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Minimal energyrouting with QoSguarantees

Focuson low data rate SNETs serving
time-critical applications(e.g., surveillance,
environmentalmonitoring).

A commonstrategyto preserveenergyis to have
SNET nodesshut down their radios(go to
\sleep" ).

Hence,SNETscan operate in an event-based
sensingmode.

This createschallengesfor (timely) routing data
to the gateway.

Trade-o�: Long hops(lots of energy) vs. short
hops(large delay).
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SystemModel

Continuoustime t .

N nodes,1 gateway (node N + 1): (V ; E).

s(k) d(k)
k

X t
k : channel state betweennodess(k) and d(k) at time t

Stochasticprocess,independentof all the other channels.
Two-state Markov process: 1 (\go od") and 0 (\bad").

Y t
i : state of node i at time t ; 1 (ON) or 0 (OFF)

Two-state Markov process.
Y t

N+1 = 1, for all t .

Energy consumption model for eachlink k 2 E
ck : power consumptionbefore connectionis established
(Watt).
gk : energyconsumptionafter connectionis established
(Joule).
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Commentson the SystemModel

Channelmodel.
Finite state Markov model for Rayleigh fading channels.
Gilbert-Elliot model.

Sleepingschedulemodel.
No time synchronization required.
Randomized transition betweenON and OFF (good for
security).

Few data at a low rate.
Data is generatedat a slow time scale.
Transmission,propagationand queueingdelays negligible.
Only causesof latency

Bad channelconditions.
Sleeping nodes.

5/17 Yannis Paschalidis, Boston University Sensor Network Routing: Model



Intro Model Performance Routing algorithms Conclusions

Objective

Let p the path from node 1 to the gateway.

Necessary and su�cient condition for successfuldeliveryon
link k at time t : channel is good (X t

k = 1) and downstream
node is ON (Y t

d(k) = 1).

Lk : (random) time neededfor node s(k) to successfully
delivera packet to d(k).

Total time for packet deliveryon path p:
P

k2 p Lk .

Energy consumption on path p: Tp =
P

k2 p(ck Lk + gk ):

Latency probabilit y P(Lp � d) for a constantd on path p.

Objective

Characterize E(Tp) and P(Lp � d), and optimize by selecting
routing strategies.
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PerformanceMetrics

Expected energy consumption

E(Tp) =
P

k2 p E(Tk )

(We can obtain a closed-form expression)

Latency probabilit y P(Lp � d) = P(
P

k2 p Lk � d)

Requiresconvolutionof latencieson all links in path p ...
Computationallyexpensive for long paths.
Signi�cant communicationoverhead.
We havedeveloped tight approximationsof P(Lp � d) with
much lower complexit y.
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Boundon latencyprobability P(Lp � d)

Latencyprobability is hard to computeexactly. Considerbounds
and approximations...

Cherno� bound: For any � � 0

P(Lp � d) � exp

0

@
X

k2 p

� k (� ) � � d

1

A ;

where� k (� ) is the logarithmic moment generating function of
Lk (it dependson the transition probability matricesof channel
and sleepingscheduleMarkov chains).
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LargeDeviations-type asymptoticfor P(Lp � d)

Let � k the maximumeigenvalueof Hk (a matrix that dependson
the transition probabilitiesof the Markov chains).

Theorem
For any p 2 P , we have

lim
d!1

1
d

logP(Lp � d) = max
k2 p

� k :

where� k is a quantity that characterizeslink k.

Interpretation: P(Lp � d) � edmaxk2 p � k , i.e., it decreases
exponentially w.r.t. d.

\ Bottleneck link".

Convenient to characterizeand update.
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Energyvs. delay trade-o�

Generally, E(Tp) and P(Lp � d) cannot be minimizedon the
samepath p 2 P .

A possibleformulation to capturethe trade-o�

minp2 P
P

k2 p E(Tk )
s.t. P(Lp � d) � �:

Resourceconstrainedshortest path problem. NP-hard.

Alternative objective: weightedsumof E(Tp) and (Cherno�
bound) exponent of P(Lp � d).

min
p2 P

�
E(Tp) + � min

� � 0
(� p(� ) � � d)

�

where� is a positiveconstant, � p(� ) =
P

k2 p � k (� ).

Nontrivial global optimization problem.
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Energyvs. delay trade-o� (cont.)

Exchangethe order of minimization

min
� � 0

�
� � � d + min

p2 P
(E(Tp) + � � p(� ))

�

The inner minimization is a shortest path problem.
Objectivefunction: continuous, piecewise convex w.r.t. � .
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Solutionapproaches

ApproachI: Convex polynomial underestimation approach
(centralized).
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SolutionApproaches(cont.)

ApproachII: Simulated annealing basedapproach.
Scoring function:

v(p) = E(Tp) + � min
� � 0

(� p(� ) � � d)

The secondterm is a surrogatefor � logP(Lp � d).
Large deviations-basedscoring function:

logP(Lp � d) � log(� � pE(Lp)) + d� p

v(p) = E(Tp) + � log(� � pE(Lp)) + � d� p

where� p , maxf � k j k 2 pg.
Arbitrarily choosean initial path.
Changethe path con�guration locally.
Accept/reject the new path according to the Metrop olis
criterion .
Distributed algorithm.
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Simulatedannealingalgorithm

(Simulatedannealingalgorithm)
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Optimizationoverduty cycles

Nodeshavepower consumptionqi (i = 1; : : : ; N) whenthey
are ON, but NOT transmitting any packets.

What is the fraction of time nodesshouldstay ON?

This addsa newdimensionto the problemoverwhich onecan
further optimize.

Solution approach: simulated annealing algorithm combined
with local minimization methods.
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Numericalresults:solutionquality comparison

Setting:
300 networks with randomtopologies.
Eachnetwork has50 nodesand 1 gateway.

fmin: benchmark optimal valueobtainedby exhaustivesearch.

Empirically, centralizedmethod always �nds the optimal
solution.
Simulatedannealingbasedalgorithm: objectivevaluef � .

f � � fmin
jfmin j 5% 10% 15% 20%

% of cases 87:0% 88:0% 92:7% 95:0%

Mean = 2:2%, Std = 8:8%.

Usingour large deviationsapproximation: 1 order of
magnitude faster with less communication overhead and
simpli�ed computation .
Further optimizing overduty cycles:In 92=100 instanceshad
improvement,on averageby 16:5%.
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Summary

Consideredthe expectedenergyconsumptionand the latency
probability in sensor networks in the presenceof varying
channel conditions and sleeping schedules.

Energyvs. latencytrade-o�.

Large deviations asymptotic for the latencyprobability.
Centralizedand distributed solutionapproaches:

There are signi�cant gainsfrom optimizing the duty cycleand
the sleepingschedule.
We considereda randomizedsleepingschedule(no time
synchronization,security advantages).
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