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Abstract—Scheduling in wireless networks is critical to max-
imize the network throughput by avoiding interference among
wireless links, and is usually formulated as solving the NP-
hard Maximum Weighted Independent Set (MWIS) problem
over a network con ict graph. Existing scheduling algorithms
are designed to provide approximations to global optimality via
distributed operations in wireless networks, but will frequently
reschedule the entire network in cases of network dynamics
regardless of the actual network area being affected by these
dynamics. Such repetitive rescheduling results in a large amount
of computation and communication overhead, most of which may
be, however, unnecessarily incurred over the wireless links that
remain unchanged. To reduce such overhead and improve the
scheduling cost-effectiveness, in this paper we develop distributed
algorithms that adaptively constrain network scheduling within
the limited scope where network dynamics occur. The scheduling
results from such limited operations are then combined with the
previous scheduling results over the remaining portions of the
network, hence still providing guaranteed network throughput.
The performance of our proposed algorithms has been validated
by formal analysis, and been veri ed by both numerical studies
and real-world experiments.

I. INTRODUCTION

In multi-hop wireless networks, a node may have multiple
wireless links connecting other nodes, but simultaneous data
transmissions over these links may fail due to interference.
Appropriate link scheduling, hence, is crucial to maximize
the wireless network throughput [18]. Especially in emerging
cognitive-radio networks [22] and next-generation cellular
networks [14] where heterogeneous types of wireless devices
share the channel, ef cient network scheduling algorithms are
indispensable to ef cient utilization of wireless spectrum.
A lot of research has been done on developing scheduling

algorithms that maximize the wireless network throughput, and
most existing algorithms formulate the scheduling problem
to nding the Maximum Weighted Independent Set (MWIS)
of a con ict graph, in which each vertex corresponds to a
wireless link and each edge connects two vertices (links) that
interfere with each other. The wireless links corresponding
to the vertices in the MWIS, then, can transmit data si-
multaneously and maximize the network throughput if their
weights represent the contribution of the corresponding links
on the network throughput. Since nding the MWIS in a
graph is generally a NP-hard problem, optimal algorithms
such as MaxWeight [21] incur large amounts of computational
overhead and only approximation methods are feasible in
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practical wireless networks [26], [24]. Thereafter, researchers
have been focusing on developing different types of distributed
scheduling algorithms [3], [11], [9], [17], [20], [16]. These al-
gorithms trade the global optimality of network throughput for
reduced scheduling overhead, and are practically deployable
in wireless networks via message exchange between wireless
devices that maintains the local information about link status.
All the existing network scheduling algorithms are designed

with respect to a xed network con ict graph, which may,
however, change in practical wireless networks due to network
dynamics. Such network dynamics may include i) heteroge-
neous levels of wireless channel fading that lead to frequent
changes of link data rates, and ii) uctuating application traf c
patterns that result in unstable packet queue lengths at wireless
devices. In these cases, the existing algorithms will reschedule
the entire network as long as the status of any wireless link
changes, no matter whether such dynamics actually impact
every link in the network. Particularly when the quality of the
wireless channel is degraded or unstable, such rescheduling
will be operated at a high frequency (e.g., once per second)
at the global network scope, resulting in large amounts of
computation and communication overhead.
Instead, by experimentally investigating wireless network

dynamics in different types of practical application scenarios,
we observe that these dynamics in wireless networks usually
affect only a small portion of the network at any speci c
moment, when the rest major portion of the network remains
stable and unaffected. Based on this observation, in this paper
we develop distributed algorithms that schedule wireless net-
works only within the limited scope where network dynamics
occur. Our proposed algorithms combine the scheduling results
from such limited operations with the previous scheduling
results over the remaining portions of the network, hence still
providing guaranteed network throughput with much lower
overhead. Our detailed contributions are as follows:

• To the best of our knowledge, we are the rst who
constrain wireless network scheduling to a limited scope,
dramatically reducing the scheduling overhead in practice
without noticeably impairing the network throughput.

• We conducted formal analysis that demonstrates the
correctness of our scheduling algorithms on avoiding
network interference, and also shows that our algorithms
provide a xed approximation ratio to optimality.

• We evaluated the performance and overhead of our
scheduling algorithms using both numerical studies with
large-scale con ict graphs and real-world experiments
over software-de ned radio platforms that take practical
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(a) Protocol interference model (b) Con ict graph model

Fig. 1: Illustration of system model. Note that the interference
ranges of different devices may be different.

wireless channel conditions into account.
The rest of this paper is organized as follows. Section II

reviews the related work. Section III provides a high-level
overview of our approach. Section IV presents the details of
scheduling algorithms and Section V formally analyzes these
algorithms. Section VI and Section VII evaluate our algorithms
via numerical studies and real-world experimentation, respec-
tively. Section VIII nally concludes the paper.

II. RELATED WORK

Research on wireless network scheduling began with the
development of backpressure routing protocols, which maxi-
mizes the throughput in a queuing network by appropriately
directing traf c through multiple network nodes and can be
considered as an extension of max-weight scheduling [4].
Although the MaxWeight routing algorithm [21] has been well
known to be throughput optimal by stabilizing the queues and
traf c rates in the network capacity region, it has a high com-
putational complexity. Instead, various approximation methods
have been proposed to guarantee a non-negligible fraction of
the optimal network throughput with lower overhead, by con-
verting the scheduling problem to nding the MWIS from the
network con ict graph and assuming ideal non-fading wire-
less channels [9]. The Greedy Maximal Scheduling (GMS)
algorithm reaches a provable fraction of the optimal through-
put with a linear complexity [1], and Maximal Scheduling
algorithm further reduces the complexity to O(LogN) [25].
Other algorithms [2], [8], [15] achieve the optimal network
throughput with linear or constant complexities, but lead to
poor delay performance. The complexity of wireless network
scheduling has also been studied from a theoretical aspect [18],
[26], which provides analytical insights to algorithm designs.
Early-stage scheduling algorithms require global informa-

tion about wireless network links and are hence not amenable
for distributed implementation in practical networks. Later
studies have been focusing on distributed scheduling algo-
rithms that require only local information about wireless links
at each wireless device, and have also taken the dynamic
characteristics of channel fading [12] and physical interference
[23] into account. Many algorithms adopt greedy heuristics
as the scheduling strategy and achieve a xed fraction of
the optimal throughput with fading channels [9], [17]. Other
algorithms employ various types of tools and techniques
such as graph theory [3], LP-relaxation [20] and message
passing [16] to further improve the approximation ratio based
on certain assumptions on the con ict graph topology, e.g.,

TABLE I: Notation Summary

Notation Explanation
G The network con ict graph
V The set of vertices in G
E The set of edges in G
C The collections of Independent Sets (ISs) of G
St The MWIS of G found by the scheduling algorithm at time t
wv,t The weight of vertex v in G at time t
Vt The Variation Set of G at time t
Ot The Operating Set of G at time t
Oi,t Ot when only vertex i on the con ict graph changes its weight
N(v) The set of neighbors of vertex v on the con ict graph
d(u, v) The length of the shortest path between vertices u and v
W (V ) The sum of vertex weights in the vertex set V

bipartite graphs. However, all these algorithms are designed for
a given and xed con ict graph. When the topology or vertex
weights of the con ict graph change, the algorithm has to be
re-operated over the entire network. In contrast, our proposed
algorithms can provide provable network throughput by only
scheduling the network within a limited scope.

III. OVERVIEW

In this section, we present the high-level overview of our
scheduling approach, with respect to the notations in Table I.

A. System Model

We consider a generic scenario of a multi-hop wireless
network, where wireless devices connect with each other via
direct links, and these links share a single wireless channel.
Concurrent data transmissions over different links, hence, may
con ict and fail due to wireless interference. Without loss
of generality, we adopt the protocol interference model [23],
which is also known as the uni ed disk graph model in a multi-
hop wireless network, to depict such interference relationship
between wireless links. This model differentiates a wireless
device’s interference range, which relates to multiple aspects
of the channel’s physical characteristics [19], from the device’s
communication range that is mainly determined by the channel
signal-to-noise-ratio (SNR). Hence, it extends the traditional
model based on the signal to interference and noise ratio
(SINR) [5] and incorporates the interference characteristics of
heterogeneous networks such as CDMA and 802.11.
Based on this model, the transmission between two devices

a and b only succeeds if i) the two devices are within
the communication range of each other and connected by a
wireless link, and ii) b is outside the interference range of
any other transmitter at the moment. Otherwise, wireless links
between b and all other transmitters within the interference
range of b are considered to con ict with each other. For
example in Figure 1(a), link 1 will con ict with link 2 if they
transmit data simultaneously, because b is in the interference
range of c. Note that links 1 and 3 are also con icting because
b cannot send and receive data at the same time.
This model results in a con ict graph G = (V,E) that

depicts the interference relationship among wireless links for
a given network topology. In the con ict graph, each wireless
link is mapped onto a vertex v ∈ V , and the weight associated
with each vertex is usually de ned as the product of the link’s
data rate and packet queue length [9]. Two wireless links that
interfere with each other, then, are connected in the con ict
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Fig. 2: Average number of control message exchanges for executing
the DistGreedy algorithm [9] once

graph by an edge in E. For example, Figure 1(b) shows the
con ict graph for the wireless network topology in Figure 1(a).
The above system model allows us to formulate the wireless

network scheduling problem as nding the MWIS of G, which
indicates the set of links that can transmit data simultaneously
while maximizing the network throughput1. More speci cally,
by dividing time into equal slots and letting C be the collection
of all the feasible independent sets (ISs)2 of G at time i, the
scheduling problem is formulated as nding St, such that

St = arg
S∈C

max
∑

j∈S wj,t.

where wj,t is the vertex weight of node j at slot t.

B. Motivation

In practice, due to various types of dynamics in a wireless
network, the vertex weights on the con ict graph may dynam-
ically change over time. To maximize the network throughput
in these cases, existing network scheduling algorithms opt to
reschedule the entire network as soon as the weight of any
vertex has changed. However, such frequent rescheduling over
the global network scope will incur a large amount of com-
munication and computation overhead, especially when the
network size increases and the network scheduling algorithm
is operated in a fully distributed manner. For example, Figure
2 shows that when the size of con ict graph grows from
10 to 60, the amount of control messages being exchanged
among mobile nodes by running the DistGreedy scheduling
algorithm [9] dramatically increases by more than 10 times.
Considering that the changes of wireless link states may be
highly frequent in practice, the scalability of these existing
scheduling algorithms is seriously limited.
Instead, our proposed scheduling approach is motivated by

the observation that wireless network dynamics, which lead to
uctuations in both link data rates and packet queue lengths
at wireless devices, usually occur over only a small portion
of these devices in the network at any moment. First, the
fading characteristics of wireless channels are highly location-
dependent, and it is hence unlikely for multiple wireless

1The network throughput is represented by the weights of vertices in the
MWIS of the con ict graph.
2An independent set (IS) of a graph is a set of graph vertices, among which

no two are adjacent.
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Fig. 3: Preliminary experiment results: Data rate variations of
multiple wireless links in practical wireless networks

devices at different locations to experience the same level
of channel fading and have their link data rates changed
simultaneously. To verify this observation, we conducted a
preliminary experiment by connecting 10 mobile devices (4
laptops, 4 smartphones and 2 tablets) to a wireless Access
Point (AP) in different indoor scenarios and observing the
data rate variations of their wireless links to the AP over 100
minutes3. The experiment results in Figure 3 show that even in
a small of ce room with strong channel fading and multi-path
effects, the amount of wireless devices that have simultaneous-
ly changed their link data rates will not exceed 20% in most
cases. Second, the packet queue length of a wireless device is
mainly determined by the network traf c pattern generated
from user applications. Since the behavior and application
executions of each mobile user are independent from others,
the packet queue lengths at multiple devices are also unlikely
to change simultaneously.
As described in Section III-A, the vertex weights in the

con ict graph are jointly determined by the data rate and
packet queue lengths at wireless devices. Hence, the two
observations above highlight that at any time slot, it is only
necessary to reschedule a limited portion of the network,
where the link characteristics and the corresponding vertex
weights on the con ict graph actually change. Furthermore,
many existing wireless network scheduling algorithms, such
as Q-CSMA [15], adopt log functions during the scheduling
process, leading to a limited amount of vertex weight changes
on the con ict graph. As a result, although the network still
needs to be frequently rescheduled, such rescheduling with
limited operations incurs negligible overhead at each time.

3The Minstrel algorithm [13] is used to adapt the data rate of each wireless
link to the up-to-date link condition.
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Fig. 4: Wireless scheduling with limited operations

C. The Big Picture

Motivated by the above observations, our approach only
reschedules the limited portion of the network where network
dynamics occur at each time slot. The scheduling result from
such limited operations is then combined with the scheduling
results over the remaining components of the network at
previous time slots, and improves the cost-effectiveness of
network scheduling by reusing these previous results.
The big picture of our approach is illustrated by an example

in Figure 4, which shows a con ict graph with four vertices.
At time slot t, the MWIS of the con ict graph is {1, 4}. Then,
when the weight of vertex 1 decreases at time slot t+1, instead
of rescheduling over the entire con ict graph, we only re- nd
the MWIS in a limited subgraph that contains vertex 1 and its
1-hop neighbor (vertex 2). In Figure 4, if w2,t+1 > w1,t+1, the
MWIS of this subgraph will contain only vertex 2 and hence
the new scheduling result at time slot t+ 1 will be {2, 4}.
The major dif culty of such network scheduling, however,

is two-fold. First, the scheduling algorithm has to ensure that
the scheduling result of the limited operations, when combined
with the previous scheduling results over the remaining part
of the network, is still an Independent Set (IS) of the con ict
graph and does not cause any interference when being applied
for wireless data transmissions. Essentially, this characteristic
implies that the union of two ISs still produces an IS, and we
will develop distributed algorithms in Section IV to address
the possible con ict between the two ISs when they are
being combined. Second, the combined IS of the con ict
graph should still provide high throughput over the entire
wireless network. Intuitively, the larger portion of the network
is rescheduled, the closer the scheduling result approximates
to optimality. We will formally investigate the performance
approximation ratio provided by our scheduling algorithm in
Section V, and then explore the tradeoff between throughput
optimality and scheduling overhead via both numerical studies
and real-world experiments in Sections VI and VII.

IV. SCHEDULING ALGORITHM

In this section, we present our algorithms of nding the
MWIS of the con ict graph with limited operations, when
multiple vertices of the graph change their weights due to
network dynamics. We de ne the set of vertices whose weights
change at time slot t as the Variation Set Vt, and the set of
vertices we operate at t as the Operating Set Ot.
Generally speaking, compared with traditional scheduling

approaches that nd the MWIS of the complete con ict graph,

our approach reduces the network rescheduling overhead by
nding the MWIS within the k-hop neighborhood of Vt.
Hence, Ot could intuitively be the union of the k-hop neigh-
borhoods of all vertices in Vt. However, we exploit two
exceptions to further reduce the size of Ot: 1) some vertices in
Vt may not need to be included in Ot; and 2) some vertices in
the k-hop neighborhood of v ∈ Vt may not need to be included
in Ot. Afterwards, we adopt existing MWIS algorithms to
nd the MWIS over Ot and combine it with the previous
scheduling result. Without loss of generality, in the rest of
this section we call St produced by our scheduling algorithm
as the MWIS of the corresponding vertex set at t, although it
may not be the optimal solution at the global scope. In Section
V, we will further analyze the performance of our scheduling
algorithm in terms of its approximation ratio to optimality.

A. Necessity of Rescheduling

To ef ciently decide the minimum Operating Set, we rst
provide analytical insights on whether a vertex in the Variation
Set needs to be involved for rescheduling. We consider a
generic scenario, where the MWIS (St−1) of the con ict graph
G at the previous time slot t − 1 has been known and the
weights of multiple vertices in G change at time slot t. For
any two vertices u and v, we denote the set of their neighbors
at N(u) and N(v), respectively, and the length of the shortest
path between them as d(u, v). For any vertex set V , we denote
W (V ) =

∑
v∈V wv as the sum of vertex weights within V .

We rst analyze the Variation Set that only contains one
vertex, i.e., Vt = {v}, and we have the following lemmas.
Lemma 1. When Vt = {v}, if vertex v satis es i) wv,t >
wv,t−1 and ii) v ∈ St−1, then we have St = St−1.

Proof: Lemma 1 can be proved by nding a contradiction.
Suppose that St �= St−1, then there are two cases for vertex
v and we discuss them separately.
1) v ∈ St: Since St−1 �= St, we have St−1\{v} �= St \{v}.

Because St is the MWIS of G at slot t, we have

wv,t +W (St \ {v}) > wv,t +W (St−1 \ {v}).
Therefore, we have

wv,t−1 +W (St \ {v}) > wv,t−1 +W (St−1 \ {v}),
which indicates that {v} ∪ {St \ {v}} is the MWIS of G at
slot t−1. This fact, however, contradicts with that St−1 is the
MWIS of G at slot t− 1, where St−1 = {v} ∪ {St−1 \ {v}}.
2) v /∈ St: In this case, St ⊂ V \ {v}. therefore,

W (St) > wv,t +W (St−1 \ {v}) > wv,t−1 +W (St−1 \ {v})
= W (St−1),

which indicates that St is also the MWIS of G at time slot
t − 1. This fact, however, contradicts with that St−1 is the
MWIS at slot t− 1 and St �= St−1.
This lemma is then proved by combining the conclusions

of the two cases above.

Similarly, we have the following lemma:

Lemma 2. When Vt = {v}, if vertex v satis es i) wv,t <
wv,t−1 and ii) v /∈ St−1, then we have St = St−1.
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Proof: Lemma 2 could be proved by nding a contradic-
tion following the same way as Lemma 1 is proved.

Based on Lemma 1 and Lemma 2, we have the following
theorem for any Vt with arbitrary sizes:

Theorem 1. For any v ∈ Vt, v /∈ Ot if any of the two
conditions is satis ed: i) wv,t > wv,t−1 and v ∈ St−1 or
ii) wv,t < wv,t−1 and v /∈ St−1.

Proof: For Vt = {v1, v2, ..., vn}, Theorem 1 can be
proved by recursively applying Lemma 1 and Lemma 2 to
vi and Vt \ {vi}.
Theorem 1 highlights that some vertices in the Variation

Set do not need to be involved into the Operating Set, no
matter how their weights are changed at the current time slot.
These vertices, hence, are also excluded from the network
rescheduling process to reduce the rescheduling overhead.
Without loss of generality, in the rest of this paper we use a
binary variable Iv,t ∈ {0, 1} to denote whether vertex v should
be included in the Operating Set (i.e., whether St = St−1).
The value of Iv,t is then determined according to Theorem 1.

Algorithm 1: OperatingSet(v, k)

1 Ot ← Ot ∪ {v}
2 for each v∗ ∈ V \ {v} do
3 if d(v∗, v) ≤ k then
4 Ot ← Ot ∪ {v∗}
5 end
6 for each v′ ∈ N(v∗) do
7 if v′ ∈ St−1 then
8 Ot ← Ot \ {v′}
9 end
10 end
11 end

B. Determination of the Operating Set

For every vertex v ∈ Vt that is included in the Operating
Set Ot, it is straightforward to also include all of its k-
hop neighbors into Ot. However, in this section we will
analytically investigate whether we can further reduce the size
of Ot by excluding some of the neighbors of v from Ot.
Our basic insight of reducing the size of Ot is that the

scheduling result within Ot, when being combined with the
previous scheduling results over the remaining components of
the network (i.e., St−1 \ {St−1 ∩Ot}, should still be an IS of
the con ict graph G. Therefore, for any v ∈ Ot, we should
ensure that N(v) ∩ St−1 = ∅ and hence avoid any con ict
between the new and previous scheduling results.
Based on this insight, the algorithm of determining the

Operating Set, with respect to a speci c vertex v ∈ Vt and
the scope of rescheduling (controlled by k), is described in
Algorithm 1. The algorithm rst adds all the k-hop neighbors
of v into Ot. Afterwards, the Operating Set is further pruned
according to St−1. Such process of determining the Operating
Set can be illustrated by the example in Figure 5, where the
con ict graph contains 8 vertices and St−1 = {2, 5, 8}. At

St¡1 Ot

Fig. 5: An example of determining the Operating Set

time slot t, the weights of vertex 1 and 7 increase and hence
we have Vt = {1, 7}. Denote Oi,t as the Ot when only vertex
i changes its weight. Then, by executing Algorithm 1 with
k = 1, we have O1,t = {1, 2, 6} \ {6} = {1, 2}, where vertex
1 changes its weight and vertex 2 and 6 are its neighbors.
According to Algorithm 1, vertex 6 is pruned from Ot because
it is a neighbor of vertex 5 which is in St−1. Otherwise, if
vertex 6 is involved in Ot and selected into St, it will con ict
with vertex 5 so that St will not be an IS of G. Similarly, we
have O7,t = {6, 7, 8} \ {6} = {7, 8}. Finally, we determine
the Operating Set Ot as O1,t ∪O7,t = {1, 2, 7, 8}.
C. Scheduling Algorithm

Built on Algorithm 1, our proposed scheduling algorithm
with limited operations is shown in Algorithm 2. This algo-
rithm returns the MWIS of the con ict graph G at time slot
t by only nding the MWIS within the Operating Set Ot,
and we utilize the analytical results derived from the previous
sections to minimize the size of Ot. More speci cally, for
each vertex v in the Variation Set Vt, we rst determine
whether it needs to be involved in the scheduling process
based on Theorem 1, and then generate the Operating Set using
Algorithm 1. Afterwards, the MWIS of Ot, named Sin,t, is
obtained by running existing MWIS algorithms over Ot. St is
then constructed by combining Sin,t with St−1.
In practice, our scheduling algorithm can be operated in

a fully distributed manner over mobile nodes in the wireless
network. First, a mobile node can easily decide the value of
Iv,t for each of its wireless links based on its local knowledge
about these links and St−1 in the previous time slot. Second,
for each wireless link being rescheduled, a mobile node can
ef ciently execute Algorithm 1 by exchanging information
about other wireless links within its k-hop neighborhood.
Third, there has been a large body of distributed MWIS
algorithms that can provide optimized network throughput
with controllable communication overhead [9], [17], [20].
Finally, the correctness of our proposed network scheduling

approach is proved by the following theorem.

Theorem 2. The vertex set St obtained by Algorithm 2 is an
IS of the con ict graph G at time slot t.

Proof: We prove this theorem by nding a contradiction.
Since St is the union of two ISs Sin,t and Sout,t, if St is
not an IS, then there exists a vertex m ∈ Sin,t and vertex
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Algorithm 2: Scheduling Algorithm

1 for each v ∈ Vt do
2 if Iv,t = 1 then
3 OperatingSet(v, k)
4 end
5 end
6 Sin,t ← MWIS(Ot)
7 Sout,t ← St−1 \ {St−1 ∩ Ot}
8 St ← Sin,t ∪ Sout,t

n ∈ Sout,t such that m and n are neighbors on G. Since
Sin,t ⊂ Ot, we have m ∈ Ot. This indicates that there exists
a vertex m ∈ Ot, such that m has at least one neighbor in
St−1, which contracts with the determination process of the
Operating Set being described in Algorithm 1. Therefore, St

is an IS of G at time slot t.

V. PERFORMANCE ANALYSIS

In this section, we conduct formal analysis on the per-
formance of our proposed network scheduling approach, and
show that our scheduling algorithm described in Section IV
provides a 1

2 -approximation to the optimal solution at the
global network scale with any possible network topology and
scope of rescheduling. Without loss of generality, we denote
St as the IS being produced by our scheduling algorithm
and S∗

t as the actual MWIS of G at t. Then, we denote
S∗
in,t = S∗

t ∩ Oin,t and S∗
out,t = S∗

t \ S∗
in,t. Note that,

although Sin,t produced by existing MWIS algorithm is the
actual MWIS of Ot at time t, St may not be the IS of G
with the maximum weight at time t, when it is produced by
combining Sin,t and Sout,t.
We start our analysis with the following theorem.

Theorem 3. If a vertex v in G increases its weight at time t,
i.e., wv,t > wv,t−1, we have

W (St)/W (S∗
t ) ≥

1

2
(1)

if v /∈ St−1.

Proof: As W (St)
W (S∗

t )
=

W (Sin,t)+W (Sout,t)
W (S∗

in,t)+W (S∗
out,t)

, we prove this
theorem in two steps.
First, since Sin,t is obtained by running existing distributed

MWIS algorithm within the Operating Set Ot, we have
W (Sin,t) ≥ W (S∗

in,t). Hence, W (Sin,t) + W (Sout,t) ≥
W (S∗

in,t).
Second, we prove that W (Sin,t) +W (Sout,t) ≥ W (S∗

out,t)
by nding a contradiction. SinceW (Sin,t) ≥ W (St−1∩Oin,t)
and Sout,t = St−1 \ {St−1 ∩ Oin,t}, we have
W (St) ≥ W (St−1 ∩ Oin,t) +W (St−1 \ {St−1 ∩ Oin,t})

= W (St−1).

Now, if W (St) = W (Sin,t) + W (Sout,t) < W (S∗
out,t),

thenW (St−1) < W (S∗
out,t), this contradicts with the fact that

St−1 is the MWIS of the con ict graph at slot t− 1. Hence,
W (Sin,t) +W (Sout,t) ≥ W (S∗

out,t).

Therefore, by combining the results of the above two steps,
we have

W (St)

W (S∗
t )

≥ W (Sin,t) +W (Sout,t)

2(W (Sin,t) +W (Sout,t))
=

1

2
.

Similarly, we also proved that when some vertices in Vt

decrease their weights at t, the same approximation ratio holds.

Lemma 3. For a vertex v in G which decreases its weight at
time t, i.e., wv,t < wv,t−1, if v ∈ St−1 and v /∈ St, we have
v /∈ S∗

t .

Proof: Lemma 3 can be proved by nding a contradiction.
If v ∈ S∗

t , since v is the only vertex that changes its weight at
time t, we have S∗

t = St−1. Otherwise, there must be a vertex
set S∗ such that S∗

t = {v} ∪ S∗ and wv,t−1 + W (S∗) >
W (St−1), which contradicts with that St−1 is the MWIS of
G at slot t.
If S∗

t = St−1, we have S∗
out,t = Sout,t−1 = Sout,t because

the previous scheduling result Sout,t−1 outside of Ot is reused
to produce St. Also, since S∗

t is the actual MWIS of G at slot
t, we have W (S∗

t ) ≥ W (St) which indicates that

W (S∗
in,t) +W (S∗

out,t) > W (Sin,t) +W (Sout,t),

we haveW (S∗
in,t) > W (Sin,t). However, this contradicts with

the fact that Sin,t is the MWIS of the Operating Set Ot. Hence
we prove that v /∈ S∗

t .

Based on Lemma 3, we immediately get the following
lemma:

Lemma 4. For a vertex v in G which decreases its weight at
time t, i.e., wv,t < wv,t−1, if v ∈ St−1 and v /∈ St, then we
have W (St) > W (S∗

out,t).

Proof: From Lemma 3, we have that v /∈ S∗
t . We prove

W (St) > W (S∗
out,t) by nding a contradiction.

We rst prove thatW (St−1) ≤ wv,t−1+W (St). Since Sin,t

is the MWIS of Ot and v /∈ St, we have

W (Sin,t) ≥ W (Sin,t−1)− wv,t−1. (2)

Meanwhile, since Sout,t = Sout,t−1, we have

W (Sin,t) +Sout,t ≥ W (Sin,t−1) +W (Sout,t)−wv,t−1. (3)

Therefore, we derive that W (St−1) ≤ wv,t−1 + W (St) by
combining Eq. (2) and Eq. (2).
Then, if W (St) < W (S∗

out,t), we have

W (St−1) ≤ wv,t−1 +W (St)

< wv,t−1 +W (S∗
out,t)

(4)

which contradicts with that St−1 is the MWIS of G at time
t− 1. Therefore, the lemma is proved.

By combining the results of Lemma 3 and Lemma 4, we
have the following theorem:

Theorem 4. When a vertex v in G decreases its weight at
time t, i.e., wv,t < wv,t−1, if v ∈ St−1 and v /∈ St, Eq. (1)
still holds.

Proof: First, as Sin,t is the MWIS of Ot, W (Sin,t) ≥
W (S∗

in,t). Hence,W (Sin,t)+W (Sout,t) ≥ W (S∗
in,t). Second,

from Lemma 3 and Lemma 4, we haveW (St) = W (Sin,t)+
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(c) Number of edges = 40

Fig. 6: Average sum of weights in the MWIS over different values of the scheduling parameter k

W (Sout,t) > W (S∗
out,t). Therefore, by combining the results

of the above two steps, we have
W (St)

W (S∗
t )

≥ W (Sin,t) +W (Sout,t)

2(W (Sin,t) +W (Sout,t))
=

1

2
.

Note that Theorem 3 and Theorem 4 cover all the possible
cases in which network rescheduling is needed. Otherwise, if
v ∈ St−1 and increases its weight at time t, it is trivial to
see that v ∈ St without running the scheduling algorithm.
Similarly, v does not need to be rescheduled if it decreases
its weight at time t and does not belong to St−1, because in
this case v cannot be in St either. These two theorems can
also be recursively applied to every individual vertex in Vt

that changes its weight at time t, and hence hold for arbitrary
dynamics of wireless networks.
From these two theorems, we can see that our scheduling

algorithm, although only being operated over a limited scope
of the network, is able to provide guaranteed network through-
put. Compared with existing distributed scheduling algorithms
(e.g., DistGreedy [9]) which usually provide an approximation
ratio of 1/Δ with Δ denoting the maximum con ict degree
of G, our algorithm provides a tighter performance bound
in most cases. In practice, we can further approximate to
optimal throughput by increasing the scope of rescheduling
(controlled by the parameter k). We will further investigate
such tradeoff between network throughput and scheduling
overhead via numerical experiments in Section VI.

VI. NUMERICAL STUDY

In this section, we evaluate the performance of our schedul-
ing algorithms by conducting simulations over different con-
ict graphs with large sizes. We measure the performance of
the scheduling algorithm using 1) the average sum of weights
in the MWIS and 2) communication overhead between nodes
on the con ict graph.

A. Simulation Setup

In each experiment, a con ict graph with 30 nodes and a
certain number of edges (M ) is randomly generated, and we
control the graph connectivity by varying the value of M . We
consider the topology of con ict graph as stationary and node
weights are valued within the set {6, 9, 12, 24, 36, 48, 54}. At
each time slot, a number of nodes change their weights by

randomly picking up another value from the set. In our exper-
iments, each simulation result is obtained from an average of
50 simulation runs, each of which lasts for 50 time slots.
We use DistGreedy [9], which is operated over the entire

network at each time slot, as the baseline algorithm for
comparison. Similar to our algorithm, DistGreedy can be
implemented in a distributed fashion and requires only local
information, such as link rates of neighboring links. It also
has a time complexity of O(logL) that grows slowly with the
network size. We also use this algorithm to nd the MWIS
within the Operating Set at each time slot. Then, we compare
the performance of our scheduling algorithm with DistGreedy
under the following experiment settings.

• Different values of the scheduling parameter k. As
described in Section IV, the parameter k de nes the scope
of rescheduling. The default value is set to be 4.

• Different numbers of graph edges. A large number of
edges shows more interference among wireless links. The
default number of edges is set to be 30.

• Different sizes of the Variation Set. At each time slot,
we change the weights of a speci c set of nodes. The
size of this Variation Set measures the level of network
dynamics. The default size of the Variation Set is to 5.

B. The Effect of Rescheduling Scope

We rst evaluate the performance of our scheduling algo-
rithms with different values of the scheduling parameter k.
We vary the number of edges in the con ict graph between
20 and 40 while keeping the size of the Variation Set to be 5.
The sum of weights in the MWIS produced by our algorithms
is normalized to that of DistGreedy, and the communication
overhead is measured by the number of control messages
exchanged between mobile nodes.
The effect of k on the average sum of weights in the MWIS

is shown in Figure 6, which shows that the performance of
our approach can achieve at least 92% of that of DistGreedy
even when k = 1. Comparatively when k = 4, our approach
produces the same level of performance with DistGreedy.
When the value of k increases, the performance of our
approach improves because a higher value of k leads to a
larger Operating Set and a larger scope of rescheduling. In
particular, such improvement is also related to the number of
edges in the con ict graph. When the number of edges is
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(c) Number of edges = 40

Fig. 7: Average communication overhead over different values of the scheduling parameter k

small and indicates less interference among wireless links, the
performance of our approach approximates closer to that of
DistGreedy in all cases.
The effect of k on the average communication overhead is

shown in Figure 7, which shows that our approach can reduce
the communication overhead by up to 75% when k = 1 and
up to 50% when k = 4. Figure 7 also shows that the overhead
reduction drops when the value of k increases. The major
reason is that a larger value of k incurs a larger Operating
Set, in which more control messages will be exchanged
between nodes. Furthermore, the overhead of our approach
also increases when the number of edges in the con ict graph
increases, because the additional network interference requires
the scheduling algorithm to generate more control messages
for information exchange. Also when the number of edges
increases, the same value of k leads to a larger Operating Set
and involve more nodes into the rescheduling process.
By combining Figure 6 and Figure 7, we can see that our

scheduling algorithm enables exible tradeoff between the
performance and overhead of wireless network scheduling.
A larger value of the scheduling parameter k helps improve
the sum of weights in the MWIS which directly decides the
network throughput, but also incurs a larger number of control
messages and increased communication overhead. Therefore,
our approach allows the network operator to exibly adjust
the scheduling strategy according to different scenarios and
application requirements. In most cases, our approach is able
to signi cantly reduce the scheduling overhead at the cost of
a small amount of performance degradation.
Generally speaking, since the variation of throughput degra-

dation of our approach is much smaller than that of com-
munication overhead increases as k increases, the scheduling
ef ciency, denoted as the ratio of the overall network through-
put to the communication overhead, can be viewed as being
inversely proportional to the communication overhead, which
degrades as k increases. It is noted that the selection of k is
determined by the speci c application scenarios. For example,
single-hop (k = 1) network model is well suited to vehicular
safety communication in highway [7].

C. The Effect of the Size of Variation Set

In this section, we evaluate the performance of our approach
over different sizes of the Variation Set. The number of edges
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Fig. 8: The effect of the size of Variation Set

in the con ict graph is xed to be 30, and the value of k is set
to be 4. The effect of the size of Variation Set on the average
sum of weights in MWIS is shown in Figure 8(a), which shows
that the size of Variation Set has only little impact on the
performance of our approach, no matter what the value of k
is. In particular, the performance degradation due to scheduling
with limited operations is only noticeable when k = 1.
The effect of the size of Variation Set on communication

overhead is shown in Figure 8(b), which shows that the com-
munication overhead of our approach increases with a larger
size of Variation Set and rescheduling scope. For example,
when the size of Variation Set is 5, our approach can reduce
75% of the overhead for k = 1, but can only reduce the
overhead by 50% if the size of Variation Set grows to 15.
However, even when k = 4 and the size of Variation Set of
15, the overhead of our approach is still noticeably lower than
that of DistGreedy.

VII. REAL-WORLD EXPERIMENTATION

In this section, we further implement our scheduling algo-
rithms over software-de ned radio (SDR) platforms and eval-
uate our approach over realistic wireless network scenarios.

A. System Implementation over USRP

We implemented our scheduling algorithms over USRP
N210 SDR boards and UBX40 RF daughterboards with the
GNURadio toolkit, which realizes an IEEE802.11a WiFi PHY
transceiver over the 5.87 GHz frequency band. In addition, we
incorporate a complete MAC layer design [6] to implement
MAC-layer functionalities such as acknowledgments and car-
rier sensing. The major challenge of our implementation is
that the RF signals harvested by the USRP hardware frontend
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(a) Chain topology (b) Square topology

Fig. 9: Two network topologies for experimentation

have to be sent to and processed at the host PC, resulting in
long transmission latency and dif culty of meeting the DCF
timing requirements. To address this challenge, we follow the
same method in [6] and use a scaling factor β(= 5000) to
emulate the WiFi MAC behaviors.
In order to emulate the realistic behaviors of off-the-shelf

wireless devices in practical application scenarios, we incor-
porate two mainstream rate adaptation algorithms, namely
Minstrel [13] and Adaptive Auto Rate Fallback (AARF) [10],
into our implementation. Minstrel is a popular WiFi rate
adaptation approach that is widely used in commodity WiFi
transceivers and has been integrated into the Linux OS kernel.
AARF, on the other hand, aims to minimize the packet delivery
failure by adaptively adjusting the criteria for adopting higher
data rates. In this way, we allow USRP devices to adaptively
adjust their link data rates according to the channel conditions,
and hence incorporate the practical impact of wireless channel
uctuations on the data rates of wireless links into account.

B. Experiment Setup

Based on the above implementation, we conduct our ex-
periments with 4 USRP boards which construct two types
of wireless network topologies. As shown in Figure 9, these
topologies are implemented in separate indoor scenarios with
strong channel fading effects. Each network is placed in an
of ce space with a rough size of 5m×5m, and each adjacent
pair of USRP boards are placed roughly 4 meters away
from each other. We construct these topologies by blocking
unwanted wireless links between USRP boards. In order to
ef ciently realize such blocking, we adaptively adjust the Tx
gain of each USRP board, and also utilize indoor obstacles
such as walls, metal objects and furniture. Our testing results
show that a node can only overhear a small portion (less than
2%) of packets sent from its unwanted neighbors.
In our experiments, we compare the scheduling performance

and overhead of our algorithms with DistGreedy [9]. During
each experiment that lasts 40 minutes, all the USRP senders
keep transmitting WiFi packets of 100 bytes to the corre-
sponding receiver. The network queuing, then, is automatically
handled by the MAC layer at USRP. The scheduling perfor-
mance is represented by the network throughput measured

as the number of data frames being successfully received at
USRP receivers. The scheduling overhead is measured as the
number of broadcast frames, which contain the wireless link
information being used for scheduling, sent by USRP senders.
We implement the DistGreedy algorithm to be periodically

running at all the 4 nodes in the network, and it enables
each sender to periodically broadcast its link information to
its neighbors. Upon receiving these broadcast frames, each
node will then adjust its backoff window by comparing its
link data rate with that of its neighbors, and a USRP sender
broadcasts one frame for scheduling as soon as it has sent ten
data frames out. For fair comparison, we adopt the same rule
for setting up the backoff window in our scheduling algorithm.
Since there are only 4 nodes in the network, we set k = 1 for
our scheduling algorithm, which means that when the status
of one wireless link changes, only itself and its neighbor links
are involved for rescheduling.

C. Experiment Results

We conduct our experiments with different network topolo-
gies and rate adaptation approaches, and the experiment results
are shown in Figures 10 to 13. In all the experiments, the net-
work throughput provided by our algorithms approximates to
that of DistGreedy, and the degradation of network throughput
is less than 10%. Comparatively, by constraining the scope of
network scheduling, our algorithms reduces the communica-
tion overhead by more than 50% at all USRP senders.
From these results, we conclude that our scheduling algo-

rithms can provide guaranteed network throughput with low
overhead in different network topologies. When the network
topology changes and a node has been connected by a different
number of wireless links, we only observe negligible differ-
ence in both network throughput and scheduling overhead.
On the other hand, the rate adaptation approach being

used in the wireless network has a non-negligible impact on
the network throughput and scheduling overhead. Generally
speaking, the Minstrel algorithm results in more frequent data
rate changes over wireless links in order to keep its statistical
table of packet deliveries up to date. Therefore, it leads to
slight reduction of network throughput (around 10%) and a
noticeable amount of additional broadcast messages produced
for rescheduling. Such increase of scheduling overhead also
reduces the percentage of overhead reduction achieved by our
approach from 50% to 30%.

VIII. CONCLUSION

Scheduling in wireless networks is crucial to avoid in-
terference among wireless links and maximize the network
throughput. However, existing wireless network scheduling
algorithms are frequently executed over the entire network
in cases of network dynamics such as channel fading and
traf c pattern uctuations, resulting in a large amount of com-
putation and communication overhead. Instead, in this paper
we observe that these network dynamics usually affect only a
small portion of the network, and further develop distributed
algorithms that schedule wireless networks only within the
limited scope where network dynamics occur. Both formal
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Fig. 10: Network scheduling with chain topology and AARF rate
adaptation
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(b) Communication overhead

Fig. 11: Network scheduling with chain topology and Minstrel rate
adaptation
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Fig. 12: Network scheduling with square topology and AARF rate
adaptation
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Fig. 13: Network scheduling with square topology and Minstrel rate
adaptation

analysis and experimental studies show that our approach is
able to signi cantly reduce the scheduling overhead without
impairing the network throughput. Our future work includes
expanding the experimentation by involving a larger number
of wireless nodes and more types of network topologies.
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