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Prediction of Wireless Network Traffic Based on Clustering Analysis and Optimized Support
Vector Machine

CAO Su-e and YANG Ze-min
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Abstract In order to solve the problems existing in the current wireless network traffic prediction process and improve the accu-
racy of wireless network traffic prediction,a wireless network traffic prediction model based on clustering analysis algorithm and
optimized support vector machine is proposed. Firstly,data sets of wireless network traffic are collected and clustering analysis al-
gorithm is used to construct the training sample set. And then, support vector machine is used to learn the training samples of
wireless network traffic,and cuckoo search algorithms is introduced to optimize the parameters of support vector. Thus.the pre-
diction model of wireless network traffic is established. Finally, the effectiveness of the model is analyzed through a specific exam-
ple of wireless network traffic prediction. The results show that the proposed model has high prediction accuracy,improves the
efficiency of wireless network traffic modeling,and the prediction effect of wireless network traffic is better than the current clas-

sical wireless network traffic prediction models, which has more significant advantages.

Keywords Wireless network, Traffic prediction,Clustering analysis algorithm, Support vector machine, Cuckoo search algorithms
| oEl=E i T 02k W 48 02— A~ B B 4, FL O & 0 T AR 9 T A
A

2 7 245 B0 L Bk AR ko A% R Tk O 4% Uk O AR Y S By

BB R shH R R R ROl F AR MM T AR WRFE I S L 05 1 SR O£k T 4% U P SR A e

ST ARG & P 2 B A JE LG A5 U 2% R gL 2 L
EATE ANTE AR R G A R A B O 0 4
NWTHE £ 45 K T0 2 2% b Y BOHE it O It R T R
FLR AR AR W - 45 ) g e 301 TG 4 1 2% 71 2 ) ML 3 A 24
oo R AT IE 3 L R TR I 26 U 4k T T LAY B
A HIN DY AN 46 2 w1 R TG 2k 19 2% 00 1 S AR AR L BT R
5% 9 B R ) AT g AR AT 418 o8 R ) I ke 19 296 4 1 O 56
VLB 1k Hh BT £ 190 2% 0 26 19 5 o PRI I 2k 199 296 O e 000 A
G 4R W 4% 4 BDE 5 PP ) — AN EE T [ L X AT B R A
Y B B R S R A B

FfE H 1 :2019-08-16 &4 H I .2019-10-17

V6] 508 i TP 3 4 41 21 326 % — 18 43 T £ 100 6% 7 o 7 s R A1
S A A X TC 2 00 265 gk 90 A5 Y B 2 Bt AT Al i O B
X I — B 73 I 4 W 245 Y ek 3 S A A R AT B0 L X 0 2k AR
TG RSB A% 7 v F BB X /NS Y TE 2 P 4% L AN RE
R BAR TE L& 0 455 16) KRUAE D7 1) K e i) BEORE L BUARIE L 1
2% Y A2k T ASE 70 SR T AR 4 P B R L 0 BP i 8 ) 4% Y T
2 I 2% i Sk T A 2D RBE 28 (90 255 ) JC 2k ) 45 ik 900 452
Tl S AR 1] ALY TC 2 0 465 U TR A R 4L B AT B R Y
F3E IV 2 2T BE 7 . AT LA JE 4R I 4 0t ik A8 AL R AT AL
2 [ 2% i B TN AR AR T ARG A IR ARG

A SCE AT AR R COSID) L il E 7 4RI 5 B .

HETHER A RBFEIEES (11871314) s AR [ R BFFH4ERS (11605107

This work was supported by the National Natural Science Foundation of China (11871314) and National Natural Science Youth Foundation of

China (11605107).
SEASIEY . W £ 1k (21201851402@yeah. net)



320

Computer Science FHHLEIZ  Vol. 47,No. 8. Aug. 2020

FIR A S X T £ T 2% Yk 0 45 2R BLAT R E T B R L L 2 R R
FR A AR L BOR I BEAL T s B ke A & Bk
7 7 il e DAL 11 I 2 ) 46 U i O AR AR L gk I ¥R 3R AT R kG R
1A 0 2 190 5% o TR0 25 2 () Ao 2 S A ) 52 1 JE 2k Y
2% i ek TOOI AR P A

BT 2 i T0 4 0 4% I A T % 22 O T 45 2R AT AE A I
S5 [R) R, A T ARA T A T £ 0 46 e T A AR AR St T
B2 A3 W7 RO A STA ) 4 ALY TC 2k 19 46 3Lk TR0 A A, SR
R W R R R A VN SRR AR SRR BT A AL S HE )
WA 37 T0 2 ) 46 it ik U A2 3 3 5 G Al TG £ 90 5% 0 &k T
AR 2 A7 X5 e A, 96 AE T AR SCTG £k I 46 3 S 0 A Y
FAT P JF ELH W0 25 SR 2 A T A A, 3 B2 A 2
— ok BE R IR0 e 1 T T % U TR O v

2 BESWHRMUZFRAENHETEMERERN
kit

2.1 BESWHL

SLEREE 2SS N RS S
o BB (T8 K 0 3 o 509 8060 26 50 13 D
e T« K A S A 8 2 o 0 4 D 2 0 B
AL R ) ¢ O AR B L 2 e 6 91 5 B A S
A[16]

LG R BRIE Ny X = oo, ) o R
B 0 50Tt U228 0 24 B 0 B S T LA 90y ¢ 2
TR TDIEE R V=0 oo v )AL M
R T L0 43 A IS 2 0 o — 6 AT — A e R U
iy EATH R A S B A U= Cay ), - BORT 19 1K 50
10 AL B R EOR

],,,(U,"ulywy'",vl):gl _guf}’di (@D
St BRI R, BB o TRE T 0, Z R
BB

FF 2 =1 R PR A 90 I o 0 1 28 2 o i
(EES NEEP

F=3 Yud} +a1—Suy) )
i=1j=1 i=1

(2O AR S A B wy B .

w; = ! 3

_ﬁz(::l(d’j /d/;j )ﬁ
Ui E"JH‘%::EE%.

"

3

v = Luﬁ}’rl X
i=1

1

n

€Y
2.2 ﬁ%ﬁﬁrﬁl%m
2.2.1 ZHEEMN

BWUMGFEAR T= {21y (o y) on UNGRAEAR
B, S 1] e AL I 0 AT LA R SRy — Al 2 SR AR A A o R
[ia] SR A, DA

min %(w . wT)JrCis,
i=1

sote oy [ (we ) +b]=1—¢ (5

§=i=1,2,,n
Hrr,C HIESTHEF .

5| A\ Lagrange e 7 o, (i=1, -, n) 8 37 20 (5) #Y X {1 B

WS RINT
max Iglal *%éllyiy]a,a,
st 0<q,<C;,i=1,2,n (6)

X T AR IR A ) R 51 AL R AL k(s ) = (g (i) s
¢ (o)) AT W COHFTLRLRy .

max é:lm *%é)ly,yja,ajk (v} 0

SRR ) AL R A PSR RN -

£ =2 viak Gy b (8)
Sofo REE. BRECR AT RBE B EC LUK

By z)=e |mnli (9

Ho RRERESEL.
2.2.2 WA EHEE

A SRR F AR A SRR A AT AL R
IR AT, BRI S R R RS, A%
BT O3AHW, BT

DOBERAFSEBREAT -ANE, ZEMILE T —1T5
Hi, 5 1) — A A AR D 5

(2) 53 15 S HCE O 5 7R, B I 0 4 £ it a3 28 19, B 2
BHEEEHT R

OB LA ERMMREN Pa, R FEA S GHE
B, 2% S BEg 37 o T ORI S BL AR AN AR, 75 B2 A A )
B n R S 4,
2.2.3 WEEHELERALLFREMNLHK

THRMEN EBERHFRANSEN C Mo, el Kokt
NGB S A R LA BRI, A D AR SO R A A 1
REG AT EISE RS RNT .,

Stepl WEIIZGHARLS MK FEAESELE C I
H A,

Step2 Wb m APHHEMN S EE D= {2} ={[Ciro. ]} ,i=
1,2, sm, WA — 4 1 B0 B R F o

Step3  WEIEMRKE t=0.

Stepd M 4J 38 N7 R BUCME NS S SRAR 45 EAT HEIT

Step5 W Pa M{H B & 75 200 5 09 2 5L AR H5 30 4E )
AT AT A — S (1 1 S, sk S 1 SRR L e 1 S L A
B 5L N

Step6 AR EIH AN .

Step? 05 3% AR UCHEE T e Rk AR YR AR 4% e £ 5
HAEPNRESE C Mo, BN B Stepd k223510,
2.3 BESWMEZINMRAIFEHENNETENERETRN

S
(X T HATOL 25 T8 15 R G0, R 4 H— BUnF [] Y 3 4
ot A TR AR .

(2) 2R FIASEHI B 20 43 7 B 12 %) T 4 90 0% I 12 08l 6 47 2R
FHAE 5 B Tk M 46 0 A AS A 5 Y DI 2R A A
S

(3) 5L 3435 ) ok ) 2 BOBRE W Rl L O 900 R Al A% 9 B2 70 48
EH.



R A BT IR S A0 BT S RS A ST 1] kALY TE 2 T 455

T 321

(4) 2R FH 3¢ [l i L TG 4 I 4% Ik i DI R PR AR iE 1724 2

(5) K A 4% 15 3 3R B0k 0o A% 56 B A ST S 80 17 14k .

(6T o2k W 4 it it il i 25, W SRR 25 /N T 0 246 W 4%
A P S R SR A PR U045 38 SR R A i B RS S RO 1
3R )35 B (4) gk SR gt A7 24 3

(7 SCRp I ALY GR K 1k AR 8 I 0 A% 58 18 4B 1) 5
ST TG 2 T 4% i ek 14 T A R

F T R MR O Ak SR i R HLAY J6 4 90 4% TR R 0 9
BAE 1 iR,

B e i e
WA
A

¥R E
i REK?

THLREHE

B

B 1 BEAHAMMAL SVM (1 JC L M 45 I 2 75000 i 72
Fig.1 Flow of wireless network traffic prediction based on

clustering analysis and SVM
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Fig.2 1200 wireless network traffic data
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Table 1

I 25 A R 3 AR B
Number of training and testing samples for wireless

network traffic

CRLA A
HHERS S I 5B AR R A
1 400 800
2 600 600
3 800 400
4 1000 200
5 1100 100
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Table 2 Support vector parameter values for different experiments

VEEE T N C i o 1
1 27.895 5.499
2 93.781 8. 806
3 82.210 2.790
4 84.592 1.860
5 37.817 6.574
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Fig. 3 Prediction results of wireless network traffic based on

clustering analysis and SVM
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Fig.4 Comparisons of wireless network traffic prediction accuracy
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Table 3 Modeling time comparison of wireless network traffic
prediction
CHLAY : )
L ARMA BP # 2 [ % AR A
HE O JIGetE MREE WAHE WREE JKEE AREE
1 10. 64 1.70 17.71 1.76 8.62 1. 64
2 11.59 1.59 16.76 1. 60 8.56 1.58
3 11.05 1. 54 17.16 1.55 8.98 1.48
4 10. 85 1.23 16.98 1. 30 8.75 1.19
5 12.18 1.41 17. 26 1.47 8.17 1.33
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