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Abstract—A Markov Decision Process (MDP) framework is
presented for modeling the lifetime of Multi-hop Wireless Sensor
Networks (WSNs). The model applies to both non-cooperative
and cooperative (CT) networks. To our knowledge, this is the
first work to model the lifetime of multi-hop networks that jointly
considers the dynamics of MAC layer link admission, routing
layer queuing and energy evolution. We propose a new algorithm
that exploits the Stochastic Shortest Path (SSP) structure and
Mixed Integer Linear Programming (MILP) to efficiently solve
the problem. Numerical results on the optimal lifetime of non-CT
and CT networks are presented to validate the model.

I. INTRODUCTION

Wireless Sensor Networks (WSNs) usually consist of a

large number of low cost, low capability and battery-powered

sensors (nodes). Typical event reporting and monitoring ap-

plications present multi-hop transmission scenarios in which

nodes forward local measures through multiple Single-Input-

Single-Output (SISO) hops to the remote central processors

(Sinks). Therefore, it is highly desirable that the networks

can sustain long before some nodes become energy-exhausted.

An unresolved challenge is to derive the optimal lifetime for

a general multi-hop wireless sensor network under general

routing layer and MAC layer constraints, which can serve

as a benchmark for evaluating performance of practical and

heuristic routing and MAC protocols1. In this study, we present

a Markov Decision Process (MDP) framework for modeling

the lifetime of multi-hop WSNs. To our knowledge, this is the

first work to model the optimal multi-hop WSN lifetime by

jointly considering MAC layer link admission, routing queuing

and energy evolution.

The lifetime is usually defined as the number of packets

delivered upon the first node death or a portion of nodes’

death. Therefore, it is limited by the energy holes resulted from

bottleneck nodes that are near the Sinks, because these nodes

consume energies faster than others [1]. Though many existing

protocols aim at minimizing energy consumption, they do not

solve the energy hole problem. Cooperative transmission (CT)

range extension has been recently shown to correct the energy

imbalance and extend the lifetime [2] through cooperative

routing forwarding, assuming perfect link scheduling. Our

*Mary Ann Weitnauer was formerly Mary Ann Ingram. The authors
gratefully acknowledge support for this research from the National Science
Foundation under grant CNS-1017984.

1This paper does not present a new protocol, but rather a method for
calculating the optimal lifetime.

previous works also addressed the multi-flow contention in CT

network through scheduling MAC protocols [3] [4]. However,

the performance gap between these heuristic protocols and the

optimal lifetime under constraints remains unresolved.

Theoretical work to derive the optimal lifetime for non-CT

networks includes the linear programming (LP) approach [5],

which was recently extended to analyze CT networks [6] by

considering all possible virtual Multiple-Input-Single-Output

(VMISO, a.k.a. CT) links along with SISO links. The LP

formulation requires traffic balance conditions and thus ignores

packet losses and retransmissions. Further, the LP formulation

cannot capture link scheduling with MAC layer constraints,

i.e., the LP formulation and the proposed routing protocols in

[5] [6] assume link transmissions are perfectly scheduled so

that there are no link failures from collisions.

To capture the dynamics of energy evolution, the Markov

Decision Process (MDP) has been used to formulate the single-
hop network lifetime in [7]. It is shown that the MDP is

equivalent to a Stochastic Shortest Path problem. The authors

consider sensor scheduling in a scenario where only a fraction

of sensors collect information and communicate directly with

the Sink that is one-hop away. The model in [7] is somehow

incomplete, because it does not consider MAC constraints

and does not apply to multi-hop WSNs where the sensed

information needs to be forwarded through multiple hops to

the Sink(s); also, it only applies to non-CT networks. Thus,

the applications of the analytical approach in [7] are limited.

Our contributions in this paper include a unified Markov

Decision Process (MDP) framework to model the lifetime

of multi-hop WSNs. This framework applies to both non-

cooperative and cooperative networks. Departing significantly

from analysis for single-hop networks, the MDP in this paper

is complete in the sense that we jointly consider the MAC con-

straints, the packet transfers between queues, and the energy

evolution. A new algorithm is proposed to solve the lifetime,

which exploits the Stochastic Shortest Path (SSP) structure of

the problem and Mixed Integer Linear Programming (MILP).

The rest of this paper is structured as follows. Section II

describes the system model and the assumptions. In Section

III, We formulate the multi-hop WSN lifetime as a Markov

Decision Process problem. Section IV describes our proposed

solution algorithm. Section V provides numerical results for

non-CT networks and CT networks. The concluding remarks

are given in Section VI.
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Figure 1: (a) A network example. Node 2 can form a VMISO

link to the Sink by cooperating with (i) H(2) = {Node 3}
or (ii) H(2) = {Node 3, Node 4}; (b) An illustration of

interference model. Node v is the receiver of Node u. Node

u’s hidden nodes in the gray area will interfere v’s reception.

II. PROBLEM STATEMENT

A. System Model and Assumptions

1) Network Model: We consider a general multi-hop WSN

whose topology can be modeled as a directed graph G =
(V,E), where V is the set of nodes. V = {1, · · · , N}. The

Sink’s ID is 0. Let V ∗ denote {0, 1, · · · , N}. Each Node i
(except the Sink) has a set of cooperator groups:

H(i) = {H(i)} , i ∈ V. (1)

where H(i) is a candidate cooperator group (as in Fig.1(a)),

and E = Eso ∪Evo denotes the set of links whose end nodes

are within transmission range. Specifically, Eso includes the

links formed by SISO transmission, and Evo includes the long-

haul links formed by VMISO transmission.

Eso = {(i, j,∅) : i, j ∈ V } , (2)

Evo = {(i, 0,H(i)) : i ∈ V,H(i) ∈ H(i)} . (3)

A SISO link (i, j,∅) exists if Transmitter i and Re-

ceiver j are within direct transmission range. A VMISO link

(i, 0,H(i)) means that Sink 0 can be reached by the source

node i with its cooperators H(i). For a link l ∈ E, we denote

s(l) as the source of the link and d(l) as the destination of

the link.

2) Interference Model: The interference range (IF) of a link

l ∈ E is denoted as R(l). Note that link (i, j, ·) interferes

with link (u, v, ·) if either the distance dist(i, v) ≤ R(i, j, ·)
or i = v, similar to [8] . For instance, in Fig. 1(b), the Node u
and any node in the gray area can start transmission at the same

time because they are out of carrier sensing (CS) range of (i.e.,

hidden from) each other. Also, located in Node v’s interference

(IF) range, the hidden node’s transmission interferes Node v’s

reception. This phenomenon directly results from the CSMA

mechanism of the MAC layer and the relationship between the

three ranges (TX, IF, CS) [9]2.

3) MAC Assumptions: Pertaining to the CSMA of MAC,

we make the following assumptions, similar to [10]:

(a.1) A node cannot receive and transmit at the same time.

(a.2) A node can transmit if none of its neighbors (in CS

range) is transmitting.

2The CTS in CSMA/CA cannot eliminate hidden terminals, because RTS
packets can still collide [9].
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Figure 2: A timeline illustration of the decision process model

for the network.

Table I: Parameters of the MDP model

Ψ(L) Collision-free links in the transmission set L
Eso, Evo non-CT and CT links in transmission set L
βl Probability that link l finishes transmission
α(i) Exogenous arrival rate of Node i (destined to the Sink 0)
qmax, emax The buffer size, battery capacity of nodes
etx, erx Energy consumption in SISO (source and destination)

eCT
init, e

CT
co Energy consumption in VMISO (source and cooperators)

eth Threshold of residual energy in lifetime definition

(a.3) Link errors result only from collisions due to hidden

terminals.3

(a.4) Nodes receive with perfect capture, i.e., a packet will

be successfully decoded if the receiver and all its neighbors

are not transmitting at the start of packet.

We consider a mini-time-slotted system where slots are

normalized to integral units t ∈ {1, 2, 3, · · · }. By time slot t,
we mean the time duration in between [t, t + 1]. Let αd(i)
represent the exogenous packet arrival rate to Node i of

commodity d (destined to Sink d), which is assumed i.i.d. over

time slots.

B. Energy Model and Lifetime Definition

Let e = (e1, · · · , eN ) denote the network energy profile

at the transmission epoch (which is also the decision epoch).

Note that the residual energy of the Node i, ei, is a random

variable conditioned on previous states and decision rules.

A node is said to become dead when its energy drops to a

predefined threshold eth. The definitions of network lifetime

depend on the applications. In this paper, we define the lifetime

as the number of packets successfully delivered to the Sink

when the first node dies.

III. MARKOV DECISION PROCESS FORMULATION

Consider a multi-hop WSN consisting of N sensor nodes

each with an initial energy emax. We model the state evolution

of the network by an MDP, a controlled Markovian dy-

namic system. The control model is expressed by the 4-tuple:

{S,A(S), q (s′ | s, a) , g(s, a)} (state space, action space, tran-

sition kernel, rewards) [11]. A timeline illustration of the MDP

process is given in Fig.2.

1) Traffic Model: i). We assume that the packet duration of a

link l is exponentially distributed with the expectation T l
mean.

This assumption is used by several other authors [10] [12];

3Our model can be extended to also consider link errors due to channel
fading.
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though inaccurate, it is necessary to make the MDP problem

tractable. Due to the memoryless property of the exponential

distribution, given that a packet is being transmitted at the

beginning of a time slot, it completes within the slot of length

Δt with probability βl(Δt) = 1 − e−Δt/T l
mean , regardless of

the number of time slots it has already been transmitted. The

slot duration Δt is small enough so that we can assume at

most one link can finish transmission during a specific time

slot [t, t + Δt], ∀t, i.e., the probability that more than one

link finishes transmission is o(Δt). ii). It is also assumed that

during one slot, at most one node can self-generate a packet.

The probability that only Node i has a new self-generated

packet is thus α(i)
∏

j∈V,j �=i (1− α(j)), where α(i) is the

probability that Node i has a new packet, which is determined

by the application. Under uniform exogenous traffic, we have

α(1 − α)N−1, ∀i ∈ V . The probability that more than one

nodes self-generate packets tends to o(Δt).
2) Network State Space: The evolution of network states

can be modeled by an embedded Markov chain {S(t), t ≥ 0}.
We define the network state at the beginning of time slot

t as S(t) � (L(t),q(t), e(t)). The state comprises three

component processes:

2.1) The transmission set L(t) = Lso(t) ∪ Lvo(t) of links

that are active (in transmission) at time t. Denote the space

as S = {L(t)}. Lso(t) and Lvo(t) denote the SISO links and

the VMISO links, respectively. This component includes the

collisions in the MAC layer. We denote the links that are free

of collision as Ψ(L) ⊂ L(t). Ψ(L) is deterministic given L(t).
Given a graph G = (V,E), a matching M(G) in G is a

set of non-adjacent edges (i.e., no two edges share a common

vertex). Therefore, L(t) ∈ {M(G)}, ∀t ≥ 0. In addition, for

any two links l1, l2 ∈ L(t), the source nodes of the two links

(s(l1), s(l2)) are out of carrier sensing (CS) range of each

other, due to CSMA. Therefore, the state space of L(t) is

determined by the graph G and the carrier sensing matrix H =
[hij ]i,j∈V of the network, where the element hi,j = 1 if and

only if (iff ) Node i and Node j are within CS range of each

other. Finding all the matchings in a graph is NP-complete,

but despite its hardness many algorithms for finding them have

been studied [13].

2.2) The queue length (vector) q(t) ∈ {0, 1, · · · , qmax}N
of each node, where qmax is the buffer size. q(t) monitors

the congestion in the network. The queue backlog contains

the packets that arrived both exogenously from the sensing

application and endogenously from other nodes.

2.3) The residual energy (vector) e(t) of each node. e(t)
determines when the network reaches a termination state (i.e.,

first node death).

We will show that each component process evolves as a

controlled Markov process, and therefore the resulting system

state evolution is a controlled Markov process.

3) Action Space: In the beginning of each time slot, t, new

link(s) (a(t)) may join the remaining transmission set L(t),
which comprises those links that did not complete transmission

during Slot t− 1. Note that L(t) ⊂ L(t− 1)∪a(t− 1). Again

because Δt is small we assume at most one link can join L(t).

Note that link l can join L(t) iff its source has a non-empty

queue and L(t) ∪ {l} is also a transmission set. Thus, the

candidate links are denoted as

A(S(t)) = {
l ∈ E : qs(l)(t) > 0, l /∈ L(t),L(t) ∪ {l} ⊂ S

}
(4)

A(S(t)) represents the action space at time t when the

system state is S(t). Note that the null set ∅ ∈ A(S(t)),
and therefore the action (link) can be either a “CT” link, a

“non-CT” link or null (no new transmission).

4) Controlled Markovian Dynamics:

4.1) Transmission set dynamics: Let a(t) ∈ A(S(t))
denote the link selected for joining the transmission set.

Let P
{
zl(t) | L(t), a(t)} denote the probability that only

link l ∈ L(t) ∪ a(t) finishes transmission during Slot

t. Let P {z∅(t) | L(t), a(t)} denote the probability that no

link finishes transmission during Slot t. The time index

is dropped when there is no ambiguity. For abbrevia-

tion, we denote the transition kernel as P {L′ | L, a} :=
P {L (t+ 1) | L (t) , a (t)}. Let ΔL � L ∪ {a} \ L′, then we

have:

P {L′ | L, a} =

⎧⎪⎨
⎪⎩

P
{
zl | L, a} if ΔL = l,

P
{
z∅ | L, a} if ΔL = ∅,

0 otherwise.

(5)

where,

P
{
zl | L, a} = βl

∏
k∈L∪{a}

k �=l

(
1− βk

)
, ∀l ∈ L ∪ {a} . (6)

P
{
z∅ | L, a} =

⎧⎪⎨
⎪⎩

∏
l∈L∪{a}

(
1− βl

)
if L ∪ {a} �= ∅,

1 if L ∪ {a} = ∅.
(7)

4.2) Queue length dynamics: The queue length distribution

reflects the loads across the network and directly relates to

the first node death. The queue length evolves according to

the traffic balance equation in vector form:

q′(t) � q(t+ 1) = q(t) +RM(t)v(t) + f(t), (8)

where M(t) is a |E| × |E| diagonal matrix, whose diagonal

element Mi(t) = 1 if the link i’s transmission is completed
and successful4, and Mi(t) = 0 otherwise (links are numbered

to be indexable). Note that under our assumption, at most

one diagonal element can be 1, thus
∑

i∈E Mi(t) ≤ 1. The

transmission schedule vector v is determined by the system

state at time slot t, satisfying vi = 1, ∀i ∈ L(t) ∪ a(t) and

vi = 0 otherwise. Matrix R is the N × |E| routing matrix.

The element of R in its ith row and lth column is

ril =

⎧⎪⎨
⎪⎩

1 if d(l) = i and Node i is not the sink,

−1 if s(l) = i,

0 otherwise.

(9)

4A finished transmission is not necessarily successfully decoded by the
receiver, because of collision due to hidden terminals; in case of failure, the
packet remains in the queue of the transmitter.
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f(t) is a vector with with its ith element fi(t) being the number

of exogenous packets arriving at Node i during Slot t. Under

the assumption that at most one node self-generates a packet,

it follows
∑N

i=1 fi(t) ≤ 1. Let Ii represent a vector with its

ith element being 1 and other elements being 0, 1 ≤ i ≤ N ,

and let I0 be the zero vector. The probability that only Node

i or no node (i = 0) self-generates a packet is given by:

P {Ii} =

⎧⎪⎪⎨
⎪⎪⎩

α(i)
∏

j∈V,j �=i

(1− α(j)) if i ∈ V ,

∏
j∈V

(1− α (j)) if i = 0.
(10)

Case 1 (c1): q′ = q. This can happen for two reasons:

(c1:1) no link transmission affects the queue state and no

new exogenous arrival affects the queues; and (c1:2) some

link (i, 0, ·) destined to the Sink successfully transmits and

the source self-generates a new packet.

Pc1:1 =

(
1 {ΔL = ∅}+ 1

{
ΔL ∈ Ψ(L ∪ a)

}
+ 1

{
ΔL ∈ Ψ(L ∪ a) , qd(ΔL) = qmax

})

·
⎛
⎝P {I0}+

∑
qk=qmax,k∈V

p {Ik}
⎞
⎠ (11)

Pc1:2 = 1 {ΔL ∈ Ψ(L ∪ a) , s (ΔL) = i, d (ΔL) = 0}
· P {Ii} , (12)

where, 1(·) is an indicator function.

Case 2 (c2): q′ = q + Ij , j ∈ V . This case includes two

possibilities: (c2:1) some SISO link (·, j,∅)that is directed to

Node j successfully transmits and the source self-generates a

new packet; and (c2:2) no link transmission affects the queue

state and there is a new exogenous packet arrival to Node j.

Pc2:1 (j) = 1 {ΔL ∈ Ψ(L ∪ a) , d (ΔL) = j}P {
Is(ΔL)

}
.

(13)

Pc2:2 (j) =

(
1 {ΔL = ∅}+ 1

{
ΔL ∈ Ψ(L ∪ a)

}
+ 1

{
ΔL ∈ Ψ(L ∪ a) , qd(ΔL) = qmax

})
· P {Ij} . (14)

Case 3 (c3): q′ = q− Ii, i ∈ V . This happens because some

link (i, 0, ·) destined to the Sink successfully transmits and no

new exogenous arrival affects the queues.

Pc3 (i) = 1 {ΔL ∈ Ψ(L ∪ a) ,ΔL = (i, 0, ·)}

·
⎛
⎝P {I0}+

∑
q′k=qmax,k∈V

P {Ik}
⎞
⎠ . (15)

Case 4 (c4): q′ = q−Ii+Ij , i, j ∈ V, i �= j. This case includes

two possibilities: (c4:1) Some SISO link (i, j,∅) successfully

transmits and no change of queue due to new exogenous

arrival; and (c4:2) link (i, 0, ·) successfully transmits and Node

j self-generates a new packet.

Pc4:1 (i, j) = 1 {ΔL ∈ Ψ(L ∪ a) ,ΔL = (i, j,∅)}

·
⎛
⎝P {I0}+

∑
q′k=qmax,k∈V

P {Ik}
⎞
⎠ . (16)

Pc4:2 (i, j) = 1 {ΔL ∈ Ψ(L ∪ a) ,ΔL = (i, 0, ·)}P {Ij} .
(17)

Case 5 (c5): q′ = q − Ii + 2Ij , i, j ∈ V, i �= j. This occurs

because the SISO link (i, j,∅) successfully transmits and

Node j self-generates a new packet.

Pc5 (i, j) = 1 {ΔL ∈ Ψ(L ∪ a) ,ΔL = (i, j,∅)}·P {Ij} .
(18)

Case 6 (c6): q′ = q− Ii+ Ij + Ik, i, j, k ∈ V, i �= j �= k. This

occurs because the SISO link (i, j,∅) successfully transmits

and a different Node k self-generates a new packet.

Pc6 (i, j, k) = 1 {ΔL ∈ Ψ(L ∪ a) ,ΔL = (i, j,∅)}P {Ik}
+ 1 {ΔL ∈ Ψ(L ∪ a) ,ΔL = (i, k,∅)}P {Ij} . (19)

Therefore, the transition kernel of q(t) is expressed as Eq.(20).

4.3) Energy evolution dynamics: The process e(t) is dictated

by transmission energy and receiving energy consumption

incurred during a finished link transmission, regardless of

success or failure. In the CT case, the cooperators consume

additional energy in receiving the broadcast packet initiated

by the source and in conducting CT. The transition kernel of

e(t) is given in Eq.(21).

Given the transition kernel of the component processes, the

whole system’s transition is derived in Eq.(22)-(24).

5) Expected Total Rewards: During a time Slot, the system

obtains a reward g(s, a) = 1 if a packet was delivered to the

Sink, and g(s, a) = 0 otherwise. Then, for s ∈ S \ St (St are

termination states), we have:

g(s, a) � E[r] (25)

=
∑

l∈Ψ(L∪a)
d(l)=0

P
{
zl | L, a}1 {Ψ(L ∪ a) �= ∅} . (26)

And for s ∈ St, g(s, a) = 0. The expected total rewards of

the process starting from an initial state s, under the policy π
is denoted by

J π(s) =
∞∑
t=1

g (s (t) , a (t)) . (27)

6) MDP formulation. A transmission policy is a series of

decision rules π = [a(1), a(2), · · · ], where a(t) : S(t) →
A (S(t)). The maximum lifetime J ∗(s) is given by:

J ∗(s) = max
π
J π(s). (28)

The optimal lifetime J ∗(s) is the unique solution of the

Bellman’s optimality equation [11]:

J (s) = max
a

{
g (s, a) +

∑
s′

P {s′ | s, a} J (s′)

}
. (29)
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A policy π∗ is optimal if it achieves the maximum expected

lifetime for all starting state, i.e.,

J π∗(s) = J ∗(s), ∀s ∈ S \ St. (30)

IV. COMPUTATIONAL METHOD

Consider that the total energies are non-increasing, we group

the states according to the sum energy (in decreasing order),

and solve the stages backwards. The transmission sets are

computed using the Bron-Kerbosch algorithm [13], which is

widely used and referred to as one of the fastest. In each stage,

the computation of the energy and queue state spaces is similar

to the Bin-Ball problem5. For instance, the number of ways

to allocate n1 units of energies into n2 nodes with minimum

energy requirement of θ = eth + 1 (in S \ St), is given by:

n2∑
l=0

(−1)l
(
n2

l

)(
n2 + n1 − n2θ − l(emax + 1− θ)− 1

n2 − 1

)
.

(31)

For an integer m (stage), the set of states Sm is defined as:

Sm =

{
(L, e,q) |

∑
i∈V

ei = m

}
, m = Nθ, · · · , Nemax.

(32)

5The Bin-Ball problem refers to enumerating the ways of allocating n1

balls into n2 bins. In our problem, the “bins” are the nodes, the “balls” are
the total energies or queued packets.

For each Sm and s ∈ Sm, we have

J ∗(s) = max
a∈A(s)

{
g (s, a) +

∑
s′

P {s′ | s, a}J ∗ (s′)

}
(33)

= max
a∈A(s)

⎧⎨
⎩g (s, a) +

∑
s′∈SNθ∪···∪Sm−1

P {s′ | s, a}J ∗ (s′)

+
∑

s′∈Sm

P {s′ | s, a}J ∗ (s′)

}
, s ∈ Sm. (34)

Therefore, we formulate a Mixed Integer Linear Programming

(MILP) problem (Subproblem-1):

Minimize
∑
s∈Sm

J (s) (35)

S.t. J (s)−
∑

s′∈Sm

P (s′ | s, a)J (s′) ≥ b(s, a) (36)

J (s) ∈ Z+, s ∈ Sm. (37)

where, b(s, a) are obtained from previously computed stages:

b(s, a) = g (s, a) +
∑

s′∈SNθ∪···∪Sm−1

P {s′ | s, a}J ∗ (s′) .

(38)

The computational method is summarized in Alg.1.

V. NUMERICAL RESULTS

We present some numerical results on the optimal lifetime

of the funnel topology network as in Fig. 1(a). Besides the

computational limitation inherent to MDP, the motivations for

choosing a small network are as follows. First, the observation

from our previous work [3] shows that under duty-cycling, a

P {q′ | L′,L,q, a} =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Pc1:1 + Pc1:2 if q′ = q,

Pc2:1 (j) + Pc2:2 (j) if q′ = q+ Ij , j ∈ V ,

Pc3 (i) if q′ = q− Ii, i ∈ V ,

Pc4:1 (i, j) + Pc4:2 (i, j) if q′ = q− Ii + Ij , i, j ∈ V ,

Pc5 (i, j) if q′ = q− Ii + 2Ij , i, j ∈ V, i �= j,

Pc6 (i, j, k) if q′ = q− Ii + Ij + Ik, i, j, k ∈ V, i �= j �= k,

0 otherwise.

(20)

P {e′ | L′,L, e, a} =

⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

1 {e′ = e− Iietx − Ijerx} if ΔL = (i, j,∅) ∈ (L ∪ a)so, j ∈ V ∗,

1

⎧⎨
⎩e′ = e− Iie

CT
init −

∑
k∈H(i)

Ike
CT
co

⎫⎬
⎭ if ΔL = (i, 0,H(i)) ∈ (L ∪ a)vo, i ∈ V ,

1 {e′ = e} if ΔL = ∅,

0 otherwise.

(21)

P {L′,q′, e′ | L,q, e, a} = P {q′ | L′, e′,L,q, e, a}P {L′, e′ | L,q, e, a} (22)

= P {q′ | L′, e′,L,q, e, a}P {e′ | L′,L,q, e, a}P {L′ | L,q, e, a} (23)

= P {q′ | L′,L,q, a}P {e′ | L′,L, e, a}P {L′ | L, a} (24)
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Algorithm 1: SSP-MILP Algorithm

1 input:
2 Nθ = Minimum Sum energy in states S \ St;
3 Nemax = Maximum Sum energy in states S \ St;
4 J (s) = 0,∀s ∈ St;
5 output: J (s), ∀s ∈ S \ St;
6 begin
7 Find transmission link set using Bron-Kerbosch alg. ;
8 m← Nθ;
9 while m ≤ Nemax do

10 Solve Bin-ball problem to obtain Sm.
11 Solve MILP for Subproblem-1 to obtain J (s), s ∈ Sm.
12 m← m+ 1.
13 end
14 end

large network is typically reduced into isolated sections of

small networks in the time domain, to reduce interference and

collisions, i.e., only a small portion of a network is awake

during a period of time. Second, the topology captures the

essence of the energy hole problem.

Fig.3 depicts the optimal lifetime for non-CT and CT

networks. We observe the lifetimes are linearly increasing with

the battery capacity. We also observe that the performance

of CT network is significantly higher than that of the non-

CT network. For example, with battery capacity of 10 units,

the lifetime improvement factor of CT network is 1.89 with

1 cooperator. The lifetime with larger battery capacities is

obtained from linear regression in Fig.4. The lifetime growth

rate w.r.t. battery capacity is 1.0 for non-CT, 1.6 for CT with

2 cooperators, and 2.1 for CT with 1 cooperator.

Fig.5 shows the computed lifetime for different packet

arrival rates (PARs). The PAR6 is normalized with the packet

length, i.e., the number of new exogenous packets per node

during a packet duration. The PARs where the curves start

to become flat represent the PAR thresholds, beyond which

the numerical results are accurate. Fig.5 demonstrates that our

model is accurate for a very large range of arrival rates.

VI. CONCLUSIONS

We present and validate a novel MDP framework to model

the lifetime of multihop wireless sensor networks, for both

non-CT and CT networks. The MDP jointly considers MAC

layer link constraints, packet transfers in routing layer, and

energy evolution dynamics. A new algorithm that exploits the

Stochastic Shortest Path structure and the Mixed Integer Linear

Programming is proposed to efficiently solve the problem.
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