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Design and implementation of Website traffic
real-time analysis system based on Spark Sreaming
LIU Zhen, FANG Ming
('School of Computer Science, Xi‘an Shiyou University, Xi‘an 710065, China)
[ Abstract] In response to the rapid development of Internet technology, users have greatly increased the number of visits to various
websites and the rapid increase of log data. The Hbase database, Flume, Kafka distributed publish and subscribe message system and
Spark Streaming flow computing framework are designed and implemented based on Spark Sreaming. Website traffic real —time

analysis system, in—depth discussion of the analysis angle and indicators of website traffic analysis, showing the operation of the
website, thereby guiding the website development, the operators make relevant decisions to improve the website’s services, and

provide website marketing strategies for website maintenance. A strong basis.
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Fig. 2 System module diagram
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Fig. 3 Flume send log information structure
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Fig. 4 Data visualization framework

3 ETF Spark Streaming B9 i i 2 LB 4
W &G LIHESR

Z 5t % H Hbase 5% , Flume Kafka 7307 20Kk
AT B 7 B R 4. Spark Streaming I 71 5 HE 42
Echars Z53R al (AGAER . 30 O i S 20 B RGE Y
HAARSTBHER AN 5 B,

B 5 E-F Spark Streaming KM ifi £ 5717 RS IS HHESR

uvid=002
HBase
web lR55 4% web RS54 Flume kafka SparkStreaming
BRI PRI AR P IR H AR ek B AR Mysql
TR 55
WAk P s g% a

Fig. 5 Implementation framework of Website traffic analysis system based on Spark Streaming
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Fig. 7 Spark Streaming data processing architecture

Spark Streaming PY#F T AE R BRANE] 8 i~ , H
FRWSCSIE i AR I 4 8 073 B bateh (HHE) %
I, H1 Spark 51 ZEAbBE DL AE R A1 3 LTS R

input data batches of batches of

stream input data processed data

Spark Spark

Streaming Engine
el te}

& 8 Spark Streaming T {E/RIE
Fig. 8 How Spark Streaming works

3.4 Hbase f&jid

Hbase & — 4370 =0 IR EE 2, 5 T Hadoop
AR SRS, HFERUE Google 1Y BigTable 434
B . Hbase BT H bk /2 AL 3 HE 5 Pe K 1y
e, AT LA S TR HLAL 3 e 10 1247 %8s, 0T
HA BT R AR EIER, KA S 7
118 LT AT AT B8 ] Hbase'™ . HDFS by
Hbase #2 fit T w5 7T A9 I8 2 77 i 5 F¢, [A) 1)
MapReduce iy H £ fit 7 5 A A M 09 3+ 5 6E T,
Zookeeper DR UE T 43 A =X B0 2 1) — Bk oK,
Hive \Pig #E01t T #24E 5088 & 115 5, Sqoop R T
TR X Z B ) A T16E ., Hbase 5 Hadoop JC
SR LU T LA B2 0 FRAN B9 5 R T
P TH RN Hbase HF U AAA 1R BAF
TEAHI YR 5 : Hbase BYSEIPE 22 835 140 2 R
g5t

3.5 Echars f&jit

Echars ( Enterprise Charts ) F&—> &l 2% i) 2P
2, — 4l JavaScript B K bRE, RJEHAEW R 1
HAE PC uig MRS B #5 Z Lis AT, A YR K%
B Y 2% . Echars 78IS 2 K61 4% 5 94 1Y Canvas
P ZRender , REWE SCHF EUULAY AT AZ EL (Y A B Y
T LA e BE AR A A EE T AR IR 3R, AR e
ST AR 0 BIET RV A P R AR B
IR B [0 RN o A E DR O € R i B K k1
KL RETT .

Echars SCHATZEE FEARIE (SR IED) | X8RIA
K 2P Bom B (U)K IR (R IR E) A
SR S A e L DR (MBI 45 12 28
I Rt AR | B B T4l R A 7 A4
A H A R E ST 22 B3R ISl DR
FEREI

4 E-TF Spark Streaming B9 W i i 2 LA 4
WEREZREM

ARG B i Fa bR 5 B W & (PV) Jh
SV (UV) 2TEE(VV) By 1P ( Newip) .
BT % (Newcust ) | Bk tH 28 (Br) 275 R IR &
(Avgdeep ) HEATAELRAG O o0 AT AEL BT B AT Ui &
KR,

4.1 EZBRSH

TELNE DL B o3 e SRAE L P & s B,
A0FE R VR R T % Hb ek 0L TE | 2SR B O TH A
X EE T REXT Ay SE 248 7 5 Rk 3 A AR K B S
Bl B9 ik X — K H A [ R s TR A0 5 B A T
Geit, R T H P AE— R sk S YE A s R0 A

1,500
1,200
900
600

300

0
01:00 03:00 05:00 07:00 09:00 11:00 13:00 15:00 17:00 19:00 21:00 23:00
B9 AFRBEZFHES%HE

Fig. 9 User day online time distribution
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Fig. 10 User week online time distribution
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Fig. 11 User access source distribution map
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