy B (TP BRI (FP). fERE (FND. HR
g Bl (TND. Forp TP RSB N IEG], TS Rt
S NIEG]; FN FoRIERAEG], TS RN R b;
ooz § FP FRSEhR RN, TG RNER: TN %%
4 t SRR R, TGRSR
t-.' ) N (1) W%
ot . —— M A I i b, 455
500 1 000 1500

Cid
B8 EEAHL AL

X B BRI (IR R AT 0T o WPRFAIER
FEEMIATHIR, LLC imp NREAAFR, XTR V. imp
NPARR, SHFAE B AT R4, RRAEEE M
LA wE 9 fros. ATRLEH, HE4 400 DLE
(1) B SRR AIE (1) B B AR — B, R AR S 56 7E AT
1 500 MRFAIE 73 ) e 4 g 5L (1) 400, 256, 100
64 NMFAEVE NI NBEAT L. b, AR
FAERT 1 500 ANRFAE A 6 45 5 211 1 024 MFr
TEAE RN, 5 B A AT 1024 MFAED]
TR

55 R b R IR O] o5 A S A L],
RIEAN:
_ TP+TN
TP + TN + FP + FN
(2) KEHZRANA 3
R 2R R A (] 2 ) A b PP A 70 6
PERE . HERR R i T 45 R b 500 O 1 (R RE9] R By
B EAEBI I L .

a4

p__ TP

TP + FP

74 0] 8 TR T O IE B o BT IR R AR F
el

15
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iﬁm HRSFE
TP

R= (16)
TP +FN

(3) F1 14

F1 E RS2 A0 A B 2 )R A58, it
A 2 [ B R A S5 11

_ 2xTP _2xPxR
2xTP+FP+FN  P+R

2.5 SRS

X CNN AN ZHTIE . X TREN AR
IR FRA 1024, 400, 256, 100, 64 MNEFIE, 4
BIALFE R 32x324 20%20, 16x16. 10x10, 8x8 K/)
EUGIE N . RS N 5 B 50, R
batch size=50, YIZRRELE N 2, Bl epoch=2, %
BRUZKH He WIHtk, 1EH AdamW 4L, R
SRR SR TR, @It 2 s, YIMh
> R [RI ARG IR ) R R ME R E N 0.000 1,
TEAR S S R E AN 0.001 5 KHEAE R4
IPERE. PRI BRI R, A
JRAGFTHT 1024 AMRAERFEABL RS, A FRHIE
R TTVEMEREFE AR BN ZRI TR0 b L2 3.

SR SERR M, A S H I RHIE I £ 7 R ik
51 024 MHESAE A RG890 1 024 MEFAER
JIEARLG, HERRRIERE T 7.26%;: EFERHMEA

an

By 256 B, AEFESEE T 4.61%, BAYY
SRR T 2 40%; 10 4 B IEA B bl
64 Ibf, HERAZIEAC T 3.22%.

A R SRIR A AR, 4 FHBEATLAR
RIEHL 256 MRFEVE NN . RN % 2] 22406
PRI FE AR A M S RS AT Ak o AN ) 2% 2] 3R 4
REFR bR A YNSRI [AIXF L WLER 4, o EXP Rk
FRECE I ) 3

AL RRY], K TRI2, EI=MIE3F43R
(SNER EV Ry LRI TEAN FYR R SIS AW NIV E S 54
H, PR AERRZERN F1 AR S, MRS A2 A0 A [0 5
BN, BARALYIZRIN ] G TRI SEm& it — b

3 HRiA

ASSCHE P BE AR ARSI 45 & 2t (1 AR
MWL Iy RITIE, A ZTTIEREAR ROEAT M 2% &
PR PEERMERE . A IS AT IR A . FE AR
MZE ISR T . T U s i AR A
REPR AL — 2 MHEIR AR, 7T DAZER B A 5 1R )
TR, B RHET M. FERR I
LA, W] DU AR AR SR U5 VA AR AR R
Jrigdt— BRI IT, VLR GREER TS THIa 5k
HRZACRE I T, ST L TERE .

*® 3 FNEMHEEEFEF A REsatR R [E XY EE

RFE T 725 T FEE el 2 F1 {4 YLK [E]/min
JEUE TR 1024 AMRFAER 90.42% 89.47% 91.62% 90.53% —
BEALARARIERE 1 024 NEFIE 97.68% 97.94% 97.42% 97.68% 97
BEHLARARIE R 400 ANFFAE 95.84% 94.95% 96.83% 95.88% 56
BEALARARIE SR 256 ANRFAE 95.03% 92.35% 98.20% 95.19% 52
BELARARIERE 100 ANFFAE 94.22% 94.19% 94.25% 94.22% 48
BEHLARARIE SR 64 MRFE 87.20% 92.27% 81.20% 86.38% 26
F 4 TEFIFEMEIEFR RIS E T L
TR CFES POy EUETE D T KR AR F1 {4 WIZRET )/min
EXP (0.001) 93.77% 93.09% 94.55% 93.81% 41
TRI (0.000 1~0.001 5) 95.03% 92.35% 98.20% 95.19% 52
TRI2 €0.000 1~0.001 5) 95.25% 95.83% 94.61% 95.21% 44
TRIEXP (0.000 1~0.0015) 94.24% 94.59% 93.85% 94.22% 44
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