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Abstract—Wireless sensors are attached to all kinds of mobile
devices/entities such as mobile phones, PDAs, vehicles, robots
and animals. This generates Mobile Wireless Sensor Networks
(MWSNs) with very dynamic topologies and loose connectivity
that depend on mobility of the mobile devices. Data collection
from these mobile sensors has become a great challenge considering volatile topologies, loose connectivity and limited buffer storage. This paper proposes a stochastic compressive data collection
protocol for MWSNs named SMITE. SMITE consists of three
parts: random collector election, stochastic direct transmission
from common nodes to collectors when common nodes are in
the collectors’ transmission range, and angle transmission from
collectors to the mobile sink when collectors gather enough
data using a predictive method. The collectors use bloom filters
to compress the received data. The protocol’s performance is
theoretically analyzed. The analytic results show that data from
the common nodes can be gathered to the collectors with a
high probability and gathered data on the collectors can also be
forwarded to the mobile sink with a high probability. Simulations
are carried out for performance evaluation. The simulation results
show that SMITE significantly outperforms the state-of-the-art
solutions such as DFT-MSN, SCAR and Sidewinder on the aspects
of delivery ratio, transmission overhead, and time delay.

I. I NTRODUCTION
Recently, researchers have attached wireless sensors to all
kinds of mobile devices/entities such as micro-air vehicles
[1], bikes [2], ground-based vehicles [3] and animals [4].
This generates Mobile Wireless Sensor Networks (MWSNs)
with very dynamic topologies and loose connectivity. Data
collection from these mobile sensors becomes a challenging
and critical issue in many applications. One typical example of
a MWSN is ZebraNet [4], where collars with wireless sensors
are attached to zebras’ necks to study their habitat and to collect
environmental information. This paper focuses on the problem
of data collection in MWSNs.
Gathering data from mobile sensors has many challenges.
This is because a MWSN is similar to a static Wireless Sensor
Network (WSN) with traditional constraints such as limited
energy, narrow bandwidth and limited computing ability. Also,
it distinguishes itself from conventional static WSNs by the
following characteristics:
∙ Volatile topology: The sensors and the sink are attached
to all sorts of mobile devices with various types of
mobility. The connectivity of the network constantly
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changes. A mobile sensor is connected to other sensors
only randomly and occasionally. The topology is dynamic
and volatile at all times. Moreover, network topology of
MWSNs changes more acutely than that of mobile adhoc networks because sensor radios have a much smaller
radio range (e.g., outdoor range 75𝑚 ∼ 100𝑚 for TelosB
TPR2400CA) compared with mobile ad-hoc networks
(e.g., 150𝑚 ∼ 250𝑚 in 802.11).
∙ Loose connectivity: The connectivity of MWSNs is low.
A sensor node is connected to other sensor nodes only
randomly and occasionally due to the nodes’ mobility.
∙ High message overhead: Each node needs to monitor
a large set of parameters (multi-dimensional data), which
makes the data size large. A MWSN could consist of hundreds to thousands of sensors. Thus, tremendous amounts
of data would be generated and delivered to the sink.
∙ Limited buffer space: Each sensor node has a limited
buffer space. This constraint has a significant impact on
MWSNs, because sensor nodes store the received data
locally prior to relaying the data. Limited buffer space
makes it impossible to store a large amount of data
locally. Consequently, some useful data is lost and more
subsequent communications are incurred.
Conventional routing protocols designed for static WSNs are
not suitable for MWSNs because of the aforementioned issues.
Even though tree-based routing protocols may be effective
for slight topology changes caused by nodes’ sleeping and
failures [5] [6] [7], these protocols are still not robust enough
to conquer the challenge of a volatile topology with mobile
nodes. Geographic forwarding-based routing protocols [8] [9]
[10] are also not applicable to MWSNs because intermediate
nodes do not know where a mobile sink is during the process
of forwarding messages.
Several classical routing protocols [12] [13] have been designed for mobile ad-hoc networks. Through extensive experiments, M.Keally et al. [14] have validated that these protocols
cannot be applied to MWSNs because these protocols need to
establish a routing path from a source node to the sink before
data is sent. This strategy may work well for slight topology
changes, however it is not a good choice for volatile topology.
Some existing works [15] [16] utilize mobile sinks to collect
data in static WSNs. However, these works only consider the
case where sinks are mobile and sensor nodes are static. They
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cannot be employed in MWSNs due to the mobility of both
the sinks and the sensor nodes.
Several protocols have been proposed to solve the problem
of data collection in MWSNs. In [17], a cluster-based protocol
is presented. Each node dynamically chooses its cluster-head
based on its current velocity to facilitate data transmission
to the nearest cluster-head. A cluster-head is responsible for
gathering data and forwarding data to the static sink through
a single hop. This assumption is not reasonable, especially for
large-scale greatly-dynamic MWSNs where a cluster-head has
to send its data to the base station through multiple hops given
that the radio range in MWSNs is small.
Three approaches tailored for data gathering in MWSNs
are proposed in [18]. One is directed transmission. The basic
strategy of directed transmission is to allow data delivery
only when sensors are in direct proximity of the sinks. The
data delivery ratio of directed transmission depends on the
number of sinks. Thus, this technique will not work well
if the sinks are sparse. For example, in ZebraNet [4] too
many mobile sinks may disturb wildlife habitats and obtain
anamorphic environmental data. Another is optimized flooding.
This approach has high message overhead. The third one is the
DFT-MSN data delivery scheme. However, our results show
that the proposed SMITE is better than DFT-MSN on the
aspects of delivery ratio, message overhead, and time delay.
In [19], a routing approach named SCAR is presented.
SCAR uses prediction techniques over the context of a mobile
sensor node (such as previously encountered neighbors, energy
level and locations of neighboring nodes) to forecast which
of the neighbors are the best carriers for data collection.
However, this approach requires that each mobile sensor node
periodically broadcasts its context information to its neighbors.
This incurs high message overhead causing significant energy
consumption. In [14], a routing protocol named Sidewinder
is presented. Sidewinder forwards data packets based on sink
location prediction and estimation techniques. The prediction
module of Sidewinder requires the sink’s neighbors’ average
velocity. Similar to SCAR, this mechanism also invokes high
message overhead since the sink is mobile and each sensor
node must send its velocity to the sink when the sensor node
is in direct proximity of the sink. The situation is even worse
for multi-dimensional data, causing short network lifetime.
Motivated by the aforementioned challenges, the paper proposes SMITE, a stochastic compressive data collection protocol
for MWSNs with only one mobile sink. SMITE consists of
three parts: random collector election among all the common
nodes, stochastic direct transmission from the common nodes
to the collectors when the common nodes are in the collectors’
transmission range, and angle transmission from the collectors
to the sink using a predictive method through multi-hops after
the collectors gather enough data. The collectors use a bloom
filter to compress the data into 𝐿 bits before its transmission
to the sink. The main contributions are the following:
∙ SMITE transforms the traditional data collection problem
in MWSNs into in-network data aggregation through a

data compression technique using bloom filters. Data collected by the collectors can be aggregated into a packet of
𝐿 bits and the aggregated packet is then forwarded to the
mobile sink through multiple hops instead of forwarding
each collected data packet directly to the mobile sink. The
sink can restore the collected data from the aggregated
packet with a low false positive rate. With this design,
the proposed scheme is also able to reduce the total
communication overhead.
∙ SMITE is completely different from the traditional idea
where every node periodically broadcasts its context
information to its neighbors to maintain real context.
In SMITE, only collectors periodically broadcast their
context information. Further, only a small subset of the
sensor nodes are collectors at any time. Each common
node only sends its data to a collector and receives context
information from a collector when the common node can
communicate with a collector. Common nodes do not
need to periodically broadcast their context information.
Moreover, SMITE does not require the mobile sink to
periodically completely flood its context information to
the whole network. Only partial flooding is necessary in
SMITE, i.e., the mobile sink’s context information is only
flooded to ℎ𝑚𝑎𝑥 (ℎ𝑚𝑎𝑥 is a small number relative to the
total number of nodes) hops away from the mobile sink.
This scheme can greatly reduce message overhead and
guarantee the delivery ratio with a high probability.
∙ The performance of SMITE is analyzed through probability and Markov Chains theories. The analytic results
show that data on the common nodes can be transmitted
to collectors with a high probability and complete data
gathered on collectors can be further forwarded to the
mobile sink with a high probability.
∙ Extensive simulations with NS2 are carried out for performance evaluation. The simulation results demonstrate
that SMITE significantly outperforms the state-of-the-art
solutions such as SCAR and Sidewinder on the aspects of
delivery ratio, transmission overhead, and time delay.
The rest of the paper is organized as follows: Section II introduces the main idea of SMITE. Section III explains the detailed
design of SMITE. Section IV shows the theoretical analysis
of SMITE’s performance. Simulation results are presented and
discussed in Section V. Finally, Section VI concludes the paper.
II. SMITE OVERVIEW
We consider a MWSN consisting of one mobile sink and 𝑁
mobile sensor nodes randomly moving in an area of 𝑍 × 𝑍,
where 𝑍 is the width of the monitored area. The sensor nodes
and the sink set their radio transmission range as 𝑟. We assume
that nodes are synchronized and each node knows its velocity
as well as its position using GPS. Time is divided into slots of
fixed length. Several continuous time slots form a round. Data
should be forwarded to the sink during each round. The length
of each round is the same and how the length of each round
is determined will be discussed in Section IV.
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Fig. 1.

SMITE overview.

SMITE has three phases as shown in Fig.1. The mobile
sink always periodically partially floods its context information
(such as position, velocity and time stamp) in the network
to reduce message overhead (partial flooding is discussed in
Section III-B and Section IV). Each node builds a predictive
model for the sink’s velocity according to the received sink’s
context information. In Fig.1(a), we assume a round consists
of 4 time slots.
The first phase is collector election. After the deployment
of sensor nodes in time slot 𝑡1 , each node locally executes the
collector election algorithm without any communication. Each
node determines with a probability 𝑝 whether it will become
a collector or not in the current round. It is obvious that the
mobile sink is always a collector.
The second phase is direct data transmission from noncollectors to collectors while non-collectors are in the communication range of collectors. In Fig.1(b), black nodes 7, 11
and 14 become collectors and they periodically broadcast a
message to announce this fact. In time slot 𝑡2 , nodes 2, 3, 4, 8
and 15 are in the communication range of the collectors. When
they receive the message from the collectors respectively, they
send their data to the collectors. Similarly, in time slot 𝑡3 as
shown in Fig.1(c), nodes 1, 10, 13, 9, 16, 5, 6, 15 and 12 are in
the communication range of the collectors. Thus, these nodes
send their data to their respective collectors. Notice that node
15 does nothing, since its data has already been collected in
time slot 𝑡2 . Collectors 7, 11 and 14 adopt the compressive
strategy bloom filters to hash the received data into a bloom
filter of 𝐿 bits which is no larger than the size of a packet.
Thus, the collected data can be aggregated.
The third phase is data forwarding from the collectors to

the mobile sink. Once a bloom filter on a collector is full
(i.e., if one more data element is hashed into the bloom
filter, the false positive probability will exceed the predefined
threshold) or it is at the end of a round, then a collector
forwards the aggregated compressed data packet to the mobile
sink. In Fig.1(d), assume time slot 𝑡4 is the last time slot of
a round and collector 14 is full, then collector 14 employs
angle transmission (discussed in Section III-B) to forward
its collected aggregated data packet to the sink. Collector
14 makes use of the predictive model to predict the sink’s
movement territory which is a circle centered at the most
recently received sink’s position. The radius of the circle is
determined by the predictive model (details are presented in
Section III-B). Two tangents are elicited from 14 to the circle.
Then, there are two points of tangency and an angle at collector
14 towards the sink. Collector 14 broadcasts the compressed
data packet, the sink’s recent position and its position to its
neighbors. Each of 14’s neighbors determines whether it is
in the angle. If so, a neighbor does the same as 14 does.
Otherwise, a neighbor discards the message received from 14.
For example, in Fig.1(d), node 10 is in the angle, then node 10
does the same as 14 and forwards the received message to its
neighbor node 8 at time slot 𝑡5 as shown in Fig.1(e). Nodes 1
and 2 are not in the angle, so they simply discard the message
received from node 14 as shown in Fig.1(d). Node 8 finally
sends the data to the sink at time slot 𝑡6 as shown in Fig.1(f).
III. D ETAILED SMITE D ESIGN
This section presents the detailed design of SMITE. The
three phases of SMITE are discussed in Section III-A and Section III-B. In Section III-C, we explain the data compression
and buffer management techniques. Section III-D introduces
the rotation mechanism of the collectors.
A. Collector Election and Direct Transmission to Collectors
Initially, each mobile node sets its initial role as COMMON.
For each common node 𝑢 with a probability 𝑝 to be a collector,
where 𝑝 is a system parameter such that 0 < 𝑝 < 1 (Proposition
3 discusses how to set 𝑝), 𝑢 generates a random number 𝑥
between 0 and 1. If 0 ≤ 𝑥 ≤ 𝑝, then 𝑢 will be a collector and
𝑢 updates its role as COLLECTOR. Otherwise, if 𝑝 < 𝑥 ≤ 1,
𝑢 is still a common node.
Proposition 1: Denote a random variable 𝑋 to be the number of the collectors, then 𝑋 obeys binomial distribution with
parameters 𝑁 and 𝑝, where 𝑁 is the total number of the nodes.
Pr(𝑋 = 0) = (1 − 𝑝)𝑁 . Pr(𝑋 = 0) closes to 0 if 𝑁 is large.
3
Lemma 2: If 𝑁 ≥ 𝑝⋅𝜀
2 𝑙𝑛(2/𝛿), then 𝑁 ⋅ 𝑝 provides (𝜀, 𝛿)approximation for the number of the collectors. That is, for
any 0 < 𝜀, 𝛿 < 1, Pr(∣𝑋 − 𝑁 ⋅ 𝑝∣ ≥ 𝜀𝑁 ⋅ 𝑝) ≤ 𝛿.
Proof. Let random variable 𝑋𝑢 denote the role of node 𝑢.
𝑋𝑢 =0 denotes that 𝑢 is a common node; 𝑋𝑢 =1 denotes that 𝑢
is a collector. Pr(𝑋𝑢 = 0) = 1 − 𝑝; Pr(𝑋𝑢 = 1) = 𝑝. Thus,
𝑁
𝑁
∑
∑
𝑋=
𝑋𝑢 and E(𝑋)=
E(𝑋𝑢 )=𝑁 ⋅𝑝. 𝑋1 , 𝑋2 , ⋅ ⋅ ⋅ , 𝑋𝑁 is
𝑢=1

𝑢=1

a sequence of independent Poisson trials with Pr(𝑋𝑢 = 1) = 𝑝
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(𝑢 = 1, 2, ⋅ ⋅ ⋅ , 𝑁 ) since each node is independently likely to be
a collector with probability 𝑝. According to Chernoff bounds
estimation for the sum of Poisson trials [22], for any 0 < 𝜀 < 1,
𝑁 ⋅𝑝⋅𝜀2
Pr(∣𝑋 − 𝑁 ⋅ 𝑝∣ ≥ 𝜀𝑁 ⋅ 𝑝) ≤ 2𝑒− 3 . For any 0 < 𝛿 < 1,
2
3
− 𝑁 ⋅𝑝⋅𝜀
3
≤ 𝛿. Thus 𝑁 ⋅ 𝑝 gives
if 𝑁 ≥ 𝑝⋅𝜀
2 𝑙𝑛(2/𝛿), i.e. 2𝑒
(𝜀, 𝛿)-approximation for the number of the collectors.
■
Proposition 1 shows that having no collector is almost
impossible. Based on Lemma 2, 𝑁 ⋅ 𝑝 can be 𝑋’s estimation.
The probability of the case where the absolute error between
𝑁 ⋅ 𝑝 and 𝑋 is larger than a small number is very small.
Once a common node 𝑢 has become a collector, 𝑢 periodically broadcasts a message COLLECT(𝑢) to its neighbors,
where the information in the brackets denotes the message’s
contents and 𝑢 denotes 𝑢’s ID. If a collector receives a COLLECT message, it discards it. If a common node 𝑣 receives
COLLECT(𝑢) from 𝑢, then 𝑣 sends its local compressed
multi-dimensional data DATA(𝑚𝑣 ) to 𝑢, where 𝑚𝑣 is 𝑣’s local
compressed data. How to compute 𝑚𝑣 will be discussed in
Section III-C. Once a common node 𝑣 has already sent its data
to a collector, 𝑣 sets its state as COL. If 𝑣’s state is COL, then
𝑣 discards the COLLECT message. A node’s radio coverage
range is a circle, when common node 𝑣 sends DATA(𝑚𝑣 )
to collector 𝑢, all of 𝑣’s neighbors in its coverage range can
receive this packet. For any node 𝑤, upon receiving compressed
data packet DATA(𝑚𝑣 ) from 𝑣, if 𝑤 is a collector, then 𝑤
stores 𝑚𝑣 in its local buffer (buffer management is discussed
in Section III-C); if 𝑤 is a common node, and 𝑤 has already
sent its data to a collector, then 𝑤 discards DATA(𝑚𝑣 ); if 𝑤
is a common node, and 𝑤 does not send its data to a collector,
then 𝑤 stores 𝑚𝑣 in its local buffer as a replica.
For example, in Fig.1(b), when common node 3 sends its
data 𝑚3 to collector 14, node 3’s neighbor 13 can receive 𝑚3 .
Since node 13 has not sent its data to a collector, node 13 stores
𝑚3 in its local buffer as a replica. In Fig.1(c), when node 13
is in the coverage range of collector 14, node 13 sends its data
𝑚13 and 3’s replica 𝑚3 together in one packet to 14 (if the
buffer at node 13 is full, it hashes data into a bloom filter and
does not receive any replica as explained in Section III-C).
This replication mechanism provides compensation in case of
transmission failure of node 3. Because in Fig.1(b), if nodes 2
and node 3 send data in the same time slot, 𝑚3 may not arrive
at collector 14 successfully due to a transmission collision.
Though in Fig.1(c), node 13 sends 𝑚13 and 𝑚3 together in one
packet to collector 14, this does not incur extra communication
cost. In Fig.1(c), when node 6 is in the coverage range of
collector 11, it sends 𝑚6 to 11. Then 6’s neighbor 15 can
receive 𝑚6 , and 15 discards 𝑚6 . This is because in Fig.1(b),
𝑚15 has already been collected by the sink and node 15 already
set its state to COL in time slot 𝑡2 .
B. Angle Transmission From Collectors To Mobile Sink
The general idea of angle transmission was presented in
Section II. This section further clarifies four issues: 1) How
does the sink partially flood its context information in the
network; 2) How does the node predict the sink’s movement

Fig. 2.

The location corelation between a relayed node and the sink.

territory according to the sink’s historical context information;
3) How does a node estimate the forwarding angle; 4) How
does a node determine whether it is in a transmission angle?
The purpose of partially flooding the sink’s context information is to help all the nodes estimate the sink’s movement territory. The mobile sink periodically floods its message VP(𝑣𝑡 ,
𝑥𝑡 , 𝑦𝑡 , ℎ𝑠 ) only to the nodes which are at most ℎ𝑚𝑎𝑥 hops
away from the sink rather than fully flooding the message in
the entire network. Here, 𝑣𝑡 and (𝑥𝑡 , 𝑦𝑡 ) are the sink’s velocity
and its position at time slot 𝑡 respectively. ℎ𝑠 is a variable and
it indicates the location corelation between a relayed node and
the sink. ℎ𝑠 ’s value is the serial number of the homocentric
circles centered at the sink where the relayed node locates. Its
initial value is 0 since the sink is the first relayed node and
the sink is the center. The distance between the boundaries
of two adjacent homocentric circles equals the communication
range 𝑟 (see Fig.2). For any relayed node 𝑤, it decides the
value of √
ℎ𝑤 , 𝑤’s location corelation to the sink as follows:
(𝑥𝑤 −𝑥𝑡 )2 +(𝑦𝑤 −𝑦𝑡 )2
ℎ𝑤 ← ⌈
⌉, where (𝑥𝑤 , 𝑦𝑤 ) denotes 𝑤’s
𝑟
position and 𝑟 is the communication range. For example, in
Fig.2, node 5 locates in the second homocentric circle centered
at the sink, and ℎ5 =2. Similarly, ℎ8 =1, ℎ7 =3.
For any relayed node 𝑤, it maintains the recent 𝑘 sinks’
velocity information 𝑣𝑡1 , 𝑣𝑡2 , . . . , 𝑣𝑡𝑘 , and the most recent
sink’s position (𝑥𝑡𝑘 , 𝑦𝑡𝑘 ), where 𝑡𝑘 is the most recent time
slot. Upon receiving VP(𝑣𝑡 , 𝑥𝑡 , 𝑦𝑡 , ℎ𝑢 ) from node 𝑢, if 𝑡 ∕= 𝑡𝑗
for any 𝑗 ∈ [1, 𝑘], it means the received VP is a new one,
then: (i). Node 𝑤 deletes the oldest one and inserts 𝑣𝑡 into
local velocity information queue in an increasing order of time
stamps; (ii). If 𝑡 > 𝑡𝑘 , then 𝑤 replaces (𝑥𝑡𝑘 , 𝑦𝑡𝑘 ) with (𝑥𝑡 , 𝑦𝑡 );
(iii). If ∃𝑖 ∈ [1, 𝑘] such that 𝑡 = 𝑡𝑖 , then it means node 𝑤 has
already received the VP, and node 𝑤 drops the received VP.
After updating the sink’s information, node 𝑤 decides whether
to forward the received VP. First, 𝑤 calculates ℎ𝑤 , the location
coelation to the sink. If ℎ𝑢 < ℎ𝑤 ≤ ℎ𝑚𝑎𝑥 and received VP is a
new message, then 𝑤 continues to broadcast VP(𝑣𝑡 , 𝑥𝑡 , 𝑦𝑡 , ℎ𝑤 )
to its neighbors. Otherwise, 𝑤 drops the received packet. For
example, in Fig.2, when nodes 2 and 4 receive VP(𝑣𝑡 , 𝑥𝑡 , 𝑦𝑡 ,
1) from node 8, node 2 continues to forward VP(𝑣𝑡 , 𝑥𝑡 , 𝑦𝑡 , 2)
and node 4 drops the packet. When node 8 receives VP(𝑣𝑡 , 𝑥𝑡 ,
𝑦𝑡 , 2) from node 2, node 8 discards the packet. This flooding
mechanism prevents message transmission expansion through
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Fig. 3.

Prediction of the sink’s movement territory.

eliminating redundant inverted message transmissions back to
the sink. Corollary 8 in Section IV shows that any node which
is less than ℎ𝑚𝑎𝑥 hops away from the sink can receive message
VP with a high probability.
Node 𝑤 can predict the sink’s movement territory according
to the recent 𝑘 sink’s velocities 𝑣𝑡1 , 𝑣𝑡2 , . . . , 𝑣𝑡𝑘 and the most
recent position (𝑥𝑡𝑘 , 𝑦𝑡𝑘 ). Suppose the sink’s velocity is a
continuous function over time 𝑡 denoted by 𝑣(𝑡). Then, from
𝑡𝑘 to current time slot 𝑡𝑛𝑜𝑤 , the sink’s movement distance can
be calculated according to Integral Mean Value Theorem as
follows:
∫ 𝑡𝑛𝑜𝑤
𝑣(𝑡)𝑑𝑡 = 𝑣(𝑡𝜉 )(𝑡𝑛𝑜𝑤 − 𝑡𝑘 ), 𝑡𝜉 ∈ [𝑡𝑘 , 𝑡𝑛𝑜𝑤 ]
𝑡𝑘

Thus, the sink’s movement territory is a disk centered at (𝑥𝑡𝑘 ,
𝑦𝑡𝑘 ) with radius 𝑣(𝑡𝜉 )(𝑡𝑛𝑜𝑤 − 𝑡𝑘 )(see Fig. 3). Without loss of
generality, we use 𝑣𝑡𝜉 to substitute 𝑣(𝑡𝜉 ). The remaining task
is to predict 𝑣𝑡𝜉 using 𝑣𝑡1 , 𝑣𝑡2 , . . . , 𝑣𝑡𝑘 .
First, node 𝑤 transforms the time series 𝑣𝑡1 , 𝑣𝑡2 , . . . , 𝑣𝑡𝑘
into stationary time series by taking the second difference
transformation as the latter formulation. Experience indicates
that using the second difference transformation will usually
produce a stationary time series [20].
{
𝑊𝑡𝑖 = (𝑣𝑡𝑖 − 𝑣𝑡𝑖−1 ) − (𝑣𝑡𝑖−1 − 𝑣𝑡𝑖−2 ); (𝑖 = 1, 2, ..., 𝑘)
𝑊𝑡1 = 𝑣𝑡1 ; 𝑊𝑡2 = 𝑣𝑡2
Next, for time series 𝑊𝑡1 , 𝑊𝑡2 , . . . , 𝑊𝑡𝑘 , node 𝑤 uses the
ˆ 𝑡 , where 𝑊
ˆ 𝑡 is
weighted moving average [20] to predict 𝑊
𝑖
𝑖
the estimated value for 𝑊𝑡𝑖 (𝑖=𝑘+1, 𝑘+2,...,𝜉). A weighted
moving average is simply a moving average that is weighted
so that more recent values are more heavily weighted than
values further in the past. The most common type of weighted
moving average is exponential smoothing [20] as follows:
⎧
ˆ 𝑡 = 𝑊𝑡 ;𝑊
ˆ 𝑡 = 𝑊𝑡 ;...;𝑊
ˆ 𝑡 = 𝑊𝑡
⎨ 𝑊
1
1
2
2
𝑘
𝑘
𝑘−1 ˆ
ˆ
ˆ𝑡
𝑊𝑡𝑖 = (1 − 𝜆)𝜆
𝑊𝑡𝑖−𝑘 + ... + (1 − 𝜆)𝜆𝑘−𝑘 𝑊
𝑖−1
⎩
𝑖=𝑘+1,𝑘+2,...,𝜉.
Here, 𝜆 is a system parameter and its initial value is randomly
drawn from [0, 1]. 𝜉 is a random number from [𝑘+1, 𝑛𝑜𝑤],
𝑛𝑜𝑤 is the current time slot. Thus, node 𝑤 can convert
ˆ 𝑡 (𝑖=𝑘+1, 𝑘+2,...,𝜉) to 𝑣ˆ𝑡 (𝑖=𝑘+1, 𝑘+2,...,𝜉) based on the
𝑊
𝑖
𝑖
ˆ 𝑡 − 𝑣ˆ𝑡 + 2ˆ
equation: 𝑣ˆ𝑡𝑖 = 𝑊
𝑣𝑡𝑖−1 (𝑖=𝑘+1, 𝑘+2,...,𝜉). Here
𝑖
𝑖−2
𝑣ˆ𝑡𝑖 is the estimated value for 𝑣𝑡𝑖 . If 𝑖 ≤ 𝑘, 𝑣ˆ𝑡𝑖 = 𝑣𝑡𝑖 . Otherwise,

𝑣ˆ𝑡𝑖 = 𝑣ˆ𝑡𝑖 . When node 𝑤 receives the real 𝑣𝑡𝑖 , node 𝑤 can adjust
𝜆 such that 𝑣ˆ𝑡𝑖 approaches to 𝑣𝑡𝑖 as close as possible. Thus,
node 𝑤 can get an optimal parameter 𝜆 through this incessant
self-leaning mechanism.
During the process of angle transmission from a collector to
the mobile sink, if a node 𝑤 receives a collected data packet
from node 𝑢, then 𝑤 should determine whether it is in the angle
shaped by 𝑢 and two tangents elicited from 𝑢 to the sink’s
movement territory estimated by 𝑢. In Fig. 3, an example of
such an angle is ∠𝐴𝑢𝐵. The angle can determine the scope
of the sink’s movements from 𝑢’s point of view. If 𝑢 forwards
a collected data packet to all of its neighbors then any of 𝑢’s
neighbors can determine whether it is in the angle ∠𝐴𝑢𝐵.
Nodes 1 and 𝑤 are in ∠𝐴𝑢𝐵, then nodes 1 and 𝑤 continue to
forward the collected data packet. Nodes 3, 7 and 15 are not
in ∠𝐴𝑢𝐵, then they will discard the received data packet.
The main issue is that how can node 𝑤 determine whether
it is in the angle ∠𝐴𝑢𝐵 while 𝑤 receives the packet from
node 𝑢. To do so, besides the collected data packet, node
𝑢 also broadcasts its current position (𝑢𝑥𝑡𝑛𝑜𝑤 , 𝑢𝑦𝑡𝑛𝑜𝑤 ), its
recent received sink’s position (𝑠𝑥𝑡𝑘 , 𝑠𝑦𝑡𝑘 ) and the estimated
radius of the sink’s movement territory centered at (𝑠𝑥𝑡𝑘 , 𝑠𝑦𝑡𝑘 ),
𝑟ˆ𝑢 =𝑣(𝑡𝜉 )(𝑡𝑛𝑜𝑤 − 𝑡𝑘 ). Suppose 𝑤’s current position is (𝑤𝑥𝑡𝑛𝑜𝑤 ,
𝑤𝑦𝑡𝑛𝑜𝑤 ), if 𝑤 receives (𝑢𝑥𝑡𝑛𝑜𝑤 , 𝑢𝑦𝑡𝑛𝑜𝑤 ), (𝑠𝑥𝑡𝑘 , 𝑠𝑦𝑡𝑘 ) and 𝑟ˆ𝑢
from 𝑢, then 𝑤 can perform the following computations to
judge whether it is in ∠𝐴𝑢𝐵:
{
∣𝑢𝑤∣ ≤ 𝑟
2
+∣𝑢𝑠∣2 −∣𝑤𝑠∣2
𝑟ˆ𝑢
arccos( ∣𝑢𝑤∣ 2∣𝑢𝑤∣⋅∣𝑢𝑠∣
) ≤ arcsin( ∣𝑢𝑠∣
)
where 𝑟 is the communication range; ∣𝑢𝑤∣, ∣𝑢𝑠∣ and ∣𝑤𝑠∣
denote the Euclidian distances between each pair of the nodes
𝑢, 𝑤 and 𝑠. They can be easily computed since their positions
are already known for node 𝑤. If both of the above two
equations hold, then 𝑤 is in ∠𝐴𝑢𝐵.
C. Data Compression and Buffer Management
Data generated by any common node 𝑣 is usually multidimensional in the form of (𝑐1 , 𝑐2 , ⋅ ⋅ ⋅ , 𝑐𝑘 ) where each
𝑐𝑖 (𝑖 = 1, ⋅ ⋅ ⋅ , 𝑘) represents different parameters such as
temperature, light, humidity, etc. Suppose 𝑐𝑖 ’s domain size is
𝐷𝑖 , then (𝑐1 , 𝑐2 , ⋅ ⋅ ⋅ , 𝑐𝑘 ) can be mapped into a value 𝑐𝑚 using
𝑘−1
𝑘
∑
∏
(𝑐𝑖 ⋅
𝐷𝑗 ) + 𝑐𝑘 . Here, 𝑐𝑚 could
the equation: 𝑐𝑚 ←
𝑖=1

be a large number since

𝑘
∏

𝑗=𝑖+1

𝑗=𝑖+1

𝐷𝑗 may be a large number if the

dimension size 𝑘 is large. To store 𝑐𝑚 would consume a large
amount of space despite the fact that the storage space for 𝑐𝑚
is less than that for (𝑐1 , 𝑐2 , ⋅ ⋅ ⋅ , 𝑐𝑘 ). We adopt the following
transformations to reduce the storage space for 𝑐𝑚:
(𝑝.𝑞) ← log2 (𝑐𝑚); 𝑚𝑣 ← 𝑞 ⋅ 𝐷𝐼 + 𝑝;
where . between 𝑝 and 𝑞 is the decimal point and 𝑝 is the
integral part and 𝑞 is the decimal part with 4 significant digits
after the decimal point. 𝐷𝐼 is the domain size of the integral
part. Usually, 𝐷𝐼 = 64, thus we can use 2 bytes to store 𝑚𝑣 .
We can easily extract (𝑐1 , 𝑐2 , ⋅ ⋅ ⋅ , 𝑐𝑘 ) from 𝑚𝑣 as follows:
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[

]

𝑣 −𝑝
𝑞 ← 𝑚𝐷
; 𝑐𝑚 ← 2(𝑝.𝑞) ;
𝐼
]
[
𝑐𝑚𝑘
⋅ 𝐷𝑘 ;
𝑐𝑚𝑘 ← 𝑐𝑚; 𝑐𝑘 ← 𝑐𝑚𝑘 − 𝐷
𝑘
]
[
𝑐𝑚
𝑐𝑚𝑘 −𝑐𝑘
; 𝑐𝑘−1 ← 𝑐𝑚𝑘−1 − 𝐷 𝑘−1 ⋅ 𝐷𝑘−1 ;
𝑐𝑚𝑘−1 ←
𝐷𝑘
𝑘−1
⋅⋅⋅⋅⋅⋅
𝑐𝑚2 −𝑐2
; 𝑐1 ← 𝑐𝑚1 ;
𝑐𝑚1 ←
𝐷

𝑝 ← 𝑚𝑣 −

𝑚𝑣
𝐷𝐼

⋅ 𝐷𝐼 ;

size of BF is no more than the packet size 𝑆 (typically 320
bits), i.e. 𝐿= 16
𝑝 ⩽ 𝑆 and (b) with the same space size, BF can
accommodate more data items than an array with lower false
positive probability, i.e. 𝑥 =

2

During the process of data collection, when a common node
𝑣 receives a COLLECT message from a collector 𝑤, 𝑣 sends
compressed data message DATA(𝑚𝑣 ) to 𝑤. This can cut down
the packet size and reduce total message overhead.
Upon receiving DATA(𝑚𝑣 ) from node 𝑣, collector 𝑤 stores
𝑚𝑣 in its local buffer. The core idea of local buffer management
is to first use an array to store the received compressed data
without false positives. If the array is full, 𝑤 uses a bloom filter
[21] to store more received data with a tolerant false positive
probability 𝜂. If the bloom filter is full, 𝑤 starts the angle
transmission.
The local buffer initially is an array that consists of 𝑥
elements and each element can store the received compressed
−𝑁 ⋅𝑝
data. Here, 𝑥= 𝑁 𝑁
+ 1= 𝑝1 , where 𝑁 is the number of all
⋅𝑝
the nodes; 𝑝 is a probability with which each common node
is a collector. According to Proposition 1, this means each
collector on average collects 𝑥 data items, and the total number
of collected data items is 𝑥 ⋅ 𝑁 𝑝=𝑁 . If the array is full, then
collector 𝑤 maintains its data buffer as follows: (i) 𝑤 creates
a bloom filter BF(𝐿, 𝑘, 𝜂, 𝑚𝑖𝑛, 𝑚𝑎𝑥, 𝑛) with 𝐿 bits, 𝑘
independent hash functions ℎ1 , ℎ2 , ⋅ ⋅ ⋅ , ℎ𝑘 and a tolerant false
positive probability 𝜂. The bloom filter BF representing a set of
𝑛 compressed data {𝑚1 , 𝑚2 , ⋅ ⋅ ⋅ , 𝑚𝑛 } is described by a vector
of 𝐿 bits. 𝑚𝑖𝑛 and 𝑚𝑎𝑥 denote the minimum and maximum
value among {𝑚1 , 𝑚2 , ⋅ ⋅ ⋅ , 𝑚𝑛 }, 𝑛 denotes the number of
data items hashed into BF. (ii) 𝑤 hashes the 𝑥 elements into
BF. (iii) 𝑤 releases the space of the array.
The above buffer management mechanism is also applicable
to the data replication mechanism on common nodes discussed
in Section III-A. Here, we set 𝐿=16𝑥= 16
𝑝 , then the BF does not
requires extra storage space since each compressed data item
takes 16 bits. The BF uses 𝑘 independent hash functions to
map each data item 𝑚𝑖 (1 ⩽ 𝑖 ⩽ 𝑛) to a sequence of random
numbers ℎ1 (𝑚𝑖 ), ℎ2 (𝑚𝑖 ), ⋅ ⋅ ⋅ , ℎ𝑘 (𝑚𝑖 ) over a range {1, ⋅ ⋅ ⋅ ,
𝐿} uniformly. For any data item 𝑚𝑖 , the bits ℎ1 (𝑚𝑖 ), ℎ2 (𝑚𝑖 ),
⋅ ⋅ ⋅ , ℎ𝑘 (𝑚𝑖 ) are set to 1 when inserting 𝑚𝑖 into BF.
When we extract data from BF, we just need to check
whether an element 𝑚 from 𝑚𝑖𝑛 to 𝑚𝑎𝑥 stepped by 1 is in
BF. One just needs to judge whether all the ℎ𝑖 (𝑚) (1 ⩽ 𝑖 ⩽ 𝑘)
bits are set to 1. If so, we report 𝑚 in the BF. However, there
is a probability that this could be wrong (i.e., false positive).
The false positive probability is:
1 𝑛×𝑘 𝑘
𝑝
)
) = (1 − (1 − )𝑛×𝑘 )𝑘
𝐿
16
Given a tolerant false positive probability 𝜂, if there exists a
𝐵𝐹
maximum 𝑛𝑚𝑎𝑥 such that 𝑓𝐿,𝑘,𝑛
≤ 𝜂, we call 𝑛𝑚𝑎𝑥 as the
𝑚𝑎𝑥
capacity of BF. This mechanism is equivalent to aggregating
many data items into one data structure. We hope that (a) the
𝐵𝐹
𝑓𝐿,𝑘,𝑛
= (1 − (1 −

1
𝑝

⩽ 𝑛𝑚𝑎𝑥 ⩽

1
ln( 1− √
𝑘 𝜂)

.
1
𝑘 ln( 1−𝑝/ )
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Proposition 3: Given 𝜂, 𝑘 and packet size 𝑆, a proper 𝑝 can
be found such that requirements (a) and (b) can be satisfied.
For example, if 𝑘=5, 𝜂=2%, 𝑆=320, then 𝑝=5%
𝑛𝑚𝑎𝑥 =39≈2⋅𝑥 > 𝑥= 𝑝1 =20.
Upon receiving DATA(𝑚𝑣 ) from common node 𝑣, node 𝑤
stores 𝑚𝑣 in its local data array. If its array is full, 𝑤 hashes 𝑚𝑣
into its local BF and increases 𝑛 by 1. If 𝑛 > 𝑛𝑚𝑎𝑥 , i.e. the BF
is full, then (i) if 𝑤 is a collector, 𝑤 starts angle transmission;
(ii) if 𝑤 is a common node, 𝑤 discards DATA(𝑚𝑣 ) since its
data buffer is full.
D. Rotation of The Collectors
SMITE adopts randomized rotation of the collectors to
evenly distribute the energy consumption load among the sensor nodes. Once a collector 𝑢 finishes the angle transmission, it
turns its role from COLLECTOR to COMMON. If the sink
receives 𝑦 data packets from 𝑦 collectors during a round, then
there are 𝑦 collectors which turn their roles to COMMON.
To maintain the data delivery ratio, 𝑦 collectors should be
randomly re-elected from 𝑁 -𝑁 ⋅ 𝑝+𝑦 common nodes. Before
the sink broadcasts the VP message, it adds 𝑦 into VP. When
a common node 𝑤 receives VP, 𝑤 turns into COLLECTOR
with a probability 𝑔= 𝑁 −𝑁𝑦⋅𝑝+𝑦 + 𝑁𝑒𝑤⋅𝑒 , where 𝑒𝑤 is 𝑤’s residual
energy and 𝑒 is 𝑤’s initial energy. If 𝑤 has more residual
energy, then 𝑤 becomes a collector with a high probability.
Proposition 4: Let random variable 𝑌 denote the number of
the re-elected collectors, then E(𝑌 )=𝑦.
Proof. Let random variable 𝑌𝑤 denote the role of node
𝑤 during the process of collectors re-election. 𝑌𝑤 =0 denotes
that 𝑤 is a common node; 𝑌𝑤 =1 denotes that 𝑢 is a col𝑁 −𝑁
∑⋅𝑝+𝑦
lector. Pr(𝑌𝑤 =0)=1-𝑔;Pr(𝑌𝑤 =1)=𝑔. Thus, 𝑌 =
𝑌𝑤 and
E(𝑌 )=

𝑁 −𝑁
∑⋅𝑝+𝑦
𝑤=1

𝑁 −𝑁
∑⋅𝑝+𝑦

E(𝑌𝑤 )=𝑦+

is an integer, thus E(𝑌 )=𝑦.

𝑤=1

𝑤=1

𝑒𝑤
𝑁 ⋅𝑒 <

𝑦+1. Since E(𝑌 )
■

IV. T HEORETICAL A NALYSIS AND O PTIMIZATION
This section proposes a probability model using Markov
Chains to depict common nodes’ movement and presents
some analytic results to show data on common nodes can be
transmitted to collectors with a high probability and all the
received data on collectors can be forwarded to the mobile sink
also with a high probability. Based on the analytical results,
the length of a round can be determined.
A. From Common Nodes To Collector Nodes
For any common node 𝑤 at time slot 𝑡, 𝑤 has two possible
states: one is that 𝑤 receives a COLLECT message from a
collector 𝑢 and it sends its data to 𝑢, this state is called COL;
another is that 𝑤 never receives any COLLECT message from
any collector, we call this state UNCOL. Random variable
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data can be collected.
Lemma 6: For any common node 𝑤, if it stays in UNCOL
1
time slots, 𝑤 can change its state
state, on average for 1−𝑐
from UNCOL to COL.
Fig. 4.

A Markov chain for a common node movement.

𝑋𝑤,𝑡 denotes common node 𝑤’s state at time slot 𝑡. 𝑋𝑤,𝑡 =0
denotes 𝑤 stays in UNCOL state. 𝑋𝑤,𝑡 =1 denotes 𝑤 stays in
COL state. {𝑋𝑤,𝑡 , 𝑡 ∈ [1, ∞)} is a discrete Markov chain, because 𝑋𝑤,𝑡 satisfies the following equation, where 𝑎𝑡 ∈ {0, 1}:
Pr(𝑋𝑤,𝑡 = 𝑎𝑡 ∣𝑋𝑤,𝑡−1 = 𝑎𝑡−1 , 𝑋𝑤,𝑡−2 = 𝑎𝑡−2 , ⋅ ⋅ ⋅ , 𝑋𝑤,1 =
𝑎1 ) = Pr(𝑋𝑤,𝑡 = 𝑎𝑡 ∣𝑋𝑤,𝑡−1 = 𝑎𝑡−1 ) = Pr(𝑋𝑤,𝑡 = 𝑎𝑡 ). This
is obvious since every common node moves randomly, and its
current state is independent of the history during which 𝑋𝑤,𝑡−1
is arrived.
Now we compute Pr(𝑋𝑤,𝑡 = 𝑎𝑡 ), 𝑎𝑡 ∈ {0, 1}. For a
collector 𝑢, the probability of the case that any common node
2
𝑤 stays in 𝑢’s coverage area is 𝑏 = 𝜋𝑟
𝑍 2 , where 𝑟 is the
communication range and 𝑍 is the width of the monitored
area. According to Proposition 1, there are on average 𝑁 ⋅ 𝑝
collectors. On average, the probability of the case that any
common node 𝑤 stays in UNCOL state, i.e., the probability
of the case that 𝑤 does not stay in any collector’s coverage area is Pr(𝑋𝑤,𝑡 = 0)=(1 − 𝑏)(𝑁 ⋅𝑝) =𝑐; the probability
of that any common node 𝑤 stays in COL state, i.e., the
probability of that 𝑤 stays in at least one collector’s radio
coverage area is Pr(𝑋𝑤,𝑡 = 1)=1 − (1 − 𝑏)(𝑁 ⋅𝑝) =1 − 𝑐. Thus,
Pr(𝑋𝑤,𝑡 = 0∣𝑋𝑤,𝑡−1 = 0)=Pr(𝑋𝑤,𝑡 = 0∣𝑋𝑤,𝑡−1 = 1)=𝑐;
Pr(𝑋𝑤,𝑡 = 1∣𝑋𝑤,𝑡−1 = 0)=Pr(𝑋𝑤,𝑡 = 1∣𝑋𝑤,𝑡−1 = 1)=1 − 𝑐.
Fig. 4 shows this Markov chain and its transition matrix. For
simplicity, in Fig. 4, 0 denotes UNCOL and 1 denotes COL.
Proposition 5 estimates how many common nodes stay in COL
state in one time slot.
3
Proposition 5: If 𝑁 ≥ (1−𝑝)⋅(1−𝑐)⋅𝜀
2 𝑙𝑛(2/𝛿), then 𝑁 ⋅ (1 −
𝑝) ⋅ (1 − 𝑐) gives (𝜀, 𝛿)-approximation for 𝑋𝑡 , the number of
the common nodes which stay in COL state during time slot 𝑡.
That is, for any 0 < 𝜀, 𝛿 < 1, Pr(∣𝑋𝑡 − 𝑁 ⋅ (1 − 𝑝) ⋅ (1 − 𝑐)∣ ≥
𝜀𝑁 ⋅ (1 − 𝑝) ⋅ (1 − 𝑐)) ≤ 𝛿.
Proof. According to Lemma 2, there are 𝑁 − 𝑁 ⋅ 𝑝 common
𝑁 −𝑁
𝑁 −𝑁
∑ ⋅𝑝
∑ ⋅𝑝
𝑋𝑤,𝑡 and E(𝑋𝑡 )=
E(𝑋𝑤,𝑡 )=𝑁 ⋅
nodes. 𝑋𝑡 =
𝑤=1

𝑤=1

(1 − 𝑝)(1 − 𝑐). Since 𝑋1,𝑡 , 𝑋2,𝑡 , ⋅ ⋅ ⋅ , 𝑋𝑁 −𝑁 ⋅𝑝,𝑡 is a sequence
of independent Poisson trials with Pr(𝑋𝑤,𝑡 = 1) = 1 − 𝑐, according to Chernoff bounds estimation for the sum of Poisson
trials in [22], for any 0 < 𝜀 < 1, and E(𝑋𝑡 )=𝑁 ⋅ (1 − 𝑝)(1 − 𝑐),
E(𝑋𝑡 )⋅𝜀2
Pr(∣𝑋𝑡 − E(𝑋𝑡 )∣ ≥ 𝜀E(𝑋𝑡 )) ≤ 2𝑒− 3 . For any 0 < 𝛿 <
E(𝑋𝑡 )⋅𝜀2
3
−
3
1, if 𝑁 ≥ (1−𝑝)⋅(1−𝑐)⋅𝜀
≤ 𝛿. Thus
2 𝑙𝑛(2/𝛿), i.e. 2𝑒
𝑁 ⋅ (1 − 𝑝) ⋅ (1 − 𝑐) gives (𝜀, 𝛿)-approximation for the number
of common nodes stayed in COL during time slot 𝑡.
■
From Proposition 5 we know that in one time slot, there
are 𝑁 ⋅ (1 − 𝑝)(1 − 𝑐) data on common nodes that can be
collected, i.e., not all 𝑁 data items can be collected in one
time slot. Lemma 6 shows how many time slots a common
node 𝑤 stays in UNCOL state. After those time slots, 𝑤’s

Proof. From Fig. 4 we know that 𝑤’s state is a Markov chain.
For simplicity, in Fig. 4, 0 denotes UNCOL and 1 denotes
𝑡
COL. Let 𝑟0,1
denote the probability that, starting at state 0,
𝑡
the first transition to state 1 occurs at time slot 𝑡; that is, 𝑟0,1
=
𝑡−1
𝑐
⋅ (1 − 𝑐), i.e., in the previous 𝑡 − 1 time slots, 𝑤 stays in
state 0, and at time slot 𝑡, 𝑤 stays in state 1. We denote by
∞
∑
𝑡
𝑡 ⋅ 𝑟0,1
the expected time to first reach state 1 from
ℎ0,1 =
𝑡=1

state 0. Then ℎ0,1 =

∞
∑
𝑡=1

1
𝑡 ⋅ 𝑐𝑡−1 ⋅ (1 − 𝑐)= 1−𝑐
.

■

1
Based on Lemma 6, the length of a round can be set as 1−𝑐
and at the beginning of each round, if a node generates new
data and its state is COL, then its state recovers from COL to
1
UNCOL. The probability of the case that after 1−𝑐
time slots,
any common node becomes COL, is given by the Theorem 7.

Theorem 7: For any common node 𝑤, the probability that
1
its data can be collected by collectors during 1−𝑐
time slots
approaches to 1.
Proof. In one time slot 𝑡, for any common node 𝑤, the
probability that its data is not collected by collectors is
Pr(𝑋𝑤,𝑡 = 0) = 𝑐, and the probability that its data is not
1
1
collected by collectors during 1−𝑐
time slots is 𝑐 1−𝑐 . Thus,
the probability that its data can be collected by collectors in at
1
1
least one time slot during 1−𝑐
time slots is 1−𝑐 1−𝑐 . According
1
to formula 1 − (1 − 𝑥)𝑛 ≈ 𝑛 ⋅ 𝑥(𝑥 ≪ 1; 𝑛 > 1), 1 − 𝑐 1−𝑐 =
𝑁 ⋅𝑝

1 − (1 − 𝑏) 1−(1−𝑏)𝑁 ⋅𝑝 ≈

𝑏⋅𝑁 ⋅𝑝
1−(1−𝑏)𝑁 ⋅𝑝

≈

𝑏⋅𝑁 ⋅𝑝
𝑏⋅𝑁 ⋅𝑝

= 1.

■

Corollary 8: For any node 𝑤, the probability that 𝑤 receives
1
the VP message from the mobile sink during 1−𝑐
time slots
ℎ2

is 𝑁𝑚𝑎𝑥
⋅𝑝 , where ℎ𝑚𝑎𝑥 is the number of the flooding hops from
the sink.
Proof. In one time slot 𝑡, for any node 𝑤, the probability that
𝜋⋅𝑟 2 ⋅ℎ2𝑚𝑎𝑥
it receives VP from the sink is 𝑓 =
. The probability
𝑍2
1
1
that 𝑤 receives VP during 1−𝑐 time slots is 1 − (1 − 𝑓 ) 1−𝑐 .
According to 1 − (1 − 𝑥)𝑛 ≈ 𝑛 ⋅ 𝑥(𝑥 ≪ 1; 𝑛 > 1), 1 − (1 −
1
ℎ2
𝑓
≈ 𝑏⋅𝑁𝑓 ⋅𝑝 = 𝑁𝑚𝑎𝑥
■
𝑓 ) 1−𝑐 ≈ 1−𝑐
⋅𝑝 .
Optimization Strategy: According to Corollary 8, if
√
ℎ𝑚𝑎𝑥 = 𝑁 ⋅ 𝑝, then for any node 𝑤, the probability that it
receives VP from the sink is close to 1. Theorem 7 tells us data
1
on the common nodes can be transmitted to collectors in 1−𝑐
time slots with a high probability. However, there still exists a
1
case with small probability 𝑐 1−𝑐 that data on a common node
1
𝑤 is not collected by collectors during 1−𝑐
time slots. To avoid
such a case and improve data delivery ratio, if a common node
1
𝑤 stays in UNCOL state in all the previous 1−𝑐
− 1 time slots
of a round, then 𝑤 broadcasts it data to all of its neighbors
in the last time slot of a round. If 𝑤’s neighbor is a common
node, then the common node stores the received data from 𝑤
in its local buffer as a replica. In this way, if 𝑤’s neighbors’
data can be collected, then 𝑤’s data can also be collected.
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V. S IMULATION E VALUATION
SMITE is implemented on NS2 with C++. Mobile nodes and
a sink are deployed in an area of 1200𝑚×1200𝑚. Each mobile
node as well as the sink randomly chooses their movement
direction from (0, 2𝜋) and moves with a velocity randomly
chosen from (0, 𝑚𝑎𝑥𝑣 𝑚/𝑠), where 𝑚𝑎𝑥𝑣 is the node’s
maximum velocity. Each node has a transmission range of
100𝑚. The bloom filter with 5 random hash functions on each
sensor is 320 bits. The tolerant false positive probability 𝜂 is
5%. A time slot duration is 1𝑠. A round has two time slots
according to Lemma 6. The sink partially floods its location
and velocity every time slot. In each round, all data on 𝑁 nodes
should be collected. We compare SMITE with Sidewinder [14],
DFT-MSN [18] and SCAR [19] on the aspects of data delivery
ratio, messages overhead and time delay.
For data delivery ratio, the node’s maximum velocity and the
number of nodes are varied. Fig. 5 shows the delivery ratio
against the maximum velocity of nodes 𝑚𝑎𝑥𝑣. 200 sensor
nodes (𝑁 =200) randomly move in the area. The number of
the hops of the sink’s partial flooding is 12 (ℎ𝑚𝑎𝑥 =12). 20%
of the nodes are chosen as collectors (𝑝=20%). As the maximum speed increases, the delivery ratio of SMITE increases.
SMITE outperforms DFT-MSN, Sidewinder and SCAR when
the nodes’ maximum speed exceed 5𝑚/𝑠. The data delivery
ratio of SMITE is on average 28.3%, 85.3% and 37.0% higher
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Delivery ratio vs the maximum velocity of sensor nodes.
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This section shows that all gathered data on collectors can
also be forwarded to the mobile sink with a high probability.
Theorem 9: Suppose there are 𝑘 hops from a collector 𝑢 to
the sink 𝑆 along a path P from 𝑢 to 𝑆, where P={𝑢, 𝑢1 , 𝑢2 ,
⋅ ⋅ ⋅ , 𝑢𝑘−1 , 𝑆}. 𝑢1 , 𝑢2 , ⋅ ⋅ ⋅ , 𝑢𝑘−1 are intermediate relay nodes.
The probability of a successful transmission along P is close
to 1 if 𝑁 is large enough .
Proof. First, we present the probability of 1-hop successful
transmission from any collector 𝑢 to its neighbors in the sector
ˆ with angle 2 ⋅ 𝜃𝑢 (see
(as shown in Fig. 3, the sector 𝐶𝑢𝐷)
𝑟ˆ𝑢
Section III-B, 𝜃𝑢 = arcsin( ∣𝑢𝑠∣
)). Since each node randomly
and independently moves, the probability for any node to go
2
into the sector with the angle 2 ⋅ 𝜃𝑢 is 𝑑𝑢 = 𝑟 𝑍⋅𝜃2𝑢 . Thus, the
probability of the case that there is at least one node in the
sector is 𝑒𝑢 = 1 − (1 − 𝑑𝑢 )𝑁 . If there is a node in the sector,
then the 1-hop angle transmission from 𝑢 to its neighbors in
the sector will be successful. Therefore, the probability of that
1-hop successful transmission from 𝑢 to its neighbors in the
sector is 𝑒𝑢 = 1 − (1 − 𝑑𝑢 )𝑁 . On average, the number of
the nodes in the sector is 𝑁 ⋅ 𝑑𝑢 (the proof is similar to that
of Proposition 1). For any node 𝑣 ∈P, 𝑣 has a sector with a
transmission angle. On average, the number of the nodes in
𝑣’s sector is 𝑁 ⋅ 𝑑𝑣 . Thus, transmission from 𝑢 to 𝑆 is a multipath transmission and there are at least min𝑣∈P 𝑁 ⋅ 𝑑𝑣 paths.
Among these paths, the probability of the case that there is
at least one path which is a successful transmission path is
∏
1 − (1 − 𝑣∈P 𝑒𝑣 )min𝑣∈P {𝑁 ⋅𝑑𝑣 } . This probability is close to 1
if 𝑁 is large enough.
■

D ata delivery ratio (% )

B. From Collector Nodes To Sink
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Delivery ratio vs the number of sensor nodes.

than that of Sidewinder, SCAR and DFT-MSN respectively. In
a high-speed scenario, the chance of common nodes meeting
with collectors increases, so that it is more likely that the
transmissions from common nodes to collectors are successful.
The estimated movement territory for the sink in the high-speed
scenario also enhances because the sink’s estimated territory
relies on the sink’s speed. Large territory results in a large
transmission angle during angle transmission. This leads to
more multi-path transmission from collectors to the sink and
improves the data delivery ratio. Fig. 6 shows the delivery ratio
against the number of sensor nodes 𝑁 . The maximum velocity
of nodes is 20𝑚/𝑠 (𝑚𝑎𝑥𝑣=20𝑚/𝑠). 𝑁 varies from 40 to 320.
As the number of nodes increases, the delivery ratio of SMITE
increases. The data delivery ratio of SMITE is on average
72.9%, 93.1% and 69.3% higher than that of Sidewinder,
SCAR and DFT-MSN respectively. In a high density scenario,
the chance of common nodes meeting with collectors also
increases. High node density results in a large number of
nodes in the transmission angle during angle transmission. This
results in more multi-path transmissions from collectors to the
sink and increases the data delivery ratio.
For message overhead, the number of nodes varies from 40
to 320. Fig. 7 shows the total number of messages against
the number of nodes 𝑁 . 20% of the nodes are chosen as
collectors (𝑝=20%). The maximum speed is 20𝑚/𝑠. As the
number of nodes increases, the total numbers of messages
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the common nodes can be transmitted to the collectors with a
high probability and gathered data on the collectors can also
be forwarded to the mobile sink with a high probability. The
collectors use bloom filters to compress received data. The
simulation results on NS2 validate the theoretical results and
show that SMITE outperforms the state-of-the-art schemes,
DFT-MSN, SCAR and Sidewinder, on the aspects of packet
delivery ratio, transmission overhead, and time delay.
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from SMITE, Sidewinder, SCAR and DFT-MSN increase.
The total number of messages from SMITE is on average
93.4%, 81.1% and 69.2% fewer than that of Sidewinder,
SCAR and DFT-MSN respectively. Collected data on collectors
can be aggregated together into a bloom filter. With this
design, SMITE can reduce message overhead. In SMITE, only
a minority of collectors periodically broadcast their context
information rather than all nodes. Common nodes do not need
to periodically broadcast their context information. To further
reduce communication overhead during angle transmission, a
node forwards its received packet only once if it stays in
an overlapped forwarding angle from two forwarding nodes.
Besides this, SMITE only needs mobile sink’s partial flooding.
This scheme can greatly reduce message overhead.
For time delay, the number of nodes were varied from 40
to 320. Fig. 8 shows the average delay against the number of
nodes. The delay of successfully delivered data is defined as
the total time slots from the time when the data is generated
until the data is collected. 𝑝 is 20%. The maximum speed
is 20𝑚/𝑠. The delay of SMITE is on average 48.0%, 26.5%
and 20.5% shorter than that of Sidewinder, SCAR and DFTMSN. In SMITE, only aggregated data on collectors should be
collected. This design can reduce the amount of collected data.
VI. C ONCLUSION
The paper proposes SMITE, a novel data collection protocol
for MWSNs. The theoretical results show that all data from
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