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Abstract 
Collaborative signal processing is one of the most 

promising applications that are currently being 
investigated for sensor networks. In this paper, we use 
FFT computation as a vehicle to highlight the issues 
involved in realizing distributed computations over 
sensor networks that have global and local 
communication and synchronization characteristics. We 
present a power efficient algorithm for computing 1-D 
Fast Fourier Transform (FFT) over single and multi-hop 
wireless sensor networks. The proposed algorithm 
reduces the number of transmissions, eliminates typical 
redundant computations in a distributed FFT algorithm 
and uniformly maps complex multiplications over all the 
sensors nodes by introducing an extra bit-complement 
permutation stage after first (log2N)/2 iterations. We 
show that the proposed algorithm improves energy 
consumption by 36% on the average on multi-hop sensor 
networks. This saving in energy consumption significantly 
improves the battery life of the sensor nodes thereby 
increasing lifetime of the sensor network. 
 
 
1. Introduction 
 

Due to advances in computer/network technologies 
and recently emerging ability to embed sensors in VLSI, 
the existing computation and information paradigms have 
begun to acquire new dimensions. Deployment of a vast 
array of tiny smart sensors (sensor devices with 
processors) interconnected over wireless channels are 
enabling their pervasive use in a variety of defense and 
commercial applications, such as environmental 
monitoring (e.g. traffic, habitat, security), industrial 
sensing and diagnostics (e.g. factory, appliances), 
infrastructures (e.g. power grid, water distributions, waste 
disposal), and battlefield awareness (e.g. multi-target 
tracking). While the task of developing and implementing 

pervasive applications for such a scenario is exciting, it 
poses tremendous challenges. Sensor networks are 
different from existing wireless communication networks 
at least in the following aspects: (1) Sensor nodes are 
battery powered and recharging is usually unavailable, so 
energy is an extremely expensive resource, (2) Traffic 
rate is generally low; typical communication frequency is 
of the order of seconds and minutes. 

In this context, design of algorithms for processing 
information in sensor networks is an emerging research 
area. In particular, efficient algorithms for collaborative 
signal processing are being developed and several 
industry and federal government funding initiatives are 
focused on this area [2,3,4]. In this paper, we address 
issues related to distributed computations over data 
distributed across sensors. We use Fast Fourier Transform 
(FFT) [5] as a vehicle to highlight the issues involved 
since it employs global and local communication and 
synchronization characteristics. Moreover, the FFT  has 
been studied extensively as a frequency analysis tool in 
diverse application areas such as audio, signal, and image 
processing [6,8,9].  

Two main scenarios that seem feasible and realistic for 
computing FFTs distributively over sensor networks are 
the following: One data point per sensor node could be 
considered in situations where sensor nodes involved in 
collaborative FFT computation have been deployed 
equally spaced on a line. This facilitates spatial 
processing. Multiple data points per sensor node could be 
considered in situations where the sensor nodes with data 
points are sink nodes that collect data from multiple 
sensors and then multiple sink nodes collaborate to 
compute the FFT. We consider both the scenarios. We 
design efficient solutions that preserve energy by 
removing redundant communication and computation. 
Energy is a precious resource in sensor networks.  

In our proposed power efficient algorithm complex 
multiplications performed are optimal, i.e., N/2 log2 N, 
and are evenly distributed over all the N-sensor nodes by 
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using an extra shuffle-exchange stage. Each sensor node 
then performs exactly (log2 N)/2 complex multiplications. 
On the other hand efficient implementations of any 
existing distributed FFT algorithm on sensor networks 
yield log2 N multiplications per node. Recently, a power 
efficient FFT algorithm has been presented in [10] for 
sensor networks. However, it is an unbalanced realization 
in terms of computational power as some of the nodes 
perform no multiplication at all and some perform up to 
log2 N multiplications. In addition, the algorithm 
proposed in [10] does not address communication issues 
as it assumes all the sensors are with in each others 
communication range. Our proposed algorithm not only is 
a balanced realization with respect to computation but it 
is also significantly superior in terms of communication 
cost. It also studies communication issues related to 
multi-hop sensor networks.  We show that the proposed 
algorithm improves energy consumption by 36% (on the 
average) compared to existing algorithms for FFT. 

The rest of the paper is organized as follows. In 
Section II, we present the background related to 
distributed implementations of 1-D FFT in a single-hop 
sensor network and provide motivation for the approach 
proposed in this paper. Section III provides the details of 
the proposed power-efficient FFT algorithm. Section IV 
focuses on the performance of proposed algorithm in a 
multi-hop network. The implementation details and 
experimental results are presented in Section V outlines 
conclusions and future work. 

 
2. Background 
 

A generic distributed algorithm for 1-D FFT on an 
input of N data points requires Ө(N log2 N)  complex 
multiplication operations [7], which is one of the most 
time consuming computation for large data sets. In 
addition, the spatial or temporal distance among partners 
in a butterfly computation increases over iterations of the 
FFT algorithm. In a multihop sensor network, this feature 
can significantly increase the total number of 
transmissions. Recently, it is shown in [16] that 
transmission of a   complex number over to an immediate 
neighbor consumes about 50 times more energy than the 
addition operation. Therefore , in order to develop power 
efficient distributed algorithms for FFT in a sensor 
network, redundancy in complex multiplications should 
be avoided and balanced among all sensors, and 
communication characteristics of the underlying 
distributed algorithm should be made efficient.  

A straightforward approach to realizing the N-point 1-
d FFT collaboratively on an N-sensor network would be 
as follows. Assume that every sensor has the complex 
weight, w, required for the FFT computation locally 
stored. Furthermore, for the time being assume that each 
sensor initially has one input data point and the sensor 

network then collectively computes the 1-d FFT such that 
the resulting output is also distributed among the sensors 
with one output point per sensor. The Fast Fourier 
transform (FFT) computation has log2 N stages. A 
butterfly communication structure is followed among the 
log2 N stages as the computation proceeds from one stage 
to next. (See Figure 4 which depicts the communication 
pattern for a 16-point FFT over a 16-sensor network in 4 
stages.) Between any two consecutive stages, the two 
sensors forming the butterfly communication pattern 
compute the partial FFT as shown in Figure 1.  

 
In this figure, assume that sensors p1 and p2 have the 

partial results x1 and x2 available from the previous 
stage. The computation and communication at the current 
stage is: (a) sensor p1 sends a copy of x1 to p2, (b) p2 
sends a copy of x2 to p1, (c) p1 computes x1= x1 + w * 
x2, and (d) p2 computes x2 = x1 – w * x2. Therefore, at 
every stage each sensor is involved in transmitting and 
receiving one packet over the radio channel, one complex 
multiplication and one addition/subtraction. Note that this 
results in a load balanced FFT computation further 
implying that both the sensors utilize their batteries 
equally and evenly. We call this algorithm as the 
Conventional Load Balanced Distributed FFT. In this 
algorithm, as observed in [10], both the butterfly partner 
sensors at every stage compute the term w*x2 which is 
redundant and unnecessarily consumes sensor’s available 
power. The authors in [10] further suggest an approach 

that avoids this redundancy at the expense of load 
balancing. This approach is shown in Figure 2 and the 
procedure at the butterfly partners, p1 and p2, at any stage 
is as follows: (a) p2 computes w*x2, (b) p1 sends a copy 
of x1 to p2, (c) p2 sends a copy of w*x2 to p1, (d) p1 
computes x1= x1 + w * x2, and (e) p2 computes x2 = x1 
– w * x2. We again have transmission of two packets and 
both the sensors are involved in addition/subtraction but 
only one sensor (“lower” partner) is involved in complex 
multiplication. The general algorithm using this approach 
is given in Figure 3 and is called Unbalanced Power-
Aware distributed FFT algorithm – the rationale behind 

  Figure 1. Two sensor DFT at any stage.
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the name we shall see shortly. For the sake of brevity and 
simplicity, we do not address synchronization issues 
between the stages when describing the algorithms (i.e., 
we assume some sort of synchronization primitive, such 
as barrier, exists between two consecutive stages).An 
example using this algorithm is presented in Figure 4. 

It can be easily shown that the above algorithm uses N 
log2 N transmissions, N log2 N additions/ subtractions and 
N/2 log2 N complex multiplications. Out of the N log2 N 
transmissions, N/2 Log2 N transmissions carry additional   
bits as the “lower” butterfly partner needs to send w*x2 – 
result of a complex multiplication rather than simply a 
floating point number. This algorithm removes the 
redundancy of multiplications and thus uses only half the 
multiplications in comparison to Conventional Load 
Balanced distributed FFT. Although improved and 
power-aware, it is not load balanced with respect to 
complex multiplication and communication. For example, 
sensor p0 is not involved at all in complex multiplications 
whereas sensor p15 performs complex multiplications in 
all the log2 N stages of Figure 4. This would imply that 
p15 would drain its battery quickly and would go out of 
service much sooner. There is thus a need to distribute the 
N/2log2N complex multiplications evenly among the 
sensors as well (i.e., achieve load balance with respect to 
all the computations as well as remove redundancy). This 
would obviously increase the lifetime of the sensor nodes 
in the network. We next present such a Balanced Power-
Efficient algorithm. 
 
3. Proposed power –time efficient distributed 
1-d FFT algorithm 
 

We know that there are N/2 complex multiplications at 
every one of the log2N stages in the Unbalanced Power-
Aware FFT algorithm. The basic idea behind balancing 
the multiplication computation among the sensors is to 
perform the unbalanced power-aware FFT algorithm of 
Figure 3 for the first (log2N)/2 stages and then permute 
(shuffle) the data among sensors such that the sensors that 
have performed more multiplication in the previous phase 

exchange their data with those that have performed fewer 
multiplications. 

 
Figure 4. FFT on a 16-node sensor network using 
Unbalanced Power-Aware FFT algorithm. 
 

Recall that the pattern of the complex-multiplications 
in the unbalanced power-aware FFT computation for any 
sensor pi can be determined from its binary label, for 0 < i 
<N. For instance sensor pi with binary label bin(pi)= 
<bnbn-1…bj…b2b1>  performs a complex multiplication at 
the jth  stage of the FFT computation only if bj = 1, where 
1<j<n. We analyze these bit patterns and permute the bits 
in a novel way to achieve the load balancing of the 
multiplications from the first log2N/2 stages to the second 
log2N/2 stages over the various sensors. As an example, 
the intuitive idea is that if a sensor has a multiplication 
pattern of say 1111 in the four-stage 16-point FFT 
computation, it should be changed to 1100 (so that the 
sensor performs complex multiplications only for log2N/2 
stages). On the other hand if a sensor has the 
multiplication pattern of 0000, it should be changed to 
0011 after log2N/2 stages.  
Definition: S(·) is an inverse-shuffle complement 
function over n-bit integers  such that S(X) = Y with 
bin(X)=<xnxn-1… xk…x2x1> and  bin(Y)=<ynyn-1… yn-

k…y2y1> = <(x1)’(x2)’… (xk)’…(xn-1)’(xn)’>, for some 
integers X and Y. In other words S(X) takes 1’s 
complement of  the kth bit xk, of X and makes it the (n-k)th 
bit yn-k of Y, i.e,   
        yk    =  (xn-k)’   or    yn-k=(xk)’, for 1≤ k ≤n    (5) 

We assume sensors have two different Ids,pi and ci.  pi 
denotes the physical id of the sensor i and remains 
unchanged during the computations. ci denotes the 
computation id of the sensor i. It is initialized to pi and 
can be changed as the computation proceeds. 

Our proposed power efficient FFT algorithm can now 
be informally described as follows.  Up to and including 

Unbalanced Power-aware FFT computation at sensor pi 

xi = initial ith data point 
for stage j = 1 to log N  
    let <bn … bj … b1 > be the binary label of pi and n = log N 

    If (bj = 1)   xi = w * xi   // “lower” partner  comp of Figure 2     
    send xi to butterfly partner < bn … b’

j … b1> 
    recv yi from butterfly partner < bn…b’

j… b1> 
    If (bj = 0)   xi = xi + yi   // “upper” partner comp of Figure 2 
    If (bj = 1)   xi = yi - xi   // “lower” partner comp of Figure 2 
endfor 
 

Figure 3. Unbalanced Power-aware Distributed 1-
d FFT. 



 

the stage s=log2N /2, sensor pi executes unbalanced 
power-aware distributed FFT algorithm. After completing 
sth stage, pi  sends the intermediate result computed so far 
(i.e., the current value of xi) to S(pi).  After receiving data 
from a sensor, pi changes its computation id from pi to 
S(pi). (Lemma 2 below will show that pi receives data 
from S(pi).) Upon changing their computational ids, 
sensors continue to execute unbalanced power-aware 
distributed FFT algorithm in which they communicate 
using the new computational ids. As a result, the 
algorithm has two unbalanced stages that balance each 
other. Figure 5 presents the details of the algorithm. 
Figure 6 shows an example of a 16-point FFT using this 
algorithm. The following two lemmas, and the theorem 
establish the correctness of the proposed power-time 
efficient FFT algorithm. Proofs of the two lemmas are 
straightforward and hence omitted. 
Lemma 1: For any integer X, 0≤X<N, if Y=S(X) then 
X=S(Y).  
Lemma 2: If sensor pi changes its computational id ci 
from  pi to ci =S(pi),  then there exist another sensor pj in 
the network that changes its computational id cj from 
S(pi) to cj  = pi.  
Theorem 3: The proposed power efficient algorithm 
distributes complex multiplications evenly over the 
sensors in the network. 
Proof: Recall that n=log2N. pi executes a complex 
multiplication at a particular stage k if bk = 1 in the binary 
label of its computational id, ci, with bin(ci)=<bnbn -

1…bk..b2..b1>. After exchanging the computational id of pi 
with the inverse-shuffle function S(·), ci

new=S(ci
old). The 

relationship between the bits of new and old 
computational ids can be written as:  (bk

new)=( bn-k
old)’. 

Therefore, sensor pi executes a complex multiplication at 
stage k if and only if it did not execute complex 
multiplication at the stage n-k. As a result the complex 
multiplication pattern of a sensor will be <b1’b2’…bn/2’ 
bn/2...b2b1> (instead of the pattern <bnbn-1...bn/2…b2b1> of 
the unbalanced power-aware algorithm). From the bit 
patterns of pi, it follows that pi executes exactly n/2 
complex multiplication for even n=log2 N. For odd n=log2 
N, pi is going to execute either (n+1)/2 or (n-1)/2 complex 
multiplications. ⌂ 

The algorithms discussed so far considered single-hop 
sensor networks, i.e., all sensors are within the 
communication range of each other. Naturally, the 
question arises as to the performance of the distributed 
FFT algorithms in the multi-hop sensor networks. 
Clearly, our proposed algorithm removes the redundant 
multiplication and balances the workload hence it is 
efficient in the computational sense. A good energy 
efficient algorithm should reduce the communication cost 
since the communication cost is significantly higher than 
the computation cost. We next show how our proposed 
algorithm reduces number of transmissions. 

 
Figure 6. The proposed balanced FFT algorithm for 
a 16-point data set. 

 
4. Multi-hop sensor networks 
 

In order to analyze the performance of distributed FFT 
computations in multihop sensor networks, one must 
consider various scenarios of the sensor network topology 
and the underlying routing protocols. For the sake of 
brevity and simplicity, we consider only one scenario in 
this paper. This example case will illustrate the kind of 
performance gains one can expect using our proposed 
power-time efficient FFT algorithm of the previous section.  

Proposed Power Efficient FFT computation at sensor pi 

ci=pi 
xi = initial ith data point 
for stage j = 1 to ( log N ) /2 
    let <bn … bj … b1 > be the binary label of ci and n = log N 

    If (bj = 1)   xi = w * xi   // “lower” partner comp. of Figure 2     
    send xi to butterfly partner < bn … b’

j … b1> 
    recv yi from butterfly partner < bn…b’

j… b1> 
    If (bj = 0)   xi = xi + yi   // “upper” partner comp of Figure 2 
    If (bj = 1)   xi = yi - xi   // “lower” partner comp of Figure 2 
endfor 
send xn/2 to computation id exchange partner with the binary label 
< b’1b’2…b’n-1b’n > 
recv yn/2 from computation id exchange partner with the binary 
label < b’1b’2…b’n-1b’n > 
ci=< b’1b’2…b’n-1b’n > 
for stage j = (( log N ) /2 +1) to ( log N ) 
    let <bn … bj … b1 > be the binary label of ci and n = log N 

    If (bj = 1)   xi = w * xi   // “lower” partner  comp of Figure 2     
    send xi to butterfly partner < bn … b’

j … b1> 
    recv yi from butterfly partner < bn…b’

j… b1> 
    If (bj = 0)   xi = xi + yi   // “upper” partner comp of Figure 2 
    If (bj = 1)   xi = yi - xi   // “lower” partner comp of Figure 2 
endfor 
Figure 5. A Power-Time Efficient distributed 1-d 
FFT algorithm. 



 

We assume that the sensors are uniformly placed on a 
single line, i.e, distances between adjacent sensors are 
equal. The physical IDs of the sensors are consecutive. 
Let r be the communications radius of the antenna at 
every sensor and let h be the maximum number of sensors 
in the communication range of a sensor. For example, see 
Figure 7 which shows a multi-hop sensor network in 
which sensor p0 has a communication radius of r and has 
three sensors within distance r. It is clear that under this 
model, a communication between sensors p0 and pi with i 
> h requires at least two hops (we have h=3 in the figure). 
In general, sensors pi and pj need ⎡(|pj-pi|/h⎤ number of 
hops to communicate where |Pj-Pi| is the absolute value 
of the difference between integers pj and pi. 

Based on our multi-hop network assumption, we 
assume the following packet forwarding rule for the 
network to minimize the number of communication for 
each of the algorithm. 
Packet forwarding rule (PFR): 

Let pf be the final destination of a packet, then any 
sensor pi will forward any packet from pj if it satisfies the 
following: (1)pi is not the final destination of the 
packet,(2)if pj>pi then pi must be greater than pf, or if 
pj<pi then pi must be less than pf, and (3)|pj-pi| is equal to h.   

We know that the computation costs of the unbalanced 
power-aware and power efficient algorithms are 
independent of the underlying communication model. 
Hence, we need only compute the communication costs 
of the algorithms in the above model of a multi-hop 
sensor network.  For comparison purposes, 
communication costs can be computed in terms of 
number of hops required. In order to calculate the number 
of hops, one must find out the distance between 
communicating sensors which depends on their physical 
and computational IDs, namely pi’s and ci’s. Following 
theorem assumes PFR rule and establishes bounds on the 
distance between any pair of communicating sensors in 
the two FFT computations.   
Theorem 4: Let pi and pj  be the physical IDs of the 
communicating partner sensors at stage k, then |pi-pj| = 2k-

1 for 1 ≤ k ≤ n=log2N, and 0 ≤ pi , pj ≤ N-1. Furthermore, 
If ci and cj  are the computational IDs of the 
communicating partner sensors at stage k, then |ci-cj| = 2k-

1 for 1 ≤ k ≤ ⎡n/2⎤, and |ci-cj| = 2n-k for ⎡n/2⎤ < k ≤ n and 0 
≤ ci , cj ≤ N-1, 
Proof: We know if bin(pi) = <bnbn-1… bk…b2b1>, then 
bin(Pj) = <bnbn-1… b’k…b2b1> since pi and pj  are 
butterfly partners at stage k. Furthermore  Ci = Pi

 and Cj = 

pj for 1 ≤ k ≤ ⎡n/2⎤, and pi  = S( pi
 ) and pj  = S( pj ) for 

⎡n/2⎤ < k ≤ n.  From the definition of the inverse-shuffle 
complement function, we have bin(S(pi)) = 
<(b1)’(b2)’…(bk)’…(bn-1)’(bn)’>  and bin(S(pj)) = 
<(b1)’(b2)’… (bk-1)’ bk (bk+1)’…(bn-1)’(bn)’>. The theorem 
now follows by converting the binary representations to 
their integer representations.  ⌂ 

 
Figure 7. A multi-hop sensor network. 

 
The unbalanced power-aware FFT algorithm for N-

sensor N-point FFT uses the same fixed butterfly 
communication pattern for all the stages, i.e, it uses the 
physical IDs pi and pj’s. The number of transmissions 
required to communicate between every butterfly partner 
at stage k is ⎡2(k-1)/h⎤  by using Theorem 4. Therefore the 
total number of transmissions required in the unbalanced 
power-aware FFT algorithm is: 
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sensor FFT uses the communication pattern using the 
computational IDs. Furthermore, at the end of stage s= 
⎡n/2⎤, it invokes the inverse-shuffle complement 
exchange phase in which extra communication takes 
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5. Simulation Results 
 

We implemented our algorithm in TinyOS and used 
TOSSIM for our simulations. In the simulations, we 
placed our sensors on a single line and assumed various 
communication ranges. Furthermore, we assume fix 
number of data bytes per sensor regardless of how many 
sensors are there in the network. Finally, the packets 
losses are only due to collisions.  

Figures 8 and 9 show the communication costs of the 
proposed distributed FFT algorithm and the conventional 
distributed FFT algorithm, respectively, in terms of 
number of transmitted and received packets on a network 
of 64 sensors. The communication range is assumed 1, 



 

that is, each sensor can communicate with adjacent 
sensors. It can be observed in both figures that the 
communication cost generally decreases from center of 
the network to the either end of the network. The 
difference in communication cost of the sensors is due to 
sensors’ relative position in the network. To illustrate, at 
the last computation phase of the conventional distributed 
FFT, the sensor in the center of the network has to relay 
packets of all the sensors that are at the first half to the 
second half and vice versa. On the other hand, the sensors 
at the either end of the network don’t have to re-transmit 
any packet at any phase of the computation. Note that 
sensors have limited communication range and except the 
very first phase of the computation, communication 
between butterfly pairs requires multi-hop 
communication.  

This unbalanced communication overhead can be 
further reduced by aggregating messages at intermediate 
nodes and employing a binary tree over the 
communication patterns. That is, pre-determined sensors 
can first collect the packets of other sensors. After 
collecting packets, they combine them and forward the 
aggregated packets. Thus, the total number of 
transmissions is reduced. In addition to that, the 
probability of packet collisions is reduced. On the other 
hand, due to increased message size, the transmissions 
will take longer time and packet losses will have higher 
energy cost. Moreover, such an approach will incur 
additional synchronization cost. 
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Figure 8. Number of transmitted and received 
packets by the proposed algorithm in a 64-sensor 
based FFT computation. 

 
Figures 8 and 9 confirm our theoretical derivations of 

section IV, that is, as we expected, the communication 
cost is reduced significantly. The improvement of the 
proposed algorithm can be observed best in figure 10. It 
shows normalized total radio cost (transmitted messages 
plus received messages), i.e. ratio of proposed distributed 
FFT computation algorithm’s cost to the conventional 
distributed FFT computation algorithm’s cost for each of 
the sensor in the network. The average radio cost 
reduction of the sensors is around 40%. Observe that the 
radio cost reduction ratio of the sensors reduces towards 
the either end of the network. The primary reason of such 
a variation is the relative position of the sensors in the 
network. That is, depending on its relative position, a 

sensor may relay other sensors’ packets more or less than 
the other sensors. As a consequence, since our proposed 
algorithm reduces the communication cost associated 
with the relaying other sensors’ packets, the cost 
reduction ratio will be highest for the ones that relay 
others’ packets most and vice versa. 

0
50

100
150
200
250
300
350
400

0 4 8 12 16 20 24 28 32 36 40 44 48 52 56 60
Sensors

To
ta

l R
ad

io
 C

os
t

Received Packets
Transm itted Packets

Figure 9. Number of transmitted and received 
packets by the conventional algorithm in a 64-sensor 
based FFT computation. 

 
Figure 10 verifies our theoretical derivation. The total 

packets transmitted for the conventional FFT computation 
is approximately N2 and the proposed one it is 
0.33N2+2n1.5. For N=64, the ratio, proposed/conventional, 
becomes 0.33+0.25=0.58, in other words theoretical 
improvement is 42%. The actual improvement based on 
our experimental result is 36%. The discrepancy arises 
from packet dropping due to collisions. 
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Figure 10. The ratio of total number of send/receives 
in the  proposed and conventional FFT algorithms. 

 
Figures 11 shows FFT execution times.  Note that 

TOSSIM does not model the event execution times, 
however it models radio timing very accurately. The 
bottleneck in the FFT computation time in our 
experiments is the radio communications. We argue that 
computation times obtained from TOSSIM are close 
approximations to the actual computation times. To verify 
our argument, we have used the cpu cycle count tool 
provided by PowerTOSSIM. CPU is active only 23% of 
the time during the computation, at other times it is idle 
and sensor is waiting for a radio packet.  

 As the FFT computation phase advances, for the 
conventional distributed FFT computation algorithm, the 
number of transmissions required for the communication 
of the butterfly pairs increases exponentially, so does the 
time required to finish a computation phase.  On the other 
hand, for the proposed distributed FFT computation 
algorithm, after the inverse-shuffle complement phase, 
the number of transmissions  required for communication 
decreases exponentially, so does the time required to 



 

finish a computation phase.  
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Figure 11. The total execution time of the distributed 
FFT computation in different size sensor networks. 

 
From Figure 11, starting from network of 16 sensors, 

the computation time of proposed distributed FFT 
computation is lower than its conventional counterpart. 
For example the improvement in the computation time for 
64 sensors FFT computation is 20%. For the network of 8 
sensors, the conventional distributed FFT computation 
algorithm is better because the increase in the 
computation time due to additional phase, inverse-shuffle 
complement phase, is greater than the time saving from 
the shuffle.  
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Figure 12. Energy consumption of the FFT 
computation in different size sensor networks. 

 
Figures 12 and 13 shows mean energy consumption of 

the sensors during the FFT computations. Since in 
TOSSIM sensors cannot turn off their radio during idle 
periods, energy consumed by each sensor during the 
computation is almost identical in both the algorithms. 
The radios of the sensors are on all the time, and idle 
listening and overhearing costs dominate the energy 
consumption of the sensors. The improvement in the 
energy consumption shown in Figures 12 and 13 is due to 
the reduction in the FFT computation time, which is in 
essence due to the reduction in the communication hops. 
Also note that, except for the network of 8,  the overhead 
of id shuffle phase is justified from the overall savings. 

 The increase in the transmission range decreases 
energy consumption as it decreases the computation time. 
However, as we increase the transmission range, due to 
collisions, beyond some particular transmission range, the 
computation time starts to increase so does the energy 
consumption. From Figure 13, we can observe that as the 
transmission range is increased from 4 to 8, the energy 
consumption is increased slightly due to collisions.  
To observe how our proposed algorithm effects the 
communication pattern of the FFT computation, we have 
traced every packet sent and then calculated the total 

number of packets that are sent in one-second interval by 
each sensor.  
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Figure 13. Energy consumption during FFT 
computation assuming various transmission ranges 
in a  64-node sensor network.  

 
Figures 14 and 15 show the communication pattern of 

the sensors during the FFT computation over 64 sensors. 
As we can see, the proposed distributed FFT computation 
algorithm reduces the number of packets sent by each 
sensor compared to the conventional algorithm. Note the 
decrease of red-spots and decreased congestion in figure 
15. In other words, our proposed distributed FFT 
computation algorithm reduces not only the total number 
of packet transmission, but also, reduces the percentage 
of congested areas of the network throughout the 
computation. The reduced congested areas imply lower 
probability of packet collisions, which additional yields 
power savings. Moreover, also gives more chance to 
MAC protocols to aggressively shut down the radio 
circuitry without increasing the computation time. Note 
that in both of the algorithms, radio is on during the 
computation, i.e. MAC layer has 100% duty cycle, for 
performance reasons. Figure 15 also reveals that, for the 
same performance requirements, the proposed distributed 
FFT computation algorithm could have lowered duty 
cycle of MAC layer to great extent. 
 
6. Conclusions 

 
In this paper we have studied issues related to realizing 

distributed computations over sensor networks. Towards 
this end, we have used FFT as a vehicle to highlight these 
issues. FFT serves as an ideal example as it captures both 
local and global communication patterns and employ 
complex arithmetic operations. We have presented a 
power efficient algorithm for computing 1-D Fast Fourier 
Transform (FFT) over wireless sensor networks. The 
proposed algorithm reduces total number of transmissions 
by bringing the sensors, which are going to communicate 
later in the computation at a higher cost closer in the 
assumed network topology. Moreover it eliminates 
typical redundant computations in a distributed FFT 
algorithm and uniformly maps complex multiplications 
over all the sensors nodes. We have shown that the 
proposed algorithm improves energy consumption by 
36% on the average in our experiments. In general, 



 

communication cost will play a dominant role in  
determining efficiency of distributed computations over 

 
Figure 14. The number of packets transmitted at 
each time-interval during the conventional FFT 
computation over a 64-sensor network 
 
sensor networks Also, load balancing in communication 
load will be a pressing issue in sensor networks. In our 
future work, we plan to incorporate other network 
topologies and more complex communication models 
where nodes are not aligned on a single line. Also we are 
investigating other sensor network applications in which 
it is possible to reduce the communication cost in a 
similar way.  
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