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Abstract—In this paper, we study the Minimum Latency
Aggregation Scheduling problem in two interference models,
the collision-interference-free graph model and the physical
interference model known as Signal-to-Interference-Noise-Ratio
(SINR), with power control. The main issue is to compute
schedules with the minimum number of timeslots such that data
can be aggregated without any collision or interference. While
existing works studied the problem under the uniform power
model or the unlimited power model, we investigate the problem
assuming a more realistic non-uniform power assignment where
the maximum power level is bounded. We propose a constant
factor approximation algorithm with O(R+ χ) timeslots, where
R is the network radius and χ is the link length diversity.
Under a reasonable assumption about the link length diversity,
the number of timeslots is bounded by O(R + log n) which
gives a constant approximation ratio since the lower bound is
max{R, log n}, where n is the number of nodes.

Along with the problem of constructing minimum latency
data aggregation schedules, we also study two other related
optimization problems, namely the Scheduling and Weighted One-
Shot Scheduling problems with power control in the SINR model,
and provide constant approximation algorithms.

I. INTRODUCTION

The Minimum Latency Aggregation Scheduling problem has

been the focus of many researchers as data aggregation is

one of the crucial applications in Wireless Sensor Networks

(WSNs). Given a set of nodes on the plane, the problem is

to assign appropriate timeslots to the nodes to obtain a good

(short) schedule by which data can be aggregated without

any collision or interference. As data aggregation may occur

periodically, reducing the latency of the schedule, that is,

constructing schedules with the minimum number of timeslots,

has been a fundamental issue.

Along with the problem of constructing minimum latency

data aggregation schedules, two other optimization problems,

namely Scheduling and Weighted One-Shot Scheduling, have

also been widely studied by several researchers focusing on

measuring the network performance with the objective of

minimizing delay or maximizing capacity. Given a set of

requests, i.e., communication links, the Scheduling problem is

to minimize the number of timeslots (also called frequencies)

needed to schedule the set of requests, and in contrast, the

Weighted One-Shot Scheduling problem is to maximize the

total weights of links that can be scheduled in a single timeslot.

As WSNs are commonly modeled as graphs in the lit-

erature, researchers have adopted two interference models:

the graph model and the physical interference model. In the

graph model, the Minimum Latency Aggregation Scheduling

problem has been investigated by many researchers over

the last several years. In the collision-free graph model, [1]

showed its NP-hardness for the grid topologies, and derived

a ∆-approximation algorithm. [2] and [3] proposed constant

factor approximation algorithms whose latency is bounded by

23R+∆−18 and 24D+6∆+16, respectively, where R is the

network radius, D the network diameter and ∆ the maximum

node degree. Subsequently, [4] introduced a better constant

factor approximation algorithm whose latency is bounded by

16R + ∆ − 14, and [5] proposed three algorithms whose

latency is bounded by 15R+∆− 4, 2R+O(logR)+∆, and
(

1 +O( logR
3
√
R
)
)

R+∆, respectively. While only collision was

considered in these papers, some researchers have studied the

problem taking into consideration interference as well. This

is done in the collision-interference-free graph model. [5] and

[6] proposed constant factor approximation algorithms whose

latency is bounded by O(R+∆), and in [6], the authors also

proved an Ω(logn) approximation lower bound in the metric

model, where n is the number of nodes. The Scheduling and

Weighted One-shot Scheduling problems in the graph model

also have been investigated by several other researchers in

[7]–[13].

Although the graph model has been used in many studies, it

has a serious limitation since cumulative interference caused

by all the other concurrently transmitting nodes is ignored.

[14] experimentally demonstrated that real world phenomena

cannot be captured adequately under the graph model. Thus,

researchers have started investigating these problems under the

more realistic physical interference model (SINR) since its

introduction in [15].

The first investigation of the Minimum Latency Aggregation

Scheduling problem in the SINR model has been done by

[16] where a constant factor approximation algorithm was

introduced whose latency is bounded by O(R + ∆). Later

[17] showed not only an Ω(log n) approximation lower bound

in the metric SINR model, but also its NP-hardness in the

geometric SINR model. [18] proposed a distributed algorithm

that yields O(χ) timeslots, where χ is the the link length diver-

sity, and a centralized algorithm whose latency is O(log3 n)
which was improved by [19] to O(log n) latency. Note that
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[16] assumed the uniform power model and [18], [19] assumed

the unlimited power model.

The early studies of the Scheduling and Weighted One-Shot

Scheduling problems in the SINR model have been started

assuming no power control, i.e., a uniform power assignment

is typically used and selecting power levels is not part of the

problems. [20] proved the NP-hardness, and proposed two

O(χ)-approximation algorithms for both problems. As the

algorithms in [20] ignored background noise, [21] extended

it by taking into consideration background noise for the

Scheduling problem. Recently, [22] introduced a O(log n)-
approximation algorithm. Later, several researchers started to

focus on the combined problems of Scheduling and Weighted

One-Shot Scheduling with power control, i.e., determining the

right power levels to be assigned to senders is also part of the

problems. [23] proved the NP-hardness of both problems. For

the Scheduling problem with power control, [24] proposed an

O(log2 ℓ · log2 Γ · log2 n)-approximation algorithm, where ℓ
is the ratio between the length of the longest and the shortest

links in a set L of requests, and Γ is the ratio of the maximum

and minimum power levels assigned to nodes. [25] introduced

a nearly optimal O(log n+log log ℓ)-approximation algorithm

for uni-directional links. Recently, [26] introduced a O(γ ln δ)-
approximation algorithm, where γ is the power diversity and

δ is the largest size of a subset of links in L which can

be scheduled in the same timeslot. For the Weighted One-

Shot Scheduling problem with power control, [27] proposed a

O(log dmax)-approximation algorithm.

In this paper, we continue the study of the Minimum

Latency Aggregation Scheduling problem with power control

in the collision-interference-free graph model and extend it to

the geometric SINR model. While existing works studied the

problem with a uniform power assignment or allowing unlim-

ited power levels, we study the problem with a more realistic

non-uniform power assignment where the maximum power

level is bounded. We propose a constant factor approximation

algorithm whose latency is bounded by O(R+χ) where χ is

the link length diversity. Under a reasonable assumption on the

link length diversity, the latency of our algorithm is bounded

by O(R+log n) yielding a constant approximation ratio since

the lower bound is max{R, logn}. (Note that existing approx-

imation algorithms do not give any exact constant performance

ratios.) To the best of our knowledge, the latency bound of

O(R + logn) has not been obtained before in the literature

in both the collision-interference-free and SINR models. We

also study the Scheduling, and Weighted One-Shot Scheduling

problems with power control in the geometric SINR model.

Based on the algorithms in [20], we propose constant factor

approximation algorithms for these problems.

This paper is organized as follows. In Section II, we describe

our network models and introduce the definitions used in this

paper. Section III proposes a constant factor approximation

algorithm for the Minimum Latency Aggregation Scheduling

problem in both the collision-interference-free graph model

and the geometric SINR model. In Section IV, we intro-

duce our approximation algorithms for the Scheduling, and

Weighted One-Shot Scheduling problems. Section V contains

some concluding remarks.

II. PRELIMINARIES

In this paper, we model a wireless sensor network as

(V, d, pmax), where V is the set of n sensor nodes deployed

in the Euclidean plane, d : V × V −→ R+ represents the

Euclidean distance between sensors in V and pmax is the

maximum power a sensor can use to transmit data.

Considering a communication link l between a sender s and

a receiver r, denoted as l(s, r), and letting X be the set of

all other concurrently transmitting links, we define its SINR
value as follows.

SINR(s, r) =
p(s)d(s, r)−α

N +
∑

(u,v)∈X p(u)d(u, r)−α

This definition is based on the physical interference model

in [15], where N > 0 is the ambient noise and 2 ≤ α ≤ 6
is the path loss exponent. The receiver r successfully receives

data from the sender s if and only if SINR(s, r) exceeds a

given threshold β ≥ 1.

A schedule is a sequence of timeslots, at each of which

several nodes uti are scheduled to send their aggregated data to

one of their neighbors, vti , using a power level pti not exceed-

ing pmax. Formally, at each timeslot t, we have an assignment

vector πt = ((ut1 , vt1 , pt1), (ut2 , vt2 , pt2), ..., (utw , vtw , ptw)).
A schedule, as a sequence of assignment vectors, is denoted

as Π = (π1, π2, ...πτ ), where τ is called its latency.

We now formally state the three optimization problems:

1) Aggregation Scheduling Problem: We are to design a

minimum latency schedule such that data from all nodes in

V are aggregated to a given sink s. In this problem, we use

the connectivity assumption of [28] where it is assumed that

the network is still connected even if we only consider links

l satisfying |l| ≤ α

√

pmax

ηNβ
, for some given constant η > 1.

2) Scheduling Problem: Given a set L of links (requests)

li, we are to design a schedule executing all these requests

with a minimum latency.

3) Weighted One-shot Scheduling Problem: Given a set L
of links li with weight w(li), we are to design an assignment

vector π, satisfying the SINR requirement such that the

weight w(π) =
∑

l∈π l is maximized.

For these two link-scheduling problems, we also assume

that there exists a constant η > 1, such that |l| ≤ α

√

pmax

ηNβ
for

all l ∈ L.

III. AGGREGATION SCHEDULING PROBLEM

In this section, introducing a power control version of the

collision-interference-free model, we first design a constant-

approximation for this model, and then generalize the result of

[28] to obtain a constant-approximation for the SINR model.

The power control version of collision-interference-free

model is described as follows. We model a wireless sensor

network as a triple (V, rmax, ρ), where V is the set of n
sensor nodes arbitrarily distributed on the plane, rmax is the
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maximum communication range and ρ ≥ 1 is the interference

factor. Each node can send and receive data in the maximum

range rmax. And every time a node uses some level of power

to send data in a range r ≤ rmax, it causes interference to all

other nodes in a range of ρ · r, where ρ is a given interference

factor, and these nodes cannot successfully receive data.

Specifically, considering a communication link l(u, v) in

this network, where u is a sender and v is a receiver, let X
be the set of other concurrently transmitting links. Then, the

receiver v can successfully receive the data from the sender u
if and only if it is not located in interference range of any other

concurrent senders, i.e. |{(u′, v′) ∈ X : d(u′, v) ≤ ρ · ru′}| =
0.

In order to address the interference problem, every node

has a function adjusting its signal power. Reducing power

not only decreases the interference range, but also makes the

communication range shorter. For simplicity, when we say

“assign node u with range r”, we mean “make node u adjust

its power to limit its communication range to r”, yielding an

interference range ρ · r.

A. Algorithm description

In this subsection, we describe a constant-approximation al-

gorithm for the collision-interference-free model. Tessellating

the network into a set of square grid cells such that each has

diagonal length rmax, we assign every node to a unique cell,

breaking ties arbitrarily for nodes on square sides. Let C(u)
denote the cell of node u. It is straightforward that nodes in a

cell can reach each other. This yields complete communication

graphs in every non-empty cell.

Formally, we define a cell to be non-empty if there is at

least one node assigned to it, and empty otherwise. Two non-

empty cells are neighbors if and only if there is a node in

this cell that can reach another node in the other cell. Let NA

denote the set of all neighboring cells of a non-empty cell A.

Furthermore, disregarding all empty cells, we pick randomly

a node in each non-empty cell to be its local root.

The main idea of our algorithm is to split the aggregation

into two phases, cell scheduling phase and backbone schedul-

ing phase. The first phase is to address the aggregation problem

at the cell level, where we have a complete graph with a local

root, and then the second one will aggregate data from all

local roots to the sink s.

1) Cell scheduling phase: In each cell, every node can

reach each other, i.e., we have a complete graph. This situation

is quite similar with the problem addressed in [29] where

power is assumed to be unlimited. The authors proved that

the aggregation could be done in O(log n) timeslots.

In the following we introduce a new algorithm which

provides O(log n) schedules even with a bounded maximum

power. Our algorithm uses the divide-and-conquer approach,

applying a multilevel partitioning technique which repeatedly

partitions cells into smaller subcells. Let Ai denote a cell at

partitioning level i. Starting at level 0, we recursively partition

a non-empty cell Ai, into a set of (ρ+3)2 smaller square cells

Ai+1. The recursion will stop at a cell containing only one

node (see figure 1).

Algorithm 1 LOCAL − TREE

Input: a non-empty cell Ai, i ≥ 0
Output: aggregation tree TAi

1: V (TAi
)← set of nodes in Ai

2: E(TAi
)← ∅

3: if there is a sink or a local root in Ai then

4: pick that node to be a local root sAi

5: else

6: randomly pick a local root sAi
∈ VAi

7: end if

8: if |V (TAi
)| = 1 then

9: return TAi

10: end if

11: tessellate Ai into a set Ci+1 of (ρ+ 3)2 sub-cells

12: and do (ρ+ 3)2-coloring

13: for all non-empty sub-cell Ai+1 ∈ Ci+1 do

14: TAi+1
← LOCAL − TREE(Ai+1)

15: lAi+1
← (sAi+1

, sAi
), sAi+1

is the root of TAi+1

16: E(TAi
)← E(TAi

)
⋃

E(TAi+1
)
⋃{lAi+1

}
17: Li+1,c ← Li+1,c

⋃{lAi+1
}, c is the color of Ai+1

18: end for

19: return TAi

Algorithm 2 CELL− SCHEDULE

Input: a set Tc of all aggregation trees TA0

Output: latency of a schedule aggregating data in all

non-empty cells to their local roots

1: κ← maxT∈Tc
{depth of T }

2: t← 0
3: for i = κ→ 1 do

4: for c = 1→ (ρ+ 3)2 do

5: if Li
c 6= ∅ then

6: t← t+ 1
7: schedule Li

c at t with power rmax

(ρ+3)i−1

8: end if

9: end for

10: end for

11: return t

At each recursion level, after the partitioning step, we also

apply a (ρ+3)2-coloring, in which each subcell has a unique

color between 1 and (ρ+3)2. Any coloring order would work,

but all cells at the same recursion level must have the same

coloring order. This will help to synchronize the schedule

among all different cells at the same recursion level over the

network.

For each subcell Ai, we pick a node sAi
to be its root node,

called cell-root. The cell-root will be picked randomly except

for subcells containing a local root. In that case, the cell-root

will be also the local root.
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After aggregating data inside subcells Ai+1, we construct

direct links to aggregate data from their cell-roots sAi+1
to

the cell-root sAi
of their “super” cell Ai. This yields an

aggregation tree TAi
for every cell Ai.

The whole process of this phase will be split into two

stages. At the first stage, we build the aggregation tree TA0

by constructing all links necessary for aggregation, and then

classify these links into classes Li
c, where i is the partitioning

level and c is the link color. Each class of links will be

scheduled in a specific timeslot at the second stage. The power

assigned to each class will be computed based on the recursion

level. Specifically, it is equal to the diagonal length of the cell

partitioned at the upper level, i.e., for links at level i, we use

the power rmax

(ρ+3)i−1 . The pseudo code of this phase can be

found in Algorithm 1 (first stage) and Algorithm 2 (second

stage).

2) Backbone scheduling phase: After the cell scheduling

phase, all data have been aggregated to local roots. Now we

will construct a virtual backbone tree Tb to aggregate data

from these local roots to the root node s.

The algorithm constructing virtual backbone tree Tb is based

on the algorithm of Ghosh et. al. in [30]. Starting from

the cell C(s) of the root node s, this algorithm will visit

all other non-empty cells in the breath-first-search manner,

using neighboring order. During this visit, we will connect

local roots of neighboring cells, using intermediate nodes if

necessary. Intuitively, we will convert the breath-first-search

tree connecting cells into a virtual backbone tree Tb connecting

their local roots. Obviously, Tb is rooted at s.

The connection between the local roots of neighboring cells

has been analyzed in [30]. There are two different cases.

Denoting u and v as local roots of C(u) and C(v), where

C(u) and C(v) are neighbors, we have

• d(u, v) ≤ rmax: u and v can connect directly.

• d(u, v) > rmax: u and v cannot connect directly. By the

definition of neighboring cells, there exists w ∈ V (C(u))
and x ∈ V (C(v)), such that d(w, x) ≤ rmax. So we can

use these intermediate nodes as helper nodes to connect

u and v. This includes the case where w ≡ u or x ≡ v
but not both.

The pseudo code of this construction can be found in

Algorithm 3.

It remains to schedule links to aggregate data through this

virtual backbone tree. Again, we give an (ρ+3)2-coloring and

schedule tree links based on their levels and colors. At this

phase, we use the maximum range rmax to transmits data.

B. Analysis

Lemma 1. Given the square grid partition where the diagonal

length of the squares is d, (ρ + 3)2-coloring guarantees that

every link, whose sender has the same color, cannot interfere

each other with any communication range d and interference

factor ρ.

From this lemma, we can see the following fact.

Algorithm 3 BACKBONE − CONSTRUCT

Input: G(V,E), root node s and Tc

Output: a backbone tree Tb

1: Tb ← ∅, Q← ∅
2: set all cells unmarked except cell of s
3: ENQUEUE(Q, s)
4: while Q 6= ∅ do

5: u← DEQUEUE(Q)
6: A← cell of u
7: for all unmarked cell A0 ∈ NA do

8: v ← root of TA0

9: mark A0 and ENQUEUE(Q, v)
10: if (u, v) ∈ E then

11: add (u, v) to Tb

12: else

13: if ∃w ∈ V (A)
⋃

V (A0): (u,w) ∈ E ∧ (w, v) ∈ E
then

14: add (u,w) and (w, v) to Tb

15: else

16: pick w ∈ V (A) and x ∈ V (A0): (w, x) ∈ E
17: add (u,w), (w, x) and (x, v) to Tb

18: end if

19: end if

20: end for

21: end while

22: return Tb

Algorithm 4 BACKBONE − SCHEDULING

Input: Backbone tree Tb and a starting timeslot t
Output: schedule latency

1: R(Tb)← depth of Tb

2: give an (ρ+ 3)2-coloring

3: for i = R(Tb)→ 1 do

4: Let Si ⊆ E(Tb) be the set of links whose sender level

is i on Tb.

5: while Si 6= ∅ do

6: t← t+ 1
7: for c = 1→ (ρ+ 3)2 do

8: for all cell A of color c do

9: pick a link l(u, v) ∈ Si where u in A
10: schedule l(u, v) at t with range rmax

11: Si ← Si \ {l(u, v)}
12: end for

13: end for

14: end while

15: end for

16: return t

Fact 1. For all level i and color c, links in Li
c do not interfere

each other.

Proof: From the construction of Li
c, this class is a set of

links at the partitioning level i with color c. So by lemma 1,

the fact follows.
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Fig. 1. Aggregation tree in a cell with ρ = 2

max
r

Fig. 2. A virtual backbone tree Tb. 20 possible neighboring “gray” cells
of a “black” cell and helpers (white nodes) in connecting local roots (black
nodes)

Theorem 2. CELL−SCHEDULE and BACKBONE−
SCHEDULE give feasible schedules.

Proof: From Fact 1, it is straightforward that in every

timeslot assigned by CELL − SCHEDULE, all links do

not interfere each other. It means this schedule is feasible.

Similarly, BACKBONE − SCHEDULING assigns a

link with range rmax in every cell of the same color for

one timeslot. From lemma 1, it follows that this algorithm

constructs a feasible schedule.

Theorem 3. Scheduling in the cell phase requires at most

(ρ+ 3)2 · χ timeslots where χ is the distance diversity.

Proof: The number of timeslots is also the number of

non-empty classes Li
c, bounded by κ · (ρ+ 3)2.

The depth κ of aggregation trees in cells is bounded by

maximum partitioning level. Let dmin and dmax denote the

minimum and maximum distance between any pairs of nodes.

Then we have κ ≤ logα+3
dmax

dmin

= O(χ).

Lemma 4. The depth of the virtual backbone tree Tb is

bounded by O(R), where R is the network radius.

Proof: The backbone tree Tb is constructed following the

breath-first-search manner upon the relation between cells and

each inter-cell connection requires at most 3 links. Therefore,

the distance from any node to the root of Tb is bounded by

3R. Hence, the lemma holds.

Lemma 5. In every cell, the number of nodes that have the

same level on Tb is at most 20.

Proof: Considering a square cell c, let us denote the set

of nodes of Tb in c by Vc and of ones whose level is i as V i
c ,

for some i. In order to bound |V i
c |, we need to consider the

following 2 possible cases:

• Case 1: |Vc| = 1
• Case 2: |Vc| ≥ 2

Trivially, in case 1, |V i
c | = 1. In case 2, one node must be

a local root u, and all other nodes are helper nodes, which

help u to connect with local roots of other cells. Since the

cell size rmax√
2

< rmax, it is straightforward that the number

of neighboring cells of c is bounded by 20 (see figure 2).

Therefore, there are at most 20 helper nodes in c. This means

that in c, there is only one node at a level of the local root u,

and at most 20 nodes at one level lower.

Theorem 6. BACKBONE−SCHEDULE (scheduling on

the virtual backbone tree Tb) takes at most 60 · (ρ + 3)2 · R
timeslots

Proof: Algorithm 4 schedules the nodes level by level

on Tb. At each level i (1 ≤ i ≤ R(Tb)), it picks one node

from each cell (Step 9 in Algorithm 4), and these selected

nodes are scheduled using at most (ρ + 3)2 timeslots (Steps

7 – 13 in Algorithm 4). By Lemma 5, in a cell, there are at

most 20 nodes having the same level on Tb. Thus, it takes at

most 20 · (ρ+3)2 ·R(Tb) timeslots. By lemma 4, the theorem

follows.

Theorem 7. The aggregation scheduling algorithm has la-

tency O(R + χ) which is a constant-factor approximation

algorithm assuming χ is bounded by O(logn).

C. Extension to SINR model

In [28], the authors provided a translation from the SINR
model to the collision-interference-free model using uniform

power. Because the assigned power in any timeslot of the

schedule, which is obtained from the above algorithm, is

uniform, we can generalize their result as follows.

Theorem 8. Let rmax and ρ be defined as rmax = α

√

pmax

ηβN

and ρ = α

√

24γβ
η−1 (

2
α−2 + 1

α−1 + 3). Then the above algorithm

schedules transmissions with power range p = rαηβN and

the SINR value at any receivers in any timeslot is strictly

greater than β.

Thus, from Theorem 8, we can see that the schedule

produced is also feasible under the SINR model.
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Theorem 9. Data aggregation scheduling in the SINR model

has a latency bounded by O(R + χ).

IV. SCHEDULING AND WEIGHTED ONE-SHOT

SCHEDULING PROBLEMS

In this section, we modify two algorithms proposed in [20]

to provide constant approximations for the scheduling and

weighted one-shot scheduling problems in the power control

model. Applying the techniques in the original algorithms, we

first classify the set of links into classes, and then using the

partitioning and coloring techniques we greedily schedule each

class.

A. Scheduling

Let lmax and lmin denote the maximum and minimum

link length, respectively. We have link length diversity

χ = ⌈log(lmax/lmin)⌉.The links are classified as Λ =
{Λ0, ...,Λχ}, where Λk = {l ∈ L| lmax

2k
≥ |l| > lmax

2k+1 }.
For each class Rk, we partition the network into square,

whose size is µlmax

2k+1 , where µ = 4
(

8β α−1
α−2

η
η−1

)
1
α ≥ 4.

Then, with 4 colors, we schedule all links of Rk with same

color in different cells simultaneously, using the same power

pk =
(

lmax

2k

)α
Nβγ. The pseudo code can be found in

Algorithm 5.

Algorithm 5 Scheduling Algorithm

Input: A set L of links

Output: A feasible schedule of L

1: Classify L into Λ = {Λ0, ...,Λχ}
2: t = 1
3: for all Λk 6= ∅ do

4: Partition network into 4-color squares of size µlmax

2k+1

5: for c = 1→ 4 do

6: while Λk 6= ∅ do

7: for all cell A of color c do

8: Pick a link l(s, r) ∈ Λk, r locates in A
9: πt = πt ∪ (l, pk) where pk =

(

lmax

2k

)α
Nβγ

10: Λk = Λk \ {l}
11: end for

12: t = t+ 1
13: end while

14: end for

15: end for

16: return π

Lemma 10. Considering a link l(s, r) ∈ Λk, the total

interference Ir at r is strictly less than N(η − 1).

Proof: Let r be the center, then splitting surrounding cells

into layers. The distance between a sender s′ at layer i and r
is bounded as follows.

(2i− 1)µlmax

2k+1 − lmax

2k
< d(s′, r) < (2i+ 1)µlmax

2k+1 + lmax

2k

It is straightforward at most 8i links are picked at layer i.
Hence, the interference caused by layer i is at most

8lpk

((2i − 1)µlmax

2k+1 − lmax

2k )α
=

8iNβγ

(µ2 (2i− 1)− 1)α

Thus, the total interference at r can be upper bounded by

Ir ≤
∞
∑

i=1

8iNβγ

(µ2 (2i− 1)− 1)α
(1)

< 8Nβγ

∞
∑

i=1

i

(µ4 (2i− 1))α
(2)

<
4α8Nβγ

µα

α− 1

α− 2
(3)

= N(η − 1) (4)

Theorem 11. Output of Algorithm 5 is an SINR-feasible

schedule.

Proof: Considering a link l(s, r) ∈ Λk, the received

signal is at least pk

( lmax

2k
)α

= Nβγ. From Lemma 10, we have

SINR(s, r) > Nβγ
N+Ir

= β

Let Ak denote a square of size µlmax

2k+1 . Links of a square

Ak are links in Λk whose receivers locate in Ak. We define

∆(Ak) to be the number of links of Ak. Considering the most

density square Akmax with maximum ∆(Akmax), we have the

following bound on the schedule generated by the algorithm.

Lemma 12. The latency of the schedule is bounded by

O(∆(Akmax ) · χ).
Proof: It is clear that the number of outer loops is

⌈log(lmax/lmin)⌉ = O(χ) and the number of inner loops is

bounded by ∆(Akmax ). Since the number of colors is constant,

we obtain this bound.

Lemma 13. Let Tk = ⌈∆(Ak)
qk
⌉ where qk = pmax

pk

min

(2
√
2µ+2)α

β

with pkmin =
(

lmax

2k+1

)α
Nβ. We have TOPT ≥ Tk, ∀k

Proof: We prove this lemma by contradiction. Assume

that the optimum solution uses less than Tk timeslots to

schedule all links for some square Ak. Thus, there exists a

timeslot t with more than qk links in Ak. For each link in

Ak, the minimum power used to transmit is at least pkmin.

Considering a link li in timeslot t, we compute the SINR
value at the receiver of li as follow.

SINR(li) <
pmax(

lmax

2k+1 )
−α

N + qkpkmin(2
√
2µlmax

2k+1 + lmax

2k
)−α
≤ β

Theorem 14. Algorithm 5 has a constant approximation ratio.

Proof: From the two lemmas above, it is straightforward

that the approximation ratio is bounded by O(qkmax
χ). So,

assuming a constant ratio between maximum and minimum

link lengths, the link length diversity χ is also constant.
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Moreover, because k does not exceed χ, we have pkmin ≥
( lmin

2 )αNβ. Therefore, qkmax
is also bounded by a constant

pmax

Nβ

(4
√
2µ+4)α

β
. Thus, the theorem follows.

B. Weighted One-shot Scheduling Problem

Similar to the original algorithm in [20], this algorithm use

the strategy of Algorithm 5. The difference is that in each

square Ak, only the link with maximum weight is picked to

join a specific timeslot which is determined by square size and

color. Finally, the algorithm returns a timeslot with maximum

weight. The pseudo code can be found in Algorithm 6.

Theorem 15. Algorithm 6 is a constant-factor approximation

algorithm.

Algorithm 6 Weighted One-shot Scheduling Algorithm

Input: A set L of links with weight function w
Output: A timeslot scheduled for a number of links in L

1: Classify L into Λ = {Λ0, ...,Λχ}
2: for all Λk 6= ∅ do

3: Partition network into 4-color squares of size µlmax

2k+1

4: for c = 1→ 4 do

5: while Λk 6= ∅ do

6: for all square Ak of color c do

7: l∗ = argmax{w(l)|l of Ak}
8: πk

c = πk
c ∪ (l∗, pk), where pk =

(

lmax

2k

)α
Nβγ

9: Λk = Λk \ {all links of Ak}
10: end for

11: end while

12: end for

13: end for

14: return argmax{w(πk
c )}

V. CONCLUSION

In this paper, we have studied three scheduling problems

in the SINR model with power control where the maximum

power is bounded. We have proposed a constant-factor ap-

proximation for the aggregation scheduling problem, where

the latency is bounded by O(R + χ). This bound applies

to the collision-interference-free graph model as well. For

the scheduling and weighted one-shot scheduling problems,

we have modified two approximation algorithms in [20] for

our model with power control and also obtained a constant-

factor approximation under the assumption that the link length

diversity is a constant.
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