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Introduction Subscriber Profiling Methodology Measurement-driven Traffic Modeling
»Wor.IdW|de smartphone sales are increasing mobile data traffic. » Due to the routinary behavior, we use one day to model traffic behavior. » Characterize 4 user profiles for peak and non-peak hours.
» This creates a heavy load on cellular operator networks. . , . T . .
» Take random sample of subscribers §*" C S. » Estimate the distributions that best fit each parameter on each profile

» Understanding mobile data traffic demands is crucial to design data

. . in peak and non-peak hours.
offloading solutions.

1. Build similarity graph.

: : . . . 2. Perf Hi hical Clusteri HC). ' <tribi It
» Smartphones provide a powerful and cost effective way to study mobile » Profiling occurs in 4 stages: crIoTm THETaTEneaT IR NG (HC) flour  Profile Distribution Farameters
_ _ 3. Determine best number of cluster (k:2) HO Gamma o = 1.3060 /6 — 0.001 20 = 1
traffic behaviour on a large scale. L Clacsif S S using k ° ' -UUL, To
. lassify users in o — O using K-means. Peak HF Log-normal o = 4.0106, u = 1.2114, ¢ = 10
. .. St f din 9 de- 1. First on traffic volume similarity graph. O Gar_nma a = 1.2799, § = 0.001, o = 0.5
Objectives > Otages pertormed in 2 Tounds. 5 1yen on N° of sessions similarity subgraphs. F Weibull k = 0.9173, A = 135, g = 3.9
< HO Gamma o= 1.2679, 8 = 0.001, g = 1
» Analyse urban mobile data traffic usage patterns. S =2 Non-Peak ' Log-normal o = 3.8552, u = 0.9196, zy = 4.3
. . . .. : .. 1.5 M # 10 K * HC # K-means O Gamma o = 1.2799, ,3 = 0.001, &g = 0.5
» Create a mobile data traffic simulator capable of imitating activity F Lognormal o = 4.1174, = 1.0291, ¢y = 3
patterns for different periods of the day. Lo HC centroids
similarity ;
! 0 . Generation of Synthetic Trace
Outline of our Contribution y
. : : . e , _ 1.4 M Assign users to profiles according to the profiles population.
» Characterize traffic dynamics and its temporal variability. A = S P raing P POP
_ _ | _ « K-means « HC h »e.g. LO users have 0.97 probability.
» Find a set of profiles that best describe users’ traffic demands. 5 100 » For each user profile and hour:
» Model usage patterns for different profiles and periods of the day. HC centroids |  |N° of sessions » Sample n° of sessions according to the distribution.
» Design and validate a synthetic trace generator. Smianty > Sample IAT according to the distribution.
» Sample volume according to the distribution.

Dataset Analysis Resulting Subscriber Profiles

Synthetic Traffic Model Evaluation

. . . . . » Four profiles are obtained, which describe the typical data traffic of
» Anonymized dataset collected by a major operator in Mexico City. P yP |
. - . subscribers. » We show the CDFs of total volume per subscriber, for the real trace and the
» Data traffic of 6.8 million subscribers. thetic t (left)
- . - synthetic trace (left).
» 1.05 billion sessions from July 1st to October 31st, 2013. Light Heavy y
» Session information: (1) upload and download volume, (2) session duration, (3) session Volume 29 KB to 20 GB 21 GB to 625 GB 1,01 08 R B
_ o — From synthetic to original
Umestamp_ N Of users 1489242 27659 0.9- 0.6- -- Among days in dataset
- Occasional Frequent Occasional Frequent 0. 041
y Tuesday Wednesday Thursday Upload Download . 0 2.
N 100" N° of sessions 1 to 278 279 to 8737 1 to 495 538 to 1670 0.7- .00
i 75- N® of users 1486496 2746 27593 66 06- §oa S
EZ- g 501 _ . 50.5- cgg'j
1. 5 . » [ here are peak and non-peak hours in the traffic demands. 04 S |
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S, g S T ST . 0.0- - AN AU
® € 50 2 10w < 107 10° 10° 10° T Al ' ' '
> = = Y u ug Sep Oct Nov
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Z W\\/—/\ ST S l\ | . Cy
.- 00- g1 R \ » We used Bhattacharyya distance d to measure similarity between
0 4 8 12 16 20 0 4 8 12 16 20 0 4 8 12 16 20 8 10 12 14 16 18 8 10 12 14 16 18 a 2 10 - . . . .
o Hour S * 2 s e distributions (right).
» Hourly dynamics (left) and Relative Standard Deviation (RSD) within the S e E P S T » Distances between original day D and the remaining days in dataset (dashed lines).
] ] ] g ---------------- L o e > AN / ~¥ L +_+/+_,+ -*\\ . . . / . .
week (nght) illustrate the temporal dynamics. 2107°%7 " £ 1055—fx—é\\:—————/—/?r‘—*~*~+~+ gyt AN £ > D'Stan?e_ between original da.y D a_nd synthetic daY_ D (S_OI'd line). |
D tors f " different d f hility th et ‘\f_ i » We verified that d(D, D’) is within the 95% confidence interval of the distances
» Parameters ror;.f?ame ;)urs on hl erin ays Zresen ess variability than N g S I d(D, E) for E € D (where I is the set of days in the dataset).
arameters on ditferent hours within the same day. O N S N PP A N SRS L A P : . . :
P y ‘f AHSASESSAERRNR ¥ SEEEEEEEEELEEE » T he synthetic traffic is consistent with the real trace.
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