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Abstract—Time synchronization is an important requirement for many services provided by distributed networks. A lot of time
synchronization protocols have been proposed for terrestrial Wireless Sensor Networks (WSNs). However, none of them can be directly
applied to Underwater Sensor Networks (UWSNs). A synchronization algorithm for UWSNs must consider additional factors such as long
propagation delays from the use of acoustic communication and sensor node mobility. These unique challenges make the accuracy of
synchronization procedures for UWSNs even more critical. Time synchronization solutions specifically designed for UWSNs are needed
to satisfy these new requirements. This paper proposes Mobi-Sync, a novel time synchronization scheme for mobile underwater sensor
networks. Mobi-Sync distinguishes itself from previous approaches for terrestrial WSN by considering spatial correlation among the
mobility patterns of neighboring UWSNs nodes. This enables Mobi-Sync to accurately estimate the long dynamic propagation delays.
Simulation results show that Mobi-Sync outperforms existing schemes in both accuracy and energy efficiency.
Index Terms—UWSNs, synchronization, sensor node
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INTRODUCTION

I

N recent years, Underwater Sensor Networks (UWSNs)
have gained significant attention from academic and
industrial researchers due to the potential benefits and unique
challenges posed by the water environment [1], [2], [3], [4].
UWSNs have allowed a host of applications to become both
feasible and effective, including coastal surveillance, environmental monitoring, undersea exploration, disaster prevention, and mine reconnaissance. However, due to the high
attenuation of radio waves in water, acoustic communication
is emerging as the most suitable media. Several characteristics
specific to underwater acoustic communications and networking introduce additional design complexity into almost
every layer of the network protocol stack [1], [2], [3], [4], [5].
For example, low communication bandwidth, long propagation delays, higher error probability, and sensor node
mobility are concerns that must be confronted.
This paper addresses the time synchronization problem, a
critical service in any sensor network. Nearly all UWSN
applications depend on time synchronization service. For
example, data mining requires global time information,
TDMA, one of the most commonly used Medium Access
Control (MAC) protocols, often requires nodes to be
synchronized. Furthermore, most of the localization algorithms for underwater [6], [7], [8], [9] and terrestrial sensor
networks [10], [11], [12], [13], [14] assume the availability of
time synchronization service.
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Numerous time synchronization protocols for terrestrial
Wireless Sensor Networks (WSNs) have been proposed in
the literature [15], [16], [17], [18], [19], [20]. Their synchronization accuracy and energy efficiency for land-based
applications is cogent. However, most of these approaches
assume that the propagation delay among sensors is
negligible. This is not the case in UWSNs, which suffer
from the low propagation speeds of acoustic signals
(roughly 1,500 m/s in water). Sensor node mobility also
contributes to long and variable propagation delay in
UWSNs. These additional complicating factors render
previous approaches less suitable for adaptation to UWSNs.
Furthermore, the batteries of underwater sensor nodes are
difficult to recharge and it is often impractical to replace due
to their relative inaccessibility. This lack of serviceability
imposes even more stringent requirements. The UWSN will
need to be energy efficient. This set of distinguishing
characteristics introduce new challenges into the design of
time synchronization schemes for UWSNs.
There are various time synchronization algorithms already proposed for UWSNs, including TSHL [21], MU-Sync
[22], and D-Sync [23]. These algorithms effectively address
the long propagation delays. However, they all exhibit
particular shortcomings. For example, TSHL is designed for
static networks. Therefore, it does not consider sensor node
mobility. MU-Sync confronts the mobility issue, but it is not
energy efficient. D-Sync overlooks the effect of the skew
when estimating the Doppler shift. To overcome the
limitations of existing approaches, this paper proposes
Mobi-Sync, a high energy efficient time synchronization
scheme specifically designed for mobile UWSNs.
The distinguishing attribute of Mobi-Sync is how it
utilizes information about the spatial correlation of mobile
sensor nodes to estimate the long dynamic propagation
delays among nodes. The time synchronization procedure
consists of three phases: delay estimation, linear regression,
Published by the IEEE Computer Society
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contact with surface buoys and can only communicate
with their neighboring ordinary nodes or super
nodes. The lifetime of ordinary node is restricted by
its limited battery supply.

Fig. 1. Underwater sensor network architecture.

and calibration. Phase I acquires information about the
spatial correlations of the mobile sensor nodes to accurately
estimate the propagation delays. In Phase II, sensor nodes
perform linear regression based on MAC layer time stamps
and corresponding propagation delays to produce initial
estimates of the clock skews and offsets. These initial results
serve as inputs to Phase III, which calibrates the estimates,
further improving the synchronization accuracy. During
calibration, the final clock skew and offset estimates are
obtained by updating certain parameters and repeating the
delay calculations and linear regressions. Extensive simulations demonstrate the effectiveness of the proposed
approach for time synchronization, confirming that it does
not suffer from mobility. The results indicate that MobiSync outperforms existing schemes with respect to both
accuracy and energy efficiency.
The paper is organized as follows: background information and related work are reviewed in Section 2. Section 3
presents Mobi-Sync. Error analysis for the delay estimation is
conducted in Section 4, while Section 5 presents simulation
results. Conclusions and future work are offered in Section 6.

2

BACKGROUND AND RELATED WORK

This section aims to introduce some background knowledge
including network Architecture, pairwise synchronization,
spatial correlation and some related works.

2.1 Network Architecture
In this paper, we consider a hierarchical underwater sensor
network architecture [7], as shown in Fig. 1 The network
consists of three types of nodes.
.

.

.

Surface buoys. Surface buoys are equipped with GPS
to obtain global time references and perform
localization. They serve as the “satellite” nodes in
underwater environment.
Super nodes. Super nodes are powerful sensor nodes,
working as reference clocks, as they always maintain
synchronization with surface buoys. Moreover, super
nodes can perform moving speed estimation as they
can directly communicate with the surface buoys to
obtain real time location and global time information.
Ordinary nodes. Ordinary nodes are the sensor nodes
aiming to become synchronized. They are inexpensive and have low complexity, cannot make direct

2.2 Pairwise Synchronization
In order to perform time synchronization for pairs of clocks,
most existing algorithms rely on estimating the clock offset
and skew, which present the relation between the time
measured by two different clocks. In most cases, the time
difference is captured by exchanging time-stamped packets,
or “pings,” between nodes. Mobi-Sync also yields to this
pairwise synchronization approach. In terms of time
synchronization, an ordinary node is the clock aiming to
get synchronized and a super node plays the role of the
reference clock. We then get
T ¼ a  t þ b;

ð1Þ

where T stands for the measured time of ordinary node, t is
reference time, a is the relative clock skew, and b is the offset.

2.3 Spatial Correlation
Research in hydrodynamics shows that in certain underwater environments the movement of underwater objects
exerts specific characteristics related to the surrounding
environmental factors such as water current, pressure and
water temperature [24], [25]. Generally speaking, there is no
unified mobility model that can be applied for all underwater environments. However, some mobility models have
been devised show that the movement of underwater objects
is not in a totally random fashion. Temporal and spatial
correlation is always inherent in such movement. Fortunately, this characteristic has a positive impact on MobiSync as it can be used for an ordinary node to calculate its
own moving velocity.
In the network, each underwater node’s mobility behavior
during a specific time period can be represented with a speed
vector [7], V ¼ ½vð1Þ; vð2Þ; . . . ; vðiÞ; . . . ; vðkÞ. Where vðiÞ is the
average speed corresponding to a certain short time period.
For each ordinary node, it cannot communicate with
surface buoys, unlike super nodes. However, by taking
advantage of sensor nodes spatial correlation characteristic,
its moving velocity can be estimated as follows.
Assuming an ordinary node j aims to compute its
velocity [vx ðjÞ; vy ðjÞ], where vx ðjÞ/vy ðjÞ denotes the current
speed of node j in the x=y axis. If node j can obtain the
velocities of its neighboring super nodes, its own velocity
can be calculated as follows [24], [25]1
8
m
X
>
>
ij vx ðiÞ;
> vx ðjÞ ¼
<
i¼1
ð2Þ
m
X
>
>
>
ðjÞ
¼

v
ðiÞ;
v
ij y
: y
i¼1

where m is the number of neighbors, and the interpolation
coefficient ij is calculated as
1. This paper assumes that objects maintain constant in depth (z-axis)
and that the mobility pattern of objects takes place in the ðx; yÞ axis.
Therefore, objects with the same ðx; yÞ but different z move with the same
mobility pattern. This is the prevalent assumption found in hydrodynamics
research [24], [25] .
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ij ¼ Pmij

1
i¼1 rij

;

ð3Þ

where rij denotes the euclidean distance between node i
and node j. Consequently, in order to apply the existing
theory, it is necessary to know the distance between the
ordinary nodes and the neighboring super nodes.

2.4 Related Work
In the literature, there are various time synchronization
protocols for distributed systems like terrestrial radio sensor
networks, in which ordering of events is crucial. A landmark
paper in computer clock synchronization is Lamport’s work
[26] that elucidates the importance of virtual clocks in
systems where causality is more important than absolute
time. It has emerged as an important influence in sensor
works, in which many applications only require relative time
instead of absolute time.
The Network Time Protocol (NTP) [27] is a widely used
hierarchical protocol implemented to synchronize clocks in
large networks like the Internet. NTP provides accuracy in
the order of milliseconds by typically using GPS to achieve
synchronization to external sources that are organized in
levels called stratums. However, in underwater sensor
networks, GPS may not be available for all the scenarios.
Additionally, one-way delay estimated as one half of the
round trip transit time brings significant errors due to the
long propagation delay in UWSNs.
Reference Broadcast Synchronization (RBS) [15] is a wellknown receiver-receiver synchronization algorithm. It completely kills errors that derive from the sender side, and it
adopts the concept of postfacto synchronization, allowing
the time synchronization process to happen after data
collection rather than ahead of time. However, RBS requires
extra message exchange to communicate the local timestamps between any two nodes which intend to become
synchronized. The major idea of the RBS algorithm greatly
depends on immediate reception of reference messages.
Timing-sync Protocol for Sensor Networks (TPSNs) [16]
is a sender-receiver time synchronization which employs a
two-way message exchange for synchronization. Although
TPSN takes care of propagation delays, it does not take
the clock skew into account during synchronization
period. Instead, it only computes offset, which severely
limits its accuracy.
Flooding Time Synchronization Protocol (FTSP) [17] is
designed for sniper localization. Therefore, it is required to
achieve considerably high precision. As FTSP applies a
flooding technique, it is robust in regards to network
topology changes. The FTSP is not applicable to underwater
sensor network mainly because it also assumes instant
reception. Additionally, it requires hardware calibration,
which is not a completely software solution.
Although UWSNs have drawn considerable attention in
the past several years, there are still only a few works on
time synchronization in UWSNs.
TSHL [21] is time synchronization scheme designed for
high-latency networks, and addresses long propagation
delays and energy consumption issues. In TSHL, both oneway and two-ways MAC-layer message exchange are
employed, where one-way is to estimate the clock skew
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and two-ways is to calculate the clock offset. TSHL assumes
underwater sensor networks are static and therefore suffers
from sensor nodes mobility, especially when nodes move
fast [22].
MU-Sync [22] is a time synchronization approach proposed for a cluster-based UWSNs. In MU-Sync, the cluster
head manages the process of time synchronization including
launching time synchronization process, determining the
number of reference messages, calculating clock skew and
offset for every ordinary node and broadcasting the
calculated results to all nodes within this cluster. In MUSync, linear regression runs twice. The first run allows the
cluster head to estimate the draft skew by assuming constant
propagation delays. The second run is used to calibrate the
estimated skew and calculate the offset. Although MU-Sync
claims to be able to solve the mobility issue, it has relatively
high message overhead. Moreover, MU-Sync applies half of
the round trip time to compute one way propagation delay,
which involves significant errors when sensor nodes move
fast or regular nodes experience a long response time.
D-Sync [23] considers the the Doppler shift in underwater environments caused by node mobility, which is one
of the major impairments to underwater communication. By
estimating and compensating the Doppler shift, the
accuracy of propagation delay calculation can be improved
and therefore, so will the synchronization accuracy. However, D-Sync ignores the effect of the skew during the
process of calculating the Doppler scaling factor, which
reduces the accuracy of synchronization. Additionally,
estimating the Doppler shift needs special hardware
designed for underwater acoustic communication which is
not a complete software solution.

3

DESCRIPTION OF MOBI-SYNC

This section introduces Mobi-Sync in detail. An overview is
presented prior to the main body of Mobi-Sync which
is described with three phases. A discussion of the protocol
is then conducted.

3.1 Overview of Mobi-Sync
The propagation delay estimation performed in Phase I
consists of two steps, message exchange and delay calculation. In the message exchange step, an ordinary node
launches time synchronization by broadcasting a request
message. Upon receiving the request message, each neighboring super node schedules two response messages. These
response messages contain the recorded velocity vector of the
super node and its MAC layer time stamp. In the delay
calculation step, by making a reasonable assumption, the
ordinary node self-computes its velocity vector by utilizing
spatial correlations contained in the velocity vectors of the
neighboring super nodes. The ordinary node continues to
broadcast request messages until it obtains enough data
points to perform linear regression.
In Phase II, the ordinary node executes the first round of
linear regression with a set of time stamps received from the
super nodes and the corresponding propagation delays.
This provides an estimate of the draft clock skew and offset.
This regression employs an advanced Weighted Least
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TABLE 1
Parameter Description

Squares Estimation (WLSE) procedure to reduce the impact
of the assumption in Phase I.
In Phase III, to further improve the synchronization
accuracy, the ordinary node updates certain initial parameters, such as initial skew and initial distance, and
recalculates the delay and reperforms the linear regression
to obtain the final clock skew and offset. All notations are
listed in Table 1.
To further improve the synchronization accuracy, the
ordinary nodes update certain initial parameters in
Phase III, specifically initial skew and initial distance. Delay
calculation is performed again and a second round of linear
regression obtains the final clock skew and offset estimates.
Table 1 summarizes all notations.

3.2

Phase I: Propagation Delay Estimation

3.2.1 Message Exchange
Fig. 2a illustrates message exchange among sensor nodes for
the case where there are three super nodes available to assist
the ordinary node perform time synchronization. Fig. 2b
shows a single run of the message exchanged between the
ordinary node and each super node. The synchronization
procedure starts when an ordinary node initializes the
synchronization process by broadcasting the synchronization
request message SR to its neighboring super nodes. SR
contains the sending time-stamp T1 obtained at the MAC
layer, immediately before it departs from the ordinary node.
Upon receiving SR, super nodes mark their local time as T2 .
From that moment, they start to record their moving velocity
with the frequency of 1=ti . After suspending for a fixed time
interval tr1 , each super node sends back the first response
message RS1 with a MAC layer sending time-stamp T3 .2
The ordinary node learns T3 from RS1 and infers T2 as
T2 ¼ T3  tr1 . After a second fixed time period tr2 , super
2. Note that the distance from each super node to the ordinary node is
different, Mobi-Sync assumes that response messages from the super nodes
do not collide.

Fig. 2. Message exchange.

nodes send back the second response message RS2 . Upon
launching the synchronization process, the ordinary node
listens for RS1 and RS2 , and records the corresponding
receiving time T4 and T6 for each super node.

3.2.2 Delay Calculation
Considering the two round trips and combining with (1),
we gather the round trip distance h1 and h2


8
T4  T1
>
>
 V P;
< h1 ¼ d1 þ d2 ¼ T 2  T 3 þ
a 

ð4Þ
T6  T1
>
>
: h2 ¼ d1 þ d3 ¼ T 2  T 5 þ
 V P:
a
Where d1 and d2 are propagation distances of SR and RS1 ,
respectively. Regarding (4), to calculate h1 and h2 , in addition
to the measured time stamps, the skew “a” is also needed.
However, this skew is unknown and the goal is to estimate it
accurately. In Mobi-Sync, at this time, the skew is assigned
with an initial value “1,” named as initial skew. In doing so,
h1 and h2 may be calculated and treated as constants to assist
the subsequent computations. Any errors introduced by this
assumption can be corrected in the calibration phase.
Upon receiving an RS1 message from a super node, the
ordinary node calculates the initial distance r. At this
moment, the initial distance r is represented by half the
round trip distance h1 . Since the first response time tr1 is very
short, the error will be small. Later, the calibration phase will
reduce the negative impact of these errors. Therefore, the
initial distance r is
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Fig. 3. Relative motion.



1
T 2  T 3 þ T 4 T
VP
d1 þ d2
a
¼
:
r ¼ h1 =2 ¼
2
2

Fig. 4. Linear regression.

ð5Þ

From the initial distance r and super node velocity vectors,
the ordinary node can estimate its own velocity vector by
repeatedly computing the distances and velocity vectors
according to (2). After calculating its velocity relative to the
super nodes, the ordinary node infers the relative motion of
each neighboring super node. The relative motion between
each super node and the ordinary node is characterized by
two triangles, namely, 4T1 T2 T3 and 4T1 T2 T5 as shown in
Figs. 3a and 3b.3
Since tr1 is much shorter than tr2 , note from Fig. 3a, the
straight-line distance super node “A” moves relative to the
ordinary node during tr1 , named as L1 , will be much shorter
than L2 , which is the straight-line distance super node “A”
moves relative to the ordinary node during tr . Hence,  will
typically be very narrow. This suggests that Fig. 3a can be
approximated as Fig. 3b. Equation (6) calculates L1 and L2
based on Fig. 3b.
8
ðT 3X
T 2 Þ=ti
ðT 5X
T 2 Þ=ti
>
>
>
> L1x ¼
vx ðjÞti ; L2x ¼
vx ðjÞti ;
>
>
>
j¼1
j¼1
>
<
ðT 3X
T 2 Þ=ti
ðT 5X
T 2 Þ=ti
ð6Þ
>
L1y ¼
vy ðjÞti ; L2y ¼
vy ðjÞti ;
>
>
>
j¼1
j¼1
>
>
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ﬃ
>
>
: L1 ¼ L2 þ L2 ; L2 ¼ L2 þ L2 :
1x
1y
2x
2y
In Fig. 3b, combining (4) and applying the Cosine theorem
for the angle  common to both 4T1 T2 T3 and 4T1 T2 T5 , the
propagation delays for SR, RS1 , RS2 are


8
L1 h2 2  L2 2 þ L2 ðL1 2  h1 2 Þ
>
>
< 1 ¼ f d ðL1 ; L2 ; h1 ; h2 Þ ¼
;
2ðL1 h2  L2 h1 ÞV p
>
 ¼ h1 =V p  f d ðL1 ; L2 ; h1 ; h2 Þ;
>
: 2
3 ¼ h2 =V p  f d ðL1 ; L2 ; h1 ; h2 Þ:
ð7Þ

3.2.3 Multiple Requests
Based on its accuracy requirement, the ordinary node
requests multiple runs of this synchronization process.
Each request follows the sequence of steps described in the
previous section such that propagation delays can be
estimated. For each neighboring super node, the ordinary
node collects a set of time stamps consisting of T3 , T4 , T5 ,
3. Figs. 3a and 3b are picked as a general instance to depict the relative
motion between an ordinary node and any super node “A.”

and T6 as well as the propagation delays of the exchanged
messages.

3.3 Phase II: Linear Regression
In Phase II, the ordinary node performs the first run of
linear regression, estimating the draft clock skew and offset
shown in Fig. 4 Each round of message exchange described
by Fig. 2b obtains two sample points.
ðT 3;i þ 2;i ; T 4;i Þ and ðT 5;i þ 3;i ; T 6;i Þ;

ð8Þ

where i is the index of the message exchange round. Linear
regression is performed on these sample points. Mobi-Sync
assumes that L2 is much longer than L1 , which may not
hold for all mobility patterns. Consequently, some sample
points will inevitably contain significant error. A Weighted
Least Squares Estimation procedure reduces the impact of
outliers. The sum of squared deviations is
ðb; aÞ ¼

m
X


2
!i T i  b  af p ðti Þ ;

ð9Þ

i¼1

where T i denotes T 4 or T 6 , and f p ðti Þ, represents T 3 þ 2 or
T 5 þ 3 respectively. WLSE produces estimates for a^ and b^
that minimizes ðb; aÞ of (9)
^ a^Þ ¼
ðb;

m
X

2

^f p ðti Þ
!i T i  ^b  a

i¼1

¼ min

m
X


2
!i T i  b  af p ðti Þ :

ð10Þ

i¼1

To weigh the importance of each data point with the
coefficient !i , Mobi-Sync uses the following observations. A
potential source of error in Mobi-Sync comes from the
assumption  ¼ 0, which holds only when L2 is much longer
than L1 . The maximal error induced by this assumption
comes from the data point with the largest value of beta.
Assuming L1 is the radius of the circle in Fig. 5, the super
!
node could be at any point on the circle at time T3 . When T2 T3
!
is perpendicular to T5 T3 ( ¼ =2), beta is maximized. F ðÞ ¼
sinðÞ is monotonically increasing within ½0; =2 and upper
bounded by L1 =L2 . Thus, F ðÞ indicates the error. Therefore,
weight is defined as
!i ¼ 1=F ð½iÞ ¼ L2 ½i=L1 ½i;

ð11Þ
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Fig. 5. Weight definition.

where i is the index of the run. WLSE increases the utility of
the data samples and reduces the impact of outliers,
improving the accuracy of the estimates for skew and offset.

3.4 Phase III: Calibration
In Phase III, the ordinary node performs the calibration
process to improve accuracy. Due to node mobility, the
distance d1 will be different from the distance d2 , so the initial
2
distance r ¼ d1 6¼ d1 þd
2 . Since both d1 and d2 have been
estimated, it is now possible to update the initial distance
“r” with d1 and recalculate the velocity vectors. The initial
skew we set to “1” when calculating h1 and h2 during Phase I
is also revised . The first estimate of skew is available, making
the recalculation of the round trip time h1 and h2 possible.
This is accomplished with no additional message overhead
by redoing the calculations with the original time stamps and
updated parameters, further calibrating the skew and offset.
3.5 Discussions
This section provides a qualitative discussion of MobiSync’s key parameters, including implementation tradeoffs
that must be considered.
The first response time tr1 should be as short as possible.
A short interval minimizes the distance a super node moves
between T 1 and T 4 . This ensures that half the round trip
time from T 1 to T 4 is closer to the one way trip time from T 1
to T 2 , making the distance and velocity vector estimates
more accurate. However, the length of tr1 is restricted by
hardware constraints, including the sending-receiving
mode transition delay and MAC layer issues like collisions.
Therefore, some delays cannot be avoided.
The parameter ti controls the frequency at which super
nodes record their speed. This directly influences the
accuracy of the estimated velocity vector. When ti is shorter,
the super node records its motion more often, enabling the
ordinary node to estimate its velocity with greater precision.
However, the size of ti also determines the size of the
velocity vector. Since tr is constant, a small value of ti
increases the size of the velocity vector.
Now consider the second response time parameter tr2 . It
is expected that a super node will move away from its
original position during this period. This makes the
assumption ( ¼ 0) more reasonable, rendering the algorithm more practical. It is relevant to ask if increasing tr2
guarantees L2 will also be longer. The answer is in fact, no,
because sensor nodes may move according to a sophisticated
mobility pattern, changing its heading on several occasions.
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The value of tr2 that produces a long L2 is closely related to
the mobility pattern. Furthermore, if tr2 is too long, the
magnitude of the velocity vector must be very large. This
will make the size of the RS2 unmanageably large. MobiSync must avoid sending or receiving large packets because
this will interfere with synchronization. Larger packets also
increase energy consumption and the probability of packet
collision. Therefore, tr2 must guarantee L2 is long, but remain
within a reasonable range of values. Under a certain mobility
pattern and fixed tr1 and ti the simulations shown in Fig. 7a
identified 0:6 ms as the optimal value of tr2 , which controls
packet size as well as the length of tr2 .
The parameter tr consists of tr1 and tr2 . It collaborates with
ti to manage the size of the velocity vectors and the size of the
RS2 message. Therefore, given ti , the length of tr must be
chosen such that the size of the speed vector is acceptable.

4

ERROR ANALYSIS OF DELAY ESTIMATION

This section analyzes the influence of errors in the estimation
of propagation delay. To do this, it is crucial to understand
that all measurements of physical quantities are subject to
uncertainty. Each of the quantities in the expression
d1 ¼ f d ðL1 ; L2 ; h1 ; h2 Þ, contain some error. Define L1 , L2 ,
h1 , and h2 as the average error in the measurements of L1 ,
L2 , h1 , and h2 . It is necessary to study how these introduce
error into the estimate of propagation delay dp1 .
The values L1 and L2 arise from the error in the relative
velocity, defined as V x and V y , because of inaccuracies in
the measurement of the distance and the recorded velocity
vectors of the super nodes. Error in h1 and h2 , are a result of
the approximation used to estimate initial skew.
First, consider how V x and V y affect L1 and L2 .
From (2) and the theory of error propagation [28], [29]:
8
m
X
>
>
>
L
¼
jti V x ½jj;
1x
>
<
j¼1
ð12Þ
m
X
>
>
>
L
¼
jt
V
½jj:
1y
i
y
>
:
j¼1

In order to simplify the analysis of error, it is assumed that
V x ½1 ¼    ¼ V x ½j    ¼ V x ½m ¼ V x and V y ½1 ¼
   ¼ V y ½j    ¼ V y ½m ¼ V y , so that
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ pﬃﬃﬃﬃﬃ
(
2
2
L1x ¼ qmt
mti V x ;
i Vx ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ð13Þ
pﬃﬃﬃﬃﬃ
L1y ¼ mti 2 Vy 2 ¼ mti V y;
where m and n are
8
< m ¼ T3  T2 ;
ti

ð14Þ

: n ¼ T5  T2 :
ti
Similarly, for L2 :
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
8
< L ¼ nt 2 V 2 ¼ pﬃﬃﬃ
nti V x ;
2x
i
x
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ﬃ
: L ¼ nt 2 V 2 ¼ pﬃﬃﬃ
nt V :
2y

i

y

i

y

Considering the length of vector L~1 and L~2 :

ð15Þ
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8
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1x
1y
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
: L ¼ L2 þ L2 :
2
2x
2y
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ð16Þ

Applying error propagation rules [28], [29], produces
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
8
2 
2

>
@L1
@L1
>
>
> L1 ¼
L1x þ
L1y ;
<
@L1x
@L1y
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

2 
2
>
>
@L2
@L2
>
>
L2x þ
L2y :
: L2 ¼
@L2x
@L2y

ð17Þ

To simplify these expressions, it is assumed that these
errors exert the same impact on the speed estimation in X
and Y axis, V x ¼ V y ¼ V . By doing so, we gather

pﬃﬃﬃﬃﬃ
L1 ¼ pm
ﬃﬃﬃ ti V ;
ð18Þ
L2 ¼ nti V :
As a result, h1 and h2 arise from imprecise initial
skew a. It follows from (4) that
8
ðT  T 4 Þa
>
< h1 ¼ 1
;
a2
ð19Þ
>
: h2 ¼ ðT 1  T 6 Þa :
a2
Considering all errors including L1 , L2 , h1 , h2 ,
and adhering to the measured data analysis approach [28],
d1 can be expressed as a function of these errors
d1 

@f d
@f d
@f d
@f d
L1 þ
L2 þ
h1 þ
h2 :
@L1
@L2
@h1
@h2
ð20Þ

To simplify, the following notations are introduced:
8
@f d
@f d
>
>
> @L ¼ ’; @L ¼ ;
>
>
1
2
<
@f d
@f d
ð21Þ
¼ ;
¼ !;
>
@h1
@h2
>
>
>
>
: T1  T2 ¼ ;
T1  T6 ¼ :
Based on [28], [29], the error in the propagation delay
d1 caused by L1 , L2 , h1 , and h2 is

Fig. 7. Effect of tr1 and tr2 .

Fig. 6. Error delivered to propagation delay.

dp1 

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ð’L1 Þ2 þ ð L2 Þ2 þ ð h1 Þ2 þ ð!h2 Þ2 =V p :
ð22Þ

Combining all the equations above, the error in the
propagation delay dp1 as a function of V and a is
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
a 2
V p:
dp1  mðti ’V Þ2 þ nðti V Þ2 þ ð þ ! Þ 2
a
ð23Þ
Equation (23) characterizes the error in the estimate of
propagation delay due to measurement errors in V and
a. While the analysis is performed in the context of dp1 , it
also pertains to dp2 and dp3 . Fig. 6 illustrates this relationship
more generally. The configuration parameter for this
scenario is the same with the simulation. From Fig. 6, it is
obvious that error in the propagation delay is always below
2 ms, even when the error in the measured velocity is 1 m/s
and the error in the initial skew is 106 ppm. Such an error in
the skew is extremely large and rare. The accuracy will
almost always be much better. Novikov and Bagtzoglou
[24] showed that error in velocity estimates are less than 1
ft/s (0.305 m/s), suggesting that the error in the propagation will be on the order of microseconds.
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TABLE 2
Parameter Setting

5

PERFORMANCE EVALUATION

In this section, we evaluate the performance of Mobi-Sync
with simulations.

5.1 Simulation Settings
In the simulation, 10 super nodes and 30 regular sensor
nodes are randomly deployed in a 100 m  100 m  100 m
region. One ordinary node is randomly picked as the
sample node wishes to synchronize with its neighboring
super nodes. Without loss of generality, the inherent skew
of this ordinary node is defined as 50 ppm, and it maintains
unchanged during the time synchronization procedure. The
clock offset of this ordinary node is initialized as
0:8  104 s. Additionally, the predefined parameter tr1 is
set to 2 ms, and ti is 1 ms. The propagation speed in the
simulated environment remains constant at 1;500 m=s. The
kinematic model of [25] characterizes the mobility behavior. The node velocities are

Vx ¼ k1 v sinðk2 xÞ cosðk3 yÞ þ k1 cosð2k1 tÞ þ k4 ;
ð24Þ
Vy ¼  v cosðk2 xÞ sinðk3 yÞ þ k5 ;
where Vx and Vy determine the velocity along the X and Y
axis respectively. k1 ; k2 ; k3 ; ; v are variables, which are
closely related to environment factors such as tides and
bathymetry. These parameters change with different environments. Random variables k4 ; k5 simulate additional random physical factors. In our simulations, we assume k1 ; k2 to
be random variables which are subject to normal distribution
with  as mean values and the standard derivations to be
0:1. k3 is subject to normal distribution with 2 as mean
value and the standard derivation to be 0:2. is subject to
normal distribution with 3 as the mean value and 0.3 as the
standard derivation. v is subject to normal distribution with 1
as the mean value and 0.1 as the standard derivation. k4 ; k5
are random variables which are subject to normal distribution with 1 as mean values and 0.1 as standard derivations.
Table 2 shows the numerical values for the mean and
variance of these variables.

5.2 Results and Analysis
Unless otherwise specified, the values reported here were
obtained from the average of 1,000 simulation runs.
Figs. 7a and 7b investigate how parameter tr1 and tr2 affect
the accuracy of the synchronization with fixed mobility
pattern and ti , and within the range of an acceptable size of
speed vectors (within possible value range of tr2 ). As
discussed in Section 3, tr1 is restricted by hardware
constraints, we first fix it as 2 ms to evaluate the effect of
tr2 . Fig. 7a shows that when tr2 increases, the estimated skew

Fig. 8. Effect of ti .

does not necessarily get closer to the inherent skew. This may
be explained by observing that sensor nodes change their
direction frequently under the kinematic mobility pattern.
After T3 , the relative motion between the super nodes and the
ordinary node are correlated due to the mobility pattern, so
L2 is not necessarily longer when tr2 increases. From the large
number of experiments, the value tr2 ¼ 6 ms minimized the
difference between the estimated and real skew. Subsequent
simulation experiments reported here use this optimal value
of 6ms for tr2 . Fig. 7b demonstrates how tr1 affects the
accuracy of the synchronization with fixed tr2 , which is 6 ms.
It clearly shows that the error goes up as tr1 increases. This is
because when tr1 increases, L1 is no longer much shorter than
L2 , which is an important requirement of Mobi-Sync to
achieve high-accuracy propagation delay estimation. To be
realistic, subsequent simulation experiments use this 2 ms
for tr1 although we prefer smaller tr1 .
Fig. 8 shows the effect of ti on the accuracy of Mobi-Sync.
Recall from the discussion in Section 3 that ti influences the
accuracy of the estimated velocity vectors. Shorter ti produces
more precise velocity vectors. The simulation fixes all other
parameters including those of the mobility pattern, tr , tr1 , and
tr2 , and varies the value ti to investigate its impact on the
error. The specific parameter values used were tr1 ¼ 2 ms,
tr2 ¼ 6 ms and tr ¼ 8 ms. Mobi-Sync was then simulated with
ti ¼ 1 ms, 2 ms, and 3 ms. The results indicate that the
accuracy of time synchronization deteriorates for larger
values of ti . This result is expected because ti determines
the precision of the recorded velocity vectors. Decreasing ti
improves the precision of the recorded velocity vectors.
Fig. 9 demonstrates the impact of calibration procedure
(For MU-Sync, the second run of regression is regarded as
calibration). This improvement represents the percentage of
clock skew accuracy improved by calibration, which is
(estimated skew without calibration—inherent skew)/(estimated skew with calibration—inherent skew). The calibration procedure achieves more accurate clock skew which
could cause increasing clock drift. As time goes by, the
benefits of the calibration procedure become more and
more significant. Comparing with MU-Sync, the calibration
procedure of Mobi-Sync is more efficient since it not only
considers the impact of initial skew but also the initial
distance r ¼ d1 . And the calibration procedure does not
involve extra message exchanges. Instead, it only requires
one more run of the calculations (4), (5), (6), (7) and one
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Fig. 11. Sample rate.
Fig. 9. Effect of calibration procedure.

more run of linear regression, which makes the calibration
procedure effective and efficient.
Figs. 10a and 10b compare how errors accumulate after
time synchronization completes. As time progresses, the
skew introduces increasing errors, revealing how effective
the different algorithms are for estimating the skew. In
Fig. 10a, all three algorithms, Mobi-Sync, MU-Sync, and
TSHL are compared with the same message overhead of 28
synchronization messages. Fig. 10a compares them with 3
runs of message exchanges. The results indicate that MobiSync achieves higher accuracy than both of its competitors.
TSHL fails to achieve high accuracy in mobile UWSNs
because it assumes constant propagation delay during the
synchronization process, introducing significant errors.
Although both MU-Sync and Mobi-Sync utilize half of the
round trip time to compute the draft initial distance r, the
two algorithms possess significant differences. MU-Sync
assumes that the propagation delay 1 is always equivalent
to 2 , during each synchronization handshake. This is
impractical, however, since sensor nodes are always
moving in an underwater environment. In Mobi-Sync, the
propagation delays 1 , 2 , and 3 are calculated separately as
three different edges of two triangles. Half of the round trip
time is used to obtain a draft value of the initial distance,
but this value is updated in the calibration process. Given
the round trip time 1 þ 2 , MU-Sync makes the simplifying

Fig. 10. Error versus Time since Sync.

assumption that 1 ¼ 2 , but Mobi-Sync estimates 1 and 2
separately. This enables Mobi-Sync to achieve higher
accuracy in mobile networks than either TSHL or MU-Sync.
Fig. 11 shows the different sample rates of the three
algorithms. The sample rate represents the efficiency of
the exchanged messages to linear regression. In the three
algorithms, TSHL has highest sample rate. Without considering dynamic propagation delays, TSHL employs linear
regression over single direction communication during the
skew estimation process. This means every exchanged
message except the message used to calculate offset can
be taken as a sample data point during linear regression.
Therefore, its message sample rate is close to 100 percent.
MU-Sync has the lowest message sample rate, as it adopts
two-way message exchanges, and assumes the propagation
delays on the way back and forth are identical. Accordingly,
only one way or half of those exchanged messages can be
utilized as sample data. In this regard, the messages sample
of MU-Sync is as low as 50 percent. In Mobi-Sync, although
super nodes respond with two messages RS1 and RS2 for
one request message SR, both of the two response messages
can be applied as sample points. This is because RS1 and
RS2 are estimated respectively and there is a certain time
interval between RS1 and RS2 . Furthermore, if the
synchronization request message “SR” is considered as a
broadcasted message, its sample rate can be higher.
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Fig. 12. Energy efficiency.

Fig. 12 compares the energy efficiency of the three
synchronization algorithms. During a fixed interval of
operation, a large drift between the ordinary and reference
nodes will require more frequent resynchronization, consuming additional energy. Fig. 12 illustrates the amount of
energy consumed by resynchronization (represented by
runs of resynchronization) over a period of 105 s of
operating time for various values of error tolerance. MobiSync outperforms MU-Sync due to its ability to estimate
skew more accurately. The result also shows that for both
algorithms the number of resynchronizations decreases as
error tolerance decreases.
Fig. 13 demonstrates how message overhead affects the
accuracy of Mobi-Sync. Theoretically, from the perspective of
linear regression, more messages exchanges transpire,
providing more sample data with which to conduct linear
regression. This produces more precise estimates of skew
and offset. In this scenario, we perform Mobi-Sync with 3, 4,
and 5 runs, respectively. In other words, 27, 36, and 45
messages. As expected, the results reveal that Mobi-Sync
achieves better accuracy when more messages are exchanged
during the time synchronization process. However, this
greater number of messages consumes a larger amount of
energy. This energy expenditure should be strictly managed
because underwater sensor nodes directly depend on energy
conservation to extend their life time. This reveals the
tradeoff between time synchronization accuracy and message overhead. It also demonstrates that Mobi-sync can
achieve higher accuracy than MU-sync when allotted the
same number of messages.

Fig. 13. Effect of message overhead on accuracy.
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