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Abstract-Time Synchronization in WSN is a well-researched 
topic. But there are very few algorithms which have been proven 
to be scalable and efficient on a hardware platform. We consider 
cluster-based network and try to improve the efficiency of the 
existing algorithms. Our algorithm called as Simple Algorithm for 
Time Synchronization (SATS) is based on an existing receiver­
sender synchronization algorithm [I]. We implement it in a 
cluster-based topology and do its performance analysis on a large 
WSN testbed. Its performance is compared with commonly used 
regression based synchronization protocol both analytically and 
on the hardware platform . Our experiments show that our 
algorithm shows a significant improvement in terms of average 
synchronization error and computational efficiency over 
regression based method. 
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I. INTRODUCTION 

Advances made in semiconductor technology especially in 
last 25 years have paved way not just for an increase in 
computational power of the existing processor technology but 
has also led to their miniaturization. This has powered the 
extensive research carried out in Wireless Sensor Networks 
(WSN) over the last two decades. WSNs are poised to playa 
significant role in the upcoming Internet of Things (loT). WSN 
being a distributed network needs a unified view of time either 
at network level or at least for a group of nodes as per the 
application requirements . Thus time synchronization protocols 
are essential in a generic WSN and they play an important role 
in many network functionalities like data fusion, localization 
algorithms, time based duty cycling, channel access scheduling , 
etc. Given the fact that WSN nodes are cheap, battery powered 
and deployed in harsh environments, the time synchronization 
protocols developed must be energy-efficient , tunable as per the 
application requirements . Also factors like cheap crystal 
oscillators used in the WSN nodes , frequency variation of these 
crystals due to temperature and other environmental conditions , 
crystal aging, effect of sleep-wake cycles on the timer 
functionalities , etc. demand a need for periodic synchronization 
of nodes. 

Time synchronization in WSN is a well-researched topic 
with numerous algorithms published by the scientific 
community over the last 15 years. Some of these algorithms like 
TPSN [2], RES [3], FTSP [4], etc. report a microsecond-level 
accuracy in synchronization ; while others like SLTP [5], L-
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SYNC [6] show a millisecond accuracy. However , one of the 
major factors in devising a time-synchronization protocol for a 
large scale network is its scalability which depends on its 
efficiency . To the best of our knowledge there are very few 
algorithms which have been tested and proven to be scalable on 
a large WSN. Works like SLTP [2], L-SYNC [6] have shown 
the potential to be scalable. But they are simulation based works 
and their performance on a hardware platform is not proven. So 
we set out with a goal to devise a potentially scalable Time­
synchronization protocol and test it on a large scale hardware 
testbed. Also we would limit our scope of our work to a cluster 
based topology. Cluster based topology is one of the most 
efficient topologies in WSN offering energy efficiency while 
gathering data, route formations, etc. [6] [7]. 

The rest of the paper is organized as follows: firstly, we 
would discuss the state of the art relevant to our work. We next 
describe the algorithm that we will be using in our work in 
section III. The experimental setup, the methodology and results 
would be discussed in the next section. We finally offer our 
conclusions and discuss about the future work in the section V. 

II. RELATED WORK 

Since we are dealing with the time-synchroni zation problem, 
it is essential to define the clock model that we are considering 
in this work. We consider a clock-skew model as given by the 
following equation 

CnCt) = an· t + Pn (I) 

where t is the absolute time in the network, an is the 
absolute skew and I3n is the offset this nth node with respect to 
an absolute clock. If we want to calculate the local time ofthe 
cluster member with respect to the cluster head as we would do 
in our work, then (1) would transform into the following 

CiCt) = ai· Ch + Pi (2) 

where ai is the relative skew, is the relative offset of the 
ith node with respect to its cluster head and Ch is the local time 
of the cluster head. 

As mentioned before we limit our scope to time­
synchronization in clustered WSN. Some of the works which 
address time synchronization in clustered WSN are SL TP [2], 
L-SYNC [6] andPC_Avg [8]. In PC_Avg the time stamps of the 
cluster members are collected by the cluster head which in tum 
calculates the average of the timestamps and broadcasts it to its 
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cluster members. SLTP [5] and L-SYNC [6] on the other hand 
uses regression on the local time stamps received from the 
cluster members. Both ofthese algorithms differ in the way they 
form clusters. 

PC _ Avg suffers from very high synchronization error of the 
order of tens of seconds. Further it does not take into account the 
non-deterministic and deterministic delays that occur during the 
transmission of packets in a WSN. Also SLTP [5] and L-SYNC 
[6] do not account for these delays and thus also suffer from very 
high synchronization errors. 

There are different sources of delays like send time, access 
time, transmission time, propagation time, reception time, 
receive time, etc. [2] [3] [4]. These delays significantly affect the 
synchronization protocol that we use as the magnitude of these 
delays can be of the order of mill i-seconds [4]. We can broadly 
classify these delays as deterministic and non-deterministic 
delays as done in Chaudari et al. [1]. We build our work based 
on this work by adapting it to a cluster-based WSN and 
demonstrate its performance on a hardware platform. We further 
on refer this proposed algorithm used in a clustered WSN as 
Simple Algorithm for Time Synchronization (SATS). 

Many clock synchronization algorithms such as [9], 
calculate only the relative offset between clocks of the two nodes 
assuming no clock skew. This leads to clocks going out of 
synchronization very soon and thus needing very frequent 
synchronization events. In SATS and the algorithms that we 
compare, we estimate both the clock skew and offset. 

SATS like in [I] considers a two-way exchange between two 
nodes in a network as shown in Fig. I. Two nodes which are 
being synchronized with each other exchange two packets which 
are time stamped when sent and received. These time stamps are 
used to determine the relative skew and offset of a node with 
respect to the other. The time stamps T I , T2, T3 and T4 are related 
to each other by the set offollowing equations. 

T2,k = a (T1,k + tf + rk) + (J (3) 

T3,k = a (T4,k - tf - Sk) + (J (4) 

Where, T I,k, T2,k, T3,k and T4,k are the time stamps of the k'h 

packet; t/ denotes the fixed delay incurred in the packet exchange 
in absence of any random delays. rk and Sk are the 
nondeterministic delays which occur in the packet exchange 
process and introduce unpredictability in the system. SATS does 
not require us to model these random delays as Gaussian or 
exponential distributed random variables. This is required for 
many other estimator methods such as maximum likelihood 
described in [1] and [10]. 

III. ALGORITHM 

Since both SLTP and L-SYNC which are the prominent time 
synchronization algorithms and have shown to be scalable (on 
simulator) are based on regression , we compare SATS with a 
generic regression based time synchronization method. For 
comparison we have used both linear regression and SA TS to 
calculate the synchronization error between the sender and the 
receiver nodes. Linear regression has been traditionally used 
successfully in many estimation problems like [3], [4], [5]. But 
its high computational complexity makes it unsuitable for 

embedded applications. Many applications require time stamps 
with microsecond accuracy. With this increased clock 
resolution, the size of the timestamp variable needs to be 
increased to measure a considerable time before it overflows. 
Obtaining microsecond timestamps of 32-bit width allows 
measurement of a duration up to I hour. The large number of 
32-bit multiplications and additions to be performed are very 
difficult for common WSN processors like MSP430 of TelosB 
motes. More powerful motes like Lotus or Wasp, with 32-bit 
processors can perform such high computations but with very 
high power consumption. It is not preferable to allocate so much 
of power and processor time for time synchronization protocols. 
Also, very high cost of these powerful motes makes it unfeasible 
to use them in large numbers in a WSN. 
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/3 : offset 
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I 

Fig.l. Two- way exchange between a t wo nodes with the timestamps 

SATS drastically reduces the computational complexity as 
compared to regression. We compare SATS and regression in 
Table I. We see that SATS is efficient both in terms of additions 
and multiplications performed during synchronization. 
Moreover , the multiplications performed to get a microsecond 
accuracy are 32 bit multiplications which require lot of 
computation power thus giving a significant upper hand to 
SATS over traditional regression based method. Also this makes 
SATS suitable for deployment in low-power motes and very 
useful for creating a scalable time synchronization protocol. The 
simulations performed in [1], shows that the algorithm gives 
acceptable results in terms of MSE even when compared to 
highly complex Maximum-likelihood estimate based methods in 
two nodes. We tested both linear regression and SA TS on data 
collected from physical motes. In the considered cluster-based 
topology, we are synchronizing the cluster members with the 
cluster head. The computations for both SATS and regression 
are performed on a PC after collection of the timestamps from 
the hardware testbed. 

As shown in figure, for a sent packet, T I and T 2 represent the 
send time on the sender node and receive time on the receiver 
node respectively. The two timestamping events are separated 
by the propagation delay (d) and the non-deterministic delays 
involved in transmitting and receiving the synchronization 
packets. This gives rise to a significant error in between the 
actual local time on receiver node and the time of the sender 
calculated using the estimated clock skew and offset. SATS tries 
to identify the two most accurate timestamp samples among 
those obtained from the two-way message exchanges performed 
N times. It then uses them to calculate the skew and offset 
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between the clocks, as discussed below. Accuracy of timestamps 

referred here is with respect to time delay between the two time­
stamping events . 

TABLE!. ALGORITHM COMPLEXITY 

Algorithm Addition s Multiplications 

Regression 4N + 3 2N + 6 

SATS 3N + 7 1 

By rearranging the equations (3) and (4) of the timing 

message exchange model, we can see that the non-deterministic 
delays tend to increase the overall duration of two-way message 

exchange . Therefore, the smaller the duration of a two-way 
packet exchange (calculated by T4-T 1) , the lesser random delays 

it has suffered and more accurate the timestamps. 

T2,k = a T1,k + f3 + a etf + rk) 

T3,k = a T4,k + f3 - a etf + Sk) 

In SATS , two samples (of the N exchanges) with most 
accurate time-stamps are identified by selecting the ones with 

minimum (T 4- T I) duration . And the timestamps from these two 
samples are used to calculate the skew and offset between the 

two clocks [1]. Thus, the calculation is affected only by the 
recorded timestamps with the least error. On the other hand , 

regression tries to obtain a best fit line from the data and is thus 
affected by all the points regardless of the error in the timestamp 
values . This is an intuitive explanation for the high 
synchronization accuracy achieved by SATS at very low 

computation costs. 

So each cluster member performs N number of two-way 
exchanges with the cluster head and thus calculates its relative 

skew and offset with respect to the cluster head and gets 
synchroni zed with it. Thus at the end of a synchronization cycle 

all the nodes in the cluster are synchronized to the cluster head. 

IV. EXP ERLMENT AL PER FORMA NCE 

A. Experimental Setup 

All experiments have been performed on MSP430 based 
TelosB [II] motes using TinyOS 2.1.2 [12]. All the nodes in the 

network have been spread out with a density of 5 nodes per 5 
square meters ' area. This density is very high as compared to 

any real life WSN network. Testing both the algorithms in this 
extreme scenario gives one of the worst case performance 

estimates . The experiment was conducted in an environment 
with competing technologies such as Wi-Fi also operating at the 

same 2.4 GHz frequency so as to ensure some wireless traffic 
within the channel of communication. A photograph of part of 

the network deployed is shown in Fig. 2. 

B. Methodology 

A two-way packet exchange is performed between two 
motes. The sender mote (say A) sends a synchronization request 

to the receiver mote (say B) and records the send-timestamp of 

the packet. Then node B records the time at which the packet 

was received and sends an acknowledgement with receive and 
resend timestamps. Then node A records the receive time of the 

Fig. 2. A photograph ofa part of the network deployed 

acknowledgement packet. One such exchange gives us a set of 
4 timestamps (T 1, T2, T3, and T4). These timestamps are used by 
the sender node (i.e . cluster member) to calculate the skew and 
offset of the receiver node (i.e. cluster head) clock with respect 

to its own clock. In the following discussion, we will refer to this 
relative skew and relative offset as skew and offset respectively . 

This experiment is repeated in a cluster with the cluster head 

trying to synchroni ze with 5 cluster member nodes . Further , 
experiments were performed with a number of other clusters (5 
motes each) in the vicinity which are themselves running the 

time synchronization protocol thus contributing to significant 
overall traffic in the network. In each case , the synchronization 
error was calculated using both the methods (regression and 
SATS) to compare their performance . The timestamps were 

collected from the WSN motes and the evaluations were 

performed on the PC for both SATS and regression . 

Further, to evaluate the synchronization accuracy achieved , 
after the nodes are synchronized, we check the synchronization 

error for timestamps of a common event. There are two ways of 
creating this common event. One way is to send an (N+ l)'h 
packet from the cluster head (say) after N training packets and 

try to estimate on the cluster member its TI value i.e. time of 

sending the packet by the cluster member receiver based on its 
T2 value (time of receiving the packet at the cluster member). 

But again this method would suffer from errors due to delays 
caused in the transmission of this (N+ l)'h packet and thus cause 

errors in synchroni zation error estimation . Another method 

which we have used in this work is to use a third party node 
(which is not part of the cluster of nodes to be synchronized) , to 

broadcast a packet to all the nodes in the cluster including the 
cluster head. It is reasonable to assume that this broadcast is 
received by all the nodes simultaneously as the non -

deterministic delay in packet transmission is almost the same for 

all nodes since nodes of same cluster will be close by. And 
MAC-layer timestamping further reduces the random delays on 
receiver side like in pervious works e.g. TPSN [3]. Thus the 
reception of this broadcast gives us a common event whose 

timestamps can be collected at the cluster head and used to 
evaluate the synchronization error. 

e. Result Analysis 

Microsecond accuracy of time synchronization was 

observed in all experiments with both regression and SATS. 
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Fig. 3. Average synchronization error vs number of nodes in the network for 

SATS and regression based synchroni zation 

From Fig. 3, we see that with increase in the size of the network, 
synchronization error increased from around 40 /.Is to nearly 500 
/.Is for SATS and to 700 /.Is for regression based method. The 
reason for this is as the size of network increases, large traffic 
leads to increased packet collisions. Thus the resultant loss of 
synchronization packets reduces the accuracy of time 
synchronization achieved by both the methods. The large error 
values for larger networks are result of the very high network 
density chosen for the experiment. 

For small sized networks, regression gives less 
synchronization error as compared to SATS. But as the size of 
the network increases, SATS outperforms regression. This can 
be observed from Fig. 4. This is because SATS is less affected 
by the loss of packets because it considers only the two packet 
exchanges with least durations. There is a steady increase in the 
percentage improvement made by SA TS over regression based 
method with network size due to the above mentioned reason. 

It is also observed that synchronization error varies widely 
across multiple experiments on the same network of fixed size. 
Therefore , average synchronization error and percentage 
improvement therein does not give a complete picture of the 
comparison of the performance of the two methods. Hence, we 
calculate the percentage of experiment trials SATS gives better 
or comparable accuracy as compared to regression. 

no. of syn chroni zation events wher e SATS 

Pn = _-2.9.:..:iv-7e.:..:s.:..:b.:..:e.:..:tt.:,e.:..:r.:..:o.:..:r..::,co.:..:,.:..:n,,-pa.:..:r.:..:Q:.:b.:..:le.:..:.:..:re:.:s.:..:".:..:lt_- x 100 

total no. of synchroni zation events 

n = size of the network (no. of nodes). n is fixed over the 
considered set of experiments. 

Cases where SATS is giving comparable results are also 
considered in calculating this percentage because same 
synchronization error is obtained at a drastically reduced 
computation cost. This feature makes the SATS preferable. 
Comparable result has been defined as a case where the 
difference of absolute values of synchronization error obtained 

using the two methods is within a margin of 10% of the average 
synchronization error for that particular size ofnetwork. E.g. the 
average synchronization error obtained in a network of size 16 
is approximately 450 /.Is. A case where synchronization error 
given by SATS within a margin of 45 /.Is is counted as 
comparable. 

This measure gives a better evaluation of performance ofthe 
two algorithms . And as we can see in Fig. 5, that SATS performs 
better than regression in most of the cases for large networks 
where this percentage touches 85%. Also significant to note is 
that even in small sized networks when average synchronization 
error of regression based method is lesser than SATS, about 60-
70% of trial were comparable (as in 6 node network). 
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Fig. 4. Percentage improvement in synchroni zation error made by SATS over 
regress ion based m ethod with increase in network size 
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V. CONCLUSIO N AND FUTURE WORK 

Thus we demonstrated on a hardware platform a simple but 
efficient synchronization method which outperforms traditional 
regression based method. This improvement becomes more 
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prominent in large dense network with large traffic. Though 
SATS uses more number of packets compared to regression 
method during synchronization, the reduction In the 
synchronization error would reduce the number of 
synchronization cycles required in SATS and thus prove to be 
efficient in the long run. We want to demonstrate this in our 
future work. Also we expect that when computations are 
performed on the nodes rather than on PC, regression method 
would take longer time to synchronize the network. We also 
want to demonstrate this in our future work. 
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