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Client-Side View Is Important Smartphone to the Rescue!

Without client feedback, AP can either: Smartphones are ideal for performing
Fail to detect hidden interference or Miss channel reuse opportunity . .
measurement for other nearby active devices.
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Device Traffic (MB) Experiment setup
UB CTT data from Sept 16, 2014 to Dec 03, 2014 | 3 PJace smartphones in a row with constant separation distance (0.3m).
2 Simultaneously collect packet traces from all smartphones by putting them
into monitor mode.

Off‘ Channel Measur ement OVBI‘ head 2 Analyze various similarity metrics between pairs of packet traces.
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2 Off-channel measurement interrupts active clients' transmission. : : ..
Each device provides a sample of all packets in air.

| Interesting trace distance metrics are: -

b © Do they see same subset of packets? Packet Jaccard Distance =1--- 77

. | . sta(T )ﬂsta(
> Do they see same set of stations?  Station Jaccard Distance=1-2re 57

abs (|| T /| =T
> 2 Packet Count Diff =
Do they see same number of packets? nax (17 LT

abs (bytes(T ,)—bytes (T )
max (bytes(T ,),bytes(T )

Time =
S "

t T-t Off-channel measurement Normal transmission

2> We measure the penalty of 802.11k's off-channel measurement by
pausing transmission for t ms in each T ms interval, and measure
application level performance with different T and t (in % of T).

2 In experiments, we use a clear channel, place device on top of AP and
fix device's transmission rate. Therefore, these results show the penalty Packet Jaccard Distance (PJD) Station Jaccard Distance (SJD) Packet Count Diff (PCD) Byte Count Diff (BCD)
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in best-case scenario (no interference, no unnecessary rate adaptation). §
e 8 Median ) 0o B Median ] 06 B Median 00 # Median
1.0 T T T T T | . ' 1.0 T T T . . 102 ¢ I . l T T T T T qé -:E ':E ZZ | é T g -
O ST TEIEHO A ol | BT SRR RS S Ichiol | BN | Il I R S N
0.8 | b [ 100ms P g L e & 1oms) [+ 1000m i :f 20'3 g
g 07 b BACE i g 7 b SUU SRS SRS S o 302 E
Soof o B ae e E 2ol
Eos| s R P Eesko ESSUUPETUUUUE HUOUN OOV [ ESSOOSTURPOE HOROS RS SR SOF g SUOS SOO | I =Y S — SR s 0
PR SR A A S -1 S S T D O - Y O T | Window Sz 9 Windo i o e adow size T, we randomly slice 100 pairs o tace sepments of length T.
;‘30.3_....5 ...... ...... SIS S s S T ;03_....4__..__5 ______ NN SRR g : osr 050 o501
0 b iG] [ A S
juor E R R e Bl hiahhg i . | T
%0 10 20 30 40 50 60 70 s 90 U0 10 20 30 4 50 0 70 80 9 0 10 20 30 40 50 60 70 8 9 k= 2 os| Q H Q ' Bosp . T ER : | - g0 :
Off-Channel Ratio (%) Off-Channel Ratio (%) Off-Channel Ratio (%) = o0l | H ﬂ | | Q 2 om0 EI] d H il Ii ﬂ 3% ' B . D Senl 7 |
10* ¢ _ = 2 sl | - - £ 015 L 2 0.15 T - | Z 0151 |
F ! ! ! ! ! ' e 200 | Q £ - . ! | N - — 0.10 1 0.10 |
[ : f : ; : : = s00ms | 'ﬁ oo - I | L L o 0o H I;I E| Q ﬁ Ol B E Ii] Q $ %I []
b 3 ' : : : : ; . |- 1000ms | Fe 005t 1 005 - - ¢ L L4 £ 0.00
O SerV atlons 103 L. SO S L S S = E 000 b— 1 0.00 b — L . " phrcal Distan IS(m) 18 21 °e Phy lDt (m) '
9 COlleCting measurements from active Clients E [ ' ; ] Conclusplidnris(m) Physical Distance (m) For eachphys1cal distance, we randomly slice 100 pairs of trace segments of length 20s.
is di ' P DR = S s S N , ,
5 iS dlsru.p tive. o ib - I A R N R 2 Although different devices may capture different subset of packets (PJD), the
[~ i . . . . . : . ] o .
I}Eef }Ilnlttﬂit transmission caused by bl " I/ AN W N O N A aggregate metrics (SJD, PCD and BCD) converge to small values quickly.
O“l'f dllE measulr ement Incurs unacceptable /2T Jitter | 2 Within short physical range (2.4m in our experiments), trace similarity is not
periormance penaity. O o 0 % a0 % w0 80 %0 correlated with physical distance.

Off-Channel Ratio (%)

> Smartphones can accuratellpredict channel conditions of nearby devices!
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