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We consider the problem of tracking quantiles and range countings in wireless sensor 
networks. The quantiles and range countings are two important aggregations to character-
ize a data distribution. Let S(t) = (d1, . . . , dn) denote the multi-set of sensory data that 
have arrived until time t, which is a sequence of data orderly collected by nodes s1,

s2, . . . , sk . One of our goals is to continuously track ε-approximate φ-quantiles (0 ≤ φ ≤ 1)

of S(t) for all φ’s with efficient total communication cost and balanced individual 
communication cost. The other goal is to track (ε, δ)-approximate range countings 
satisfying the requirement of arbitrary precision specified by different users. In this paper, 
a deterministic tracking algorithm based on a dynamic binary tree is proposed to track 
ε-approximate φ-quantiles, whose total communication cost is O (k/ε · log n · log2(1/ε)), 
where k is the number of the nodes in a network, n is the total number of the data, 
and ε is the user-specified approximation error. For range countings, a Bernoulli sampling 
based algorithm is proposed to track (ε, δ)-approximate range countings, whose total 
communication cost is O ( 2

ε2 ln 2
1−√

1−δ
+nc), where δ is the user-specified error probability, 

nc is the number of clusters.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Wireless Sensor Networks (WSNs) consist of many nodes which interact with each other through wireless channels. They 
are now being widely employed to collect physical information, such as temperature, pressure, light intensity and so forth 
[13]. With the development of wireless communication technologies, the scale of a WSN can be very large [11]. However, the 
most severe constraint imposed on their extensive applications is the power supply as the on-board power is still the main 
power source which is limited in most cases. Compared with computation, communications among nodes consume more 
energy. According to [16], the energy consumption for sending one bit is enough for executing 1000 instructions for one 
sensor. Thus, how to extract significant information from a huge amount of sensory data with a reasonable communication 
cost becomes a crucial problem.
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Much effort has been spent on studying various aggregations, including algebraic aggregations such as Sum, Count, 
and Average [4,9,10], or holistic aggregations such as Heavy hitters [12] and Quantiles [5,7,8,15]. In-network aggregation 
techniques are very meaningful for algebraic aggregations through computing partial results at intermediate nodes during 
the process of transmitting data to the sink [4,7,8,10,15]. By preventing nodes from forwarding all the data to the sink, 
in-network aggregation techniques significantly reduce energy consumption. They are meaningful for algebraic aggregations 
since these aggregations are decomposable [2], however, holistical aggregations are not decomposable so that the in-network 
aggregation techniques cannot be employed to track quantiles directly [5]. The φ-quantile (0 ≤ φ ≤ 1) of an ordered dataset 
S is the data x such that φ|S| elements of S are less than or equal to x and no more than (1 − φ)|S| elements are larger 
than x, particularly, the 1

2 -quantile is the median of S . Another fundamental aggregation is range counting. For any query 
interval Q , the Q -range counting over an ordered dataset S is the value of |Q ∩ S|.

Since exact aggregations incur large communication costs and storage spaces, approximate results are usually expected. 
The work in [17] shows that a random sample of size �(1/ε2) needs to be drawn from a dataset to compute ε-approximate 
quantiles with a constant probability. Moreover, practical applications involve various precision requirements so that aggre-
gation results that can satisfy an arbitrary precision is expected. ε-approximate φ-quantiles and (ε, δ)-approximate Q -range 
countings are defined respectively as follows:

Definition 1 (ε-Approximate φ-quantiles). The ε-approximate φ-quantiles are those elements in dataset S such as element x
satisfying (φ − ε)n ≤ r(x) ≤ (φ + ε)n where r(x) is the rank of x in S and n is the total number of the elements in S .

Definition 2 ((ε, δ)-Approximate Q -range countings). Let ϒ and ϒ ′ denote the exact and approximate Q -range countings 
respectively, i.e., ϒ = |Q ∩ S| and ϒ ′ = |Q ∩ U | where U is a random sample set of S . An (ε, δ)-approximate Q -range 
counting is such ϒ ′ that satisfies Pr{ϒ − ε|S| ≤ ϒ ′ ≤ ϒ + ε|S|} ≥ 1 − δ, where Pr{X} is the probability of random event X .

Various data models have been studied in the database communities, such as the static model, single-stream model 
and multi-stream model. For the static model, data is predetermined and stored at nodes and aggregation function f is 
computed over the union of these multiple datasets. For the single-stream model, there is only one node, and data stream 
into it in an online fashion. Nowadays, the multi-distributed streaming model attracts a lot of attention since it is more 
general in the physical environment. In this model, data stream into each node in a distributed way and the tracking results 
are returned in a logical coordinator. Moreover, for the quantile tracking results, the querying mode can be divided into two 
classes: single φ-quantile and all φ-quantile. For the single φ-quantile tracking, a certain summary is always maintained by 
a coordinator to compute a certain φ-quantile. Comparatively, the data structure or summary preserved by a coordinator for 
all φ-quantiles can be used to compute any φ simultaneously.

We want to track quantiles in a general manner, where the sensor nodes are organized into a spanning tree and sensory 
data stream into each node in an online fashion. S(t) = (d1, . . . , dn) is the multi-set of items of the entire network that 
have arrived until time t , which is a sequence of data orderly collected by nodes s1, s2, . . . , sk . The goal is to continuously 
track ε-approximate φ-quantiles (0 ≤ φ ≤ 1) of S(t) at the sink for all φ’s. Moreover, we design a Bernoulli sampling based 
algorithm for tracking range countings to satisfy arbitrary precision requirements specified by different users.

The main contributions of this work can be summarized as follows. First, quantiles can be tracked over the arrived data at 
any time t rather than through a one-time computation over a predetermined dataset. Second, quantiles are computed based 
on an arbitrary topological spanning tree rather than the centralized flat model. Third, a data structure can be maintained in 
the tree from which all the φ-quantiles can be tracked simultaneously rather than for just a specific φ. Fourth, the proposed 
range countings tracking algorithm can satisfy arbitrary precision requirements.

2. Related works

The previous quantile tracking techniques can be divided into three categories, which are the exact algorithms, determin-
istic algorithms and probabilistic algorithms. For a given φ, the exact algorithms return the exact φ-quantile result. According 
to [14], the space complexity for computing the exact median with p passes is �(n1/p). Clearly, the space complexity of 
the exact algorithms is high, especially when the number of the passes p is small.

To further reduce time and space complexities during tracking quantiles, some deterministic algorithms are proposed, 
such as the recent works in [6,8,15,18]. Unlike the exact algorithms, the deterministic ones return ε-approximate φ-quantiles 
of a dataset. Since the deterministic algorithms just require approximate results, they have smaller space and communication 
complexities. In 2005, Cormode et al. [5] proposed an all-tracking algorithm with the cost of O  

(
k
ε2 log n

)
. The work in 

[18] improves this result by a �( 1
ε ) factor, whose result has an upper bound O  

(
k
ε log n

)
. Note that the work in [18]

discusses the all φ-quantiles tracking problem under the flat model. However, it is unclear how to track quantiles in the 
tree model.

Considering that the approximate quantile with a probability guarantee can be accepted in most cases, the complexity 
of tracking the quantile can be further reduced. Thus, a group of probabilistic algorithms [4,8,10] were proposed. Different 
from the above two types of algorithms, the probabilistic algorithms require that the ε-approximate φ-quantile result is 
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