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Abstract— In wireless sensor networks, the data collected by
neighboring sensor nodes show high correlation. To exploit the
data correlation for reducing the amount of data while trans-
mitting data from sensor nodes to their base station, this paper
introduces multiple-input turbo (MIT) code to implement a joint
source coding and data aggregation. If there exists an explicit
communication between two sensor nodes, their correlated data
bits are first interleaved with each other in accordance with their
correlation relation, and then are encoded and punctured. On
the other hand, if there is no direct communication between
sensor nodes, the data sequences are encoded with respect
to side information based on the distributed source coding
principles. Whenever the bit error rate needs to be improved,
MIT code is used for channel coding as well. MIT code employs
partial interleaving to reduce energy consumption and memory
size requirements for even small-size information blocks. The
simulation results show that the bit error rate performance of
MIT code outperforms turbo codes to some extent, even if MIT
code implements partial interleaving on interleavers.
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I. INTRODUCTION

Recent advances in wireless networking and microelec-
tronics have made it possible to deploy large number of
sensor nodes in wireless sensor networks. Sensor nodes collect
information from an area of interest, and have the capability of
sensing, processing, and communication. The fact that sensor
nodes are usually equipped with small batteries makes energy
efficiency a major concern. Because most of the energy con-
sumption occurs due to data transmission, it is very critical to
reduce the amount of transmitted data using data aggregation
and source coding.

Sensor nodes often have overlapping sensing ranges and
detect common phenomena and, therefore, many of them
report correlated data [1], [2], [3]. Indeed, it is likely that many
intermediate sensor nodes or cluster-heads receive the same or
similar data from different sensor nodes. Hence, sensor read-
ings are often highly correlated. Data aggregation, also known
as data fusion, is implemented to reduce data redundancy
and/or to combine several unreliable data measurements to
produce more accurate signal by enhancing the common signal
and reducing the uncorrelated noise [4], [5]. For instance, data

may be aggregated using functions to compute averages, sums,
median values, minimum and maximum values [6].

Source coding (i.e., compression or efficient representation
of data) can be implemented to improve bandwidth and energy
efficiency. For instance, when sensor nodes sense a common
phenomena independently or have overlapping sensing ranges,
the measurements of especially neighboring sensor nodes are
often correlated. The objective of source coding is to avoid
the transmission of any redundant information with minimal
or no communication among sensor nodes by exploiting their
data correlation.

In addition to data aggregation and source coding, channel
coding should be used whenever a channel needs to be made
more reliable. For a given spectral efficiency, the largest coding
gain is achieved by turbo code [7], [8] in wireless systems,
and turbo code achieves an exceptionally low bit error rate
(BER) with a signal-to-noise ratio (SNR) per information bit
(Eb/No) close to Shannon’s theoretical limit on a Gaussian
channel. As illustrated in Fig. 1, turbo code consists of
two recursive systematic convolutional encoders in parallel,
separated by an interleaver. The interleaver of turbo code aims
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Fig. 1. Turbo code.

at: (i) improving the code strength by increasing the weight of
codewords, and (ii) spreading the outputs from one decoder to
provide the other decoders with loosely correlated inputs [9].
Since the coding performance of turbo code depends directly
on the generation of coded sequences by the constituent
encoders, the design of turbo interleaver is critical to help
encoder generate a codeword with more weight [10]. But,
the design of interleaver has a tradeoff between large size
for high performance and small size for low latency and



small memory space because a large interleaver size results in
better interleaver gain, but also leads to higher latency, larger
memory size, and more processing and energy requirements.
Turbo code is also suggested for distributed source coding [11]
and joint source-channel decoding [12], [13]. The memory
space requirements, decoding complexity [14] and energy
consumption of turbo code should be reduced to make it
suitable for wireless devices with limited battery power and
memory space.

This paper introduces MIT code to take advantage of the
correlation among the data of neighboring sensor nodes for
implementing an integrated source coding, data aggregation,
and channel coding over wireless sensor networks. The fact
that two input sequences are interleaved in MIT code makes
it possible to use small-size partial interleavers, leading to
energy efficiency. To the best of our knowledge, this paper
is the first to implement a joint data aggregation and source
coding at the same time. Because interleaving two input
data sequences enhances the randomness of data sequences
entering convolution encoders, MIT code is able to employ
partial interleavers to reduce energy consumption and memory
size constraints for even small-size blocks that are typical in
wireless sensor networks. The paper also shows how to employ
MIT code for channel coding along with a joint source coding
and data aggregation.

The remainder of the paper is organized as follows. Section
2 introduces MIT code. Section 3 describes how MIT code
can be used for joint source coding and data aggregation.
Section 4 presents the implementation of joint source-channel
coding. The decoder implementation of MIT code is addressed
in Section 5. Section 6 presents the simulation results, and the
concluding remarks are made in Section 7.

II. MIT CODE

The proposed MIT code employs partial interleavers to
reduce the complexity and to deal with multiple correlated-
data inputs. Fig. 2 illustrates MIT code, where inputs X and
Y represent either the correlated data of sensor nodes X and
Y , respectively, or different blocks X and Y of the same input
sequence. Because each of the four switches S1, S2, S3, and
S4 can be open (i.e., OFF) or closed (i.e., ON) independently
of the other switches, the encoder structure of MIT code can
have sixteen cases. Indeed, each case can be even divided into
subcases since encoders can have variable-length encodings
and partial interleavers can have variable sizes depending
on the availability of the amount of correlated data or the
number of input sources. Switches S1, S2, S3, and S4 may
be chosen to be closed in at least two cases: (i) X and Y
represent different blocks of the same input sequence, and (ii)
a sensor node has some information about the correlated data
of another sensor node in case of wireless sensor networks.
There is a close relationship between the type of partial per-
mutations implemented at partial interleavers and the degree
of correlation between X and Y . Note that MIT code can also
implement turbo code, if needed, by setting switches properly
to ON and OFF modes. Since the coding rate of MIT code

is 1/2 compared to the coding rate 1/3 of turbo code (without
puncturing), MIT code has better throughput than turbo code.
Partial interleavers have less memory storage requirements and
possibly less latency. Since an encoder input is determined by
interleaving two different two input sequences, the information
block size does not have to be large in order to achieve low
BER. In general, the packet size in wireless sensor networks
is small such as 32 bytes, which requires small interleaver
sizes causing the data randomness to become poor. But, a
small-size interleaver leads to less decoding latency and power
consumption because the complexity of turbo code design
increases as the interleaver size increases. Because MIT code
has two inputs, its hardware complexity should be compared
with that of two parallel turbo codes each having one input.
The parallel-to-serial and serial-to-parallel converters of MIT
code are very simple combinational circuits.

III. JOINT SOURCE CODING AND DATA AGGREGATION

The key challenge in sensor networks is to maximize the
lifetime of sensor nodes due to the fact that it is not feasible to
replace the batteries of thousands of sensor nodes. Therefore,
the major constraint to individual sensor node performance
is energy, which is consumed primarily by sensing and com-
munication operations. When sensor nodes sense a common
phenomena independently or have overlapping sensing ranges,
the measurements of especially neighboring sensor nodes are
often correlated. The objective of source coding and data
aggregation is to improve bandwidth and energy efficiency by
avoiding the transmission of any redundant information among
sensor nodes. In this section, we assume that neighboring
sensor nodes A, B, and C want to send their data to a data
aggregator D (or clusterhead). When sensor nodes A and B
have explicit communication (i.e., direct communication), it is
assumed that node A first gets the data of node B and then
implements joint source-coding and data aggregation on their
data before transmitting to the data aggregator.

A. Explicit Communication Between Sensor Nodes

The data of inputs X and Y of MIT code are correlated
to each other because they belong to two neighboring sensor
nodes A and B that directly communicate with each other.
It is assumed that node B first sends its data Y to node
A and, then, node A uses MIT code to implement source
coding and data aggregation. Although interleavers are used
to enhance the randomness of input data in turbo code, the
partial interleavers of MIT code in this case are used to
arrange the positions of the correlated bits of X and Y such
that the bits X i

j,X
i
j+1 . . . ,X i

j+k of the interleaved input X are
correlated with the bits the bits Yj,Yj+1 . . . ,Yj+k of the input
Y , where the superscript “i” refers to an interleaved input and
the subscripts denote the indices of the bits. Similarly, the
bits Y i

j ,Y
i
j+1 . . . ,Y i

j+k of the interleaved input Y are correlated
with the bits the bits X j,X j+1 . . . ,X j+k of input X . Hence,
the correlated data bits of inputs sequences X and Y enter
together the convolution encoders. The encoding structure
of the proposed joint source coding and data aggregation is
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Fig. 2. The encoder structure of MIT code with multiplexers for two inputs X and Y . MIT code can be extended easily for more than two inputs by placing
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illustrated in Figure 3. The systematic inputs X and Y are not
included at the outputs. Puncturing is applied to the parity bits
of the convolutional encoders in order to achieve the desired
compression rate in source coding.

B. Distributed Source Coding

Distributed source coding [15] refers to the compression of
correlated sources that do not communicate with each other
but send their encoded data with respect to side information
to a common decoder. The Slepian-Wolf theorem [16] shows
that it is possible to compress statistically dependent signals
in a distributed manner over noiseless channels to the same
rate as with a system where the signals are compressed
jointly. That is, separate encoding without any communication
among sensor nodes (with the increased complexity at the
joint decoder) is as efficient as joint encoding for lossless
compression.

If each of X and Y is endoded/decoded without knowledge
of any side information, the minimum rate needed to encode
these two sources is H(X) + H(Y ), where H(X) and H(Y )
denote the entropies (i.e., average amount of information per
symbol) of X and Y , respectively. However, MIT code assumes
that each of inputs X and Y knows its joint distribution

with respect to side information, say Z, sent by node C to
the decoder at the data aggregator. In this case, the partial
interleavers of MIT code are set up in accordance with the
relation between side information Z and input sequences X
and Y . The data of X and Y are encoded with respect to
the side information Z. When every k consecutive bits of X
(or Y ) are encoded with respect to Z using a data correlation
between them such as a Hamming distance relation described
in [15], k− j bits are transmitted from the outputs of MIT
code to the data aggregator, for 1 ≤ j ≤ k. Thus, instead
of transmitting H(X)+ H(Y ) to the data aggregator, node A
transmits H(X |Z)+H(Y |Z), given that node C transmits H(Z).

IV. JOINT SOURCE-CHANNEL CODING AND DATA
AGGREGATION

The separation of source and channel coding results in per-
formance losses. Therefore, joint source-channel coding [19]
is introduced to design and operate source and channel coding
in a dependent fashion for optimal allocation of resources
between them. The duality between source and channel coding
with side information has been recently shown in [17]. That
is, the encoder (decoder, respectively) of source coding with
side information at decoder is functionally identical with the



decoder (encoder, respectively) of channel coding with side
information at encoder.

One important advantage of using MIT code for joint
source-channel coding is that it enables the decoders of source
coding and channel coding to take advantage of turbo principle
because the decoders interact iteratively with each other in
decoding. The decoder of source coding implements turbo
principle using the correlation between two sources as prior
information. As illustrated in Figure 4, channel encoding can
be implemented by MIT code just after a source coding and
data aggregation. As in turbo code, the partial interleavers
in channel coding are used to improve the code strength by
increasing the weight of codewords.

A. Partial Interleaver for Channel Coding

The size of interleaver in turbo code has great impact on
its performance as well as the energy consumption because an
interleaver with big size requires more memory and processing
operations. Hence, two important parameters of an interleaver
are its size and actual interleaving pattern. Let N denote the
interleaver size that also equals the size of an information
word. A partial interleaver of MIT code interleaves only K
out of N bits, for K < N. So, the remaining N −K bits of
the information word are not involved with the interleaving.
In other words, the contents of those N−K locations do not
change at all during interleaving. As far as the performance of
interleaver and MIT code is considered, it is critical how those
K bits of a block are chosen. The degree of correlation (or
dependence) between the inputs X and Y of MIT code depends
on the number of those r-bit words in inputs X and Y over
their all r-bit words. The impact of correlation is controlled
by a weight parameter w whose values ranges from 0 to 0.99.
After the value of K is determined, the K bits of information
word are interleaved in a similar way to S-random interleaver
[10]. The partial interleaving algorithm is described next.
Algorithm PI
Input: An interleaver with size N, and two input sequences

of X and Y with the same number of bits.
Output: A partial interleaving with size K.
begin

1. Let a denote the number of those r-bit words that are
located at the corresponding r-bit positions of inputs X
and Y . Also, let b denote the total number of r-bit words
in X (or Y ). Then, let c = (a/b).

2. Let K be equal to N − b(c× w)c for a given weight
parameter w ranging from 0 to 0.99.

3. Choose K integers from the set {1,2, . . . ,N}. Form the
interleaver output set L consisting of these selected K
integers only. Map each of these bits that are located at the
positions of unselected integers at the interleaved inputs
to the same locations at the interleaver outputs.

4. Let the interleaver distance S equal to b
√

K/2c. Set a
temporary variable “count” to 0.

5. Select an integer i randomly from the set L.
6. Compare the selected integer i with the previously selected

S integers. If the absolute value of the difference between

i and any of the previously selected S integers is smaller
than S, then increment count by 1. If count is less than
S, go to Step 5 to select another integer. Otherwise, map
the ith bit of the interleaver input to the leftmost empty
bit position of the interleaver output.

7. Remove the current selected integer i from the set L. If L
is empty, then stop. Otherwise, set count to 0 and then go
to Step 5.

end

B. Decoder Implementation

As seen from Fig. 5, the MIT decoder is the same as the
turbo decoder except that the MIT decoder has either parallel-
to-serial or serial-to-parallel converters between decoder and
interleavers or deinterleavers in order to properly multiplex
or demultiplex the decoders’ output bits. Similar to turbo
decoding, MIT decoding is an iterative process and the BER
improves as the number of decoder iterations increases at the
expense of having more calculations. Indeed, the decoding
complexity is mainly affected by three main factors: (i)
interleaver size, (ii) the number of decoder iterations, and
(iii) the number of decoder states determined by encoder
constraint length. MIT code uses small interleaver size and
small constraint length for convolutional encoders. To con-
sume less power in decoding, the number of decoder iterations
may be dynamically changed based on the channel conditions.
The power savings of MIT decoder can also be increased
significantly by reconfiguring the decoder at run time based
on channel conditions, similar to as much as a 52% power
saving in turbo decoder reconfiguration [18].

V. PERFORMANCE EVALUATION

This section presents the simulation results for comparing
the performance of MIT and turbo codes. For MIT code, we
develop a simulator by modifying the turbo code simulator
given in [20]. Turbo code has one input of k bits, one inter-
leaver, and two encoders, whereas MIT code has two inputs of
k bits each, two partial interleavers, and two encoders. A block
log-MAP decoder is used in the simulations. Code rate of 1/2
is simulated over an AWGN channel for both turbo and MIT
codes. All the encoders with g0 = 07 and g1 = 05 in octal are
assumed to employ a tail which causes the actual code to be
reduced slightly. The size of interleaver equals the information
block length ranging from 256 to 1024. Each partial interleaver
of MIT code interleaves half of its input bits. A maximum of
up to 8 iterations are simulated for 10,000 information blocks.
The bits 0 and 1 of data are generated uniformly. Inputs X
and Y are assumed not to have any data correlation initially.
In this case, Figures 6 and 7 show the bit error rate (BER)
performance of the turbo and MIT codes for iterations of 1,
3, and 8 for block lengths of 256 and 1024, respectively.

As seen in Fig. 6 , MIT code is a bit better than turbo
code in the case of one iteration in the decoder, while MIT
code significantly outperforms turbo code in the case of three
and eight iterations in the decoder. Similar better results are
also shown in Fig. 7. Depending on the BER requirements
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and that the BER difference between three iterations and eight
iterations is not significant, three decoding iterations may be
sufficient for some applications in order to reduce energy
consumption for decoding operations. To illustrate the impact
of data correlation on the BER performance of MIT code,
we considered two-bit data correlation for the case where (i)
each sensor measurement is expressed by two bits and (ii)
the probability that nodes X and Y can produce the same
sensor measurement is 0.6. In this case, as seen from Fig. 8,
MIT code leads to better BER for correlated data than non-
correlated data.

VI. CONCLUSIONS

This paper has presented an energy-efficient MIT code for
wireless systems, in particular, wireless sensor networks. MIT
code can be used for joint source coding, data aggregation,
and channel coding in wireless sensor networks. MIT code
allows source coding and data aggregation to benefit from

the correlated data of sensor nodes for reducing BER further.
MIT code can be used to reduce the amount of data to be
transmitted, leading to energy saving and better bandwidth
utilization. MIT code employs partial interleaving to reduce
memory space and the number of memory accesses in in-
terleaving and deinterleaving operations at transmitter and
decoder, respectively, thereby resulting in energy saving. The
simulation results show that MIT code requires less Eb/No
than turbo code for meeting a given BER requirement in case
of the iterations three and eight.
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