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Abstract—In wireless sensor networks, collection of raw sensor
data at a base station provides the flexibility to perform offline
detailed analysis on the data which may not be possible with innetwork data aggregation. However, lossless data collection consumes considerable amount of energy for communication while
sensors usually have limited energy. In this paper, we propose
a Distributed and Energy efficient algorithm for Collection of
Raw data in sensor networks called DECOR. DECOR exploits
spatial correlation to reduce the communication energy in sensor
networks with highly correlated data. In our approach, at each
neighborhood, one sensor shares its raw data as a reference with
the rest of sensors without any suppression or compression. Other
sensors use this reference data to compress their observations by
representing them in the forms of mutual differences. In a highly
correlated network, transmission of reference data consumes
significantly more energy than transmission of compressed data.
Thus, we first attempt to minimize the number of reference
transmissions. Then, we try to minimize the size of mutual
differences. We derive analytical lower bounds for both these
phases and based on our theoretical results, we propose a twostep distributed data collection algorithm which reduces the communication energy significantly compared to existing methods.
In addition, we modify our algorithm for lossy communication
channels and we evaluate its performance through simulation.

I. I NTRODUCTION
Collection of raw sensor data at a base station is one of the
most prominent yet challenging problems in sensor networks.
This is required in a variety of environmental monitoring applications where an offline ad-hoc analysis on the data is desired
[1], [2]. A naive approach to this problem is to ask every sensor
to transmit the raw data on the forwarding path to the base
station, without any suppression. This approach consumes a
significant amount of energy especially for the sensors close
to the base station which should relay the raw data for the
rest of the network. Energy is the major concern for sensor
networks since sensors are usually battery operated, and hence
energy-constrained. Yet sensors are typically deployed in an
environment where they will be left unattended for months or
even years and are expected to operate for such long periods.
Therefore, to guarantee the desired lifetime of the network,
it is essential to consume energy efficiently. Recognizing that
computation is less energy consuming than communication
[3], it is well known that significant energy savings can be
obtained by reducing number of transmitted bits through extra
computation.
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If a user/application can express its interest as a query,
the query will be sent into the network. Based on the query,
sensors perform aggregation on their readings to reduce the
amount of data that is transmitted to the base station [4], [5],
[6], [7]. For example, if in a network, a user is only interested
in the minimum or maximum temperature of the sensors, all
the redundant sensor observations can be easily dropped on
their way to the base station and only one value is reported.
However, in many situations, raw data from all the sensors is
required. For example, evaluation of sophisticated statistical
models for tree growth requires all the temperature readings
in an area [8]. Collecting all the data provides the flexibility
to perform arbitrary and detailed analysis on the offline data
for variety of application scenarios.
Lossless collection of data in sensor networks comes at
the price of high energy consumption. To reduce this cost,
different techniques have been suggested to exploit the spatial
correlation among the data of sensors for data collection [8],
[9], [10], [11], [12], [5], [13], [14], [15], [16]. One of these
techniques is distributed source coding [9], [16] which avoids
transmitting any redundant data. Thus, it is theoretically the
most efficient scheme in terms of the number of bits that need
to be transmitted. However, it requires perfect knowledge of
the correlation among data of sensors. Such information is
usually very costly to provide if possible at all. To acquire this
knowledge, we need at least an expensive initialization phase
during which raw data from all the sensors is collected. Techniques proposed in [13], [10] do not need perfect knowledge
of the correlation but they still have a major initialization cost
for collecting the raw data from sensors in order to explore
spatial correlation. In [13] this data is used for partitioning
sensors into clusters and in [10] it is used for selecting a subset
of sensors [10] that are sufficient for reconstructing the data.
The techniques proposed in [15], [17] avoid the expensive
initialization phase by assuming that the entropy rate for each
sensor’s observation and the conditional entropy rate over all
the pairs of observations is provided. This may not be the case
for a lot of the data sets. Thus, an initialization phase, during
which raw data is collected, will be inevitable for many sensor
network application scenarios.
To reduce the energy consumption in the initialization
phase, redundant data can be removed at each relaying node

on the forwarding path to the base station. This is the approach
proposed in [12], [5], [11]. The technique proposed in [12], [5]
is to send the data along the shortest path to the base station
and the redundant data is suppressed opportunistically along
this path. We call this technique Routing Driven Compression
(RDC) similar to [11]. The other approach is to organize
the nodes into clusters. Within each cluster, each sensor’s
data is routed to a cluster head where redundant data can
be suppressed. This technique has been discussed in [11]. We
call this technique Cluster-based Routing Driven Compression
(CRDC). The drawback of these schemes is that each sensor
should still perform at least one full transmission where a
full transmission is a transmission of one sensor’s raw data
without any suppression. Full transmissions are inevitable
during lossless data collection especially when no history
of the data is available. In a highly correlated network, full
transmissions consume considerably more energy than transmissions of compressed data. Therefore, to minimize the total
number of transmitted bits, as the first step of our solution, we
suggest to minimize the number of full transmissions. To the
best of our knowledge, no other work has suggested reducing
full transmissions during data collection which is especially
important when no prior knowledge about correlation of the
sensors’ data is available.
In this paper, we analytically determine the minimum number of full transmissions required for lossless collection of
data at the base station. We consider the communication graph
of the network and introduce what we call Minimum SemiConnected Dominating Set (MSCDS). The elements of this
set are the only nodes that require to do full transmissions
for lossless data collection at the base station. Other sensors
use this reference data to compress their observations by
representing them in the form of mutual differences and so
are only required to transmit the difference between their data
and a data that they have already received. We call these
differences delta.
To further minimize the number of transmitted bits, the size
of deltas in each neighborhood should be minimized. To this
end, we analytically determine the minimum number of bits
required for representing a set of data, produced by sensors,
in the form of mutual differences. This lower bound is equal
to the sum of edge-wights of the minimum spanning tree of a
logical weighted graph whose edge-weights correspond to the
size of mutual differences between each pair of data.
Based on our theoretical results, we suggest DECOR which
is a distributed algorithm for collecting raw data of sensors at
the base station. We suggest a two-step solution: 1) Minimize
the number of full transmissions. 2) Minimize the size of
deltas belonging to a set of sensors in each neighborhood.
To minimize the number of full transmissions, we introduce a
distributed algorithm which approximates MSCDS. We show
that the cardinality of the approximated set is within a constant
factor of that of MSCDS. Then, we propose a distributed
algorithm based on which sensors contribute in compressing a
data set that represents the observations of their neighborhood
before transmitting the data set towards the base station. This

algorithm can compress a set of data optimally for a set of
sensors within the same communication range. We evaluated
the performance of the algorithm both analytically and through
numerical simulations. Using simulations, we showed that our
algorithm outperforms existing approaches that exploit spatial
correlation. In addition, we modify the algorithm to perform in
a noisy environment with lossy communication channels and
through simulations, we show that it is resilient to channel
failures.
In this paper, we only focus on the spatial correlation on
the data of sensors and do not address the temporal correlation
which can be exploited in a dynamic scenario. Exploiting
temporal correlation for data collection has been addressed
in [8], [18], [13]. Our work is orthogonal to these approaches
and can be combined with them to further reduce number of
transmitted bits in a dynamic scenario. Note that DECOR is
especially useful when no history about the data is available
and so no temporal correlation can be used.
The paper is organized as following: Section II describes
the system model and problem formulation. In section III, we
describe the theoretical foundation of our proposed solution
for lossless data collection. In section IV, we explain our data
collection algorithm. In sections V and VI, we evaluated our
algorithm through theoretical analysis and numerical simulations, respectively. Conclusion and future works are in section
VII.
II. S YSTEM M ODEL AND P ROBLEM S TATEMENT
Consider a data collection problem in a sensor network
where a base station collects highly correlated observations
of n sensors si , i ∈ {1, . . . , n}.
We model the communication network among the sensors
and the base station with a unit-disk graph C where two nodes
in the network are adjacent in the graph C if the Euclidean
distance between them is less than the communication range
r. We assume that C is connected otherwise some sensors
can not share their data with the base station. Sensors use
broaDECORst communication. As a result, when a sensor
sends out a message, it is received by every sensor or base
station within its communication range.
The objective is to collect the data of all the sensors at the
base station with the minimum number of transmitted bits to
preserve the energy and make efficient use of bandwidth.
III. T HEORETICAL F OUNDATION OF THE P ROPOSED
S OLUTION
In this section, we introduce the theoretical foundation of
our proposed solution. We first find the minimum number of
full transmissions required for lossless collection of data at
the base station. Then, we find the minimum number of bits
required for representing a set of data in the forms of mutual
differences.
A. Minimum Number of Full Transmissions
Let D be a set of sensors that perform full transmissions
for lossless data collection at a base station. We call these
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Sensor network in Example 1

sensors ‘reference nodes’. The rest of the sensors compute the
difference between their data and that of adjacent reference
nodes and so are only required to transmit their computed
deltas. If a sensor is not a reference node, it should at least
receive one reference data to compute its delta. Therefore, set
D should be a dominating set of the communication graph
C where set D is a dominating set, if every vertex in the
graph that is not in D, has a neighbor in D. But set D
should have an extra property to ensure that all references
and deltas can be collected at the base station without any
more full transmissions. We call this specific dominating set
D a Semi-Connected Dominating Set (SCDS). We prove that
the cardinality of a SCDS with minimum size (MSCDS) is
equal to the minimum number of full transmissions required
for collecting all the data at the base station.
We first introduce a bridge graph which will be used for
defining a SCDS.
Definition 1 For a graph C = (V, E), its bridge graph on
the set of vertices W ⊆ V , denoted by CW , is a new graph
such that two vertices in the set W are adjacent in CW if
and only if they are within the 2-hop distance of each other
in graph C.
Definition 2 A dominating set D of graph C, is a SemiConnected Dominating Set (SCDS) of graph C, if its bridge
graph CD , is connected. We refer to a SCDS of minimum size
as a Minimum SCDS (MSCDS).
Here, through a simple example, we first explain why
reference nodes that perform full transmissions should be
SCDS rather than just a dominating set. We then prove that
minimum number of required full transmissions is equal to the
size of MSCDS.
Example 1 Consider a sensor network with the communication graph C presented in Fig. 1 where sensors si , i ∈
{1, . . . , 4} should transmit their data fi , i ∈ {1, . . . , 4} to
the base station b.
In this example, set {s1 , s3 } (black nodes in Fig.1.I) is a
SCDS of the communication graph since s1 and s3 make a
dominating set and are within the two-hop distance of each
other and so their corresponding bridge graph is connected.
We show that, only the two full transmissions by sensors s1
and s3 , are enough for data collection at the base station b.
When sensors s1 and s3 perform full transmissions, f1 and

f3 will be received by their neighbors. Sensor s4 computes
∆4,3 and transmits it to s3 where ∆i,j is the difference of
fi with respect to fj . Sensors s3 transmits ∆4,3 to s2 . Now
s2 computes ∆3,1 as it already has received f1 from s1 and
f3 from s3 . Sensor s2 also computes ∆2,1 and then forwards
{∆2,1 , ∆3,1 , ∆4,3 } to s1 . To collect all the data in b, it is
enough that sensor s1 retransmits these deltas to b. Since
base station b already has received f1 , it can reconstruct
{f2 , . . . , f4 } using the received deltas. Therefore, in this case,
the two original full transmissions by s1 and s3 are enough
for collecting all the data at b.
On the other hand, set {s1 , s4 } (black nodes in Fig.1.II)
is a dominating set but not a SCDS because s1 and s4 are
not within the 2-hop neighborhood of each other and so their
corresponding bridge graph is not connected.
We can easily show that the two full transmissions by
{s1 , s4 } are not enough for data collection. When sensors
s1 and s4 perform full transmissions, f1 and f4 will be
received by their neighbors. In this case, sensor s3 should
transmit either f4 or f3 to sensor s2 . Thus, at least three full
transmissions are required for collecting all the data at b.
We generalize the result of Example 1, in Theorem 1.
Theorem 1 The minimum number of full transmissions required for data collection at node b ∈ C, is equal to the size
of MSCDS of the communication graph C.
Proof: We first show that if D is a SCDS, full transmissions
by the nodes in D, are the only full transmissions required
for data collection in b. Then, we prove that the number of
the full transmissions which are necessary for data collection,
is not less than |M SCDS| where |M SCDS| is the size of
MSCDS.
Consider a SCDS D in graph C. The nodes in set D,
form a connected bridge graph CD and each perform one full
transmission. For collecting all the data, for each sensor si
there should be at least one path to the base station b on which
si ’s data will be transmitted. We first show that data of any
node si ∈ D can be transmitted to b without any more full
transmission. Since set D is a SCDS, for any node si ∈ D,
there is another node sj ∈ D in the 2-hop neighborhood of
si such that sj is on a path from si to b. Note that sj is
closer than si to b on this path. When si and sj send out their
reference data, there is at least one node sk that receives both.
sk transfers si ’s data to sj by only transmitting ∆i,j . Sensor
sj then forwards ∆i,j on the next hop towards b.
Now, we show that the data of any node sr ∈
/ D can also be
sent to the b without further full transmissions. For sr , there
is at least one node sl ∈ D in its neighborhood. Since there
is a path to b from sr , node sr can transmit ∆r,l to b on this
path.
Now, we prove that the number of full transmissions
necessary for data collection, is not less than |M SCDS|.
Consider a data collection which requires t full transmissions
to reconstruct all the data at b. We show that |M SCDS| ≤ t.
We refer to the set of nodes that transmitted the t references as

set R. Note that |R| ≤ t (a node may have done more than one
full transmission). Set R should be a dominating set, otherwise
some of the sensors do not receive any references and so they
have to do full transmissions. Now, we have to show that set
R is a SCDS. If R is not a SCDS, the set of nodes in R form
a non-connected bridge graph CR . That means there should
be at least one node si ∈ R from which there is no path in
CR to b. Thus, considering a path from sensor si to b, there
should be at least two adjacent nodes sr ∈
/ R and sk ∈
/ R
on the path that have no common neighbor in R. Note that
if no such path exists, then R is a SCDS. Without loss of
generality let’s assume that sr is closer to si . Nodes sk and sr
have no common neighbor in R whose full transmissions can
be heard by both. Thus, to transmit si ’s data, node sr has no
other option other than one full transmission; otherwise data
of si can not be reconstructed at b. But sr does not belong to
R. This is in contradiction with our original assumption that t
full transmissions by nodes in R is enough for data collection.
Thus, set R is a SCDS and so |M SCDS| ≤ R which implies
|M SCDS| ≤ t.
!
As part of our two-step solution for data collection with
minimum number of bits, in subsection IV-A, we suggest a
distributed algorithm that approximates the MSCDS within a
factor of at most 8 from the optimal solution.
B. Optimal Data Compression
One way to compress a data set, is to represent set of
data as mutual differences. In this section, we determine the
minimum number of bits required for representing a set of data
in the forms of mutual differences. This result can be used to
minimize the number of transmitted bits by each subset of
sensors that transmit a data set towards the base station. In
this section, we assume that ∆i,j = ∆j,i for any i and j.
Definition 3 A delta graph H defined over n sensors si , i ∈
{1, . . . , n} is a complete graph in which each edge-weight
between two nodes si and sj , is equal to Size(∆i,j ) which is
size of ∆i,j in bits.
Any set of data can be represented as a reference plus
a proper set of mutual differences. For example, F =
{f1 , . . . , f3 } can be represented as f1 (a reference) plus set
S = {∆1,2 , ∆2,3 }. We call set S a delta compression set. Note
that for representing a set of n nodes, one reference plus n− 1
deltas are enough.
Definition 4 A delta compression graph G ⊂ H for a delta
compression set S, is a graph in which two vertices si and sj
are adjacent in G if and only if ∆i,j or ∆j,i is in the set S.
Optimal delta compression graph is a delta compression
graph corresponding to a delta compression set with minimum
number of bits.
Theorem 2 Assuming that references have equal sizes, an
optimal delta compression graph Gopt , for a set of n sensors,
is a Minimum Spanning Tree (MST) of the delta graph H.

Proof: We first prove that Gopt is a spanning tree. The delta
compression graph Gopt spans all the nodes and it should be
connected, to reconstruct every data. Graph Gopt is a tree.
Assume to the contrary that Gopt is not a tree and so it has a
loop. Now, if we remove an edge within the loop, still every
data can be represented since assuming we have one reference,
n − 1 deltas are enough for representing n nodes. Therefore,
we have a new delta compression graph with a less total edgeweight which is a contradiction.
Now, it remains to prove that it is a minimum spanning
tree. This is straight forward since the total number of bits for
representing a set of data (without considering the reference
data) is the sum of edge-weights of Gopt . Thus, Gopt is a MST
by definition.
!
We use this result in section IV-B to reduce the number of
transmitted bits during data collection.
IV. DATA C OLLECTION A LGORITHM (DECOR)
Based on the theoretical results presented in the previous
section, we introduce our proposed Data Collection Algorithm
(DECOR). DECOR is distributed and and has two phases:
First, the MSCDS Approximation Phase (MAP) which finds
the set of reference nodes that do full transmissions. Second,
the Data Collection Phase (DCP) which collects every sensor’s
data at the base station. These phases are distributed and run
locally at each node. In this section, we first assume that the
communication links are lossless and error-free. In subsection
IV-C, we relax this assumption and explain how the algorithm
can be modified to deal with lossy communication channels.
Through this section, we assume that every node knows its
shortest distance in number of hops from the base station. We
refer to these distances as levels. Every node also knows its
parents which is a set of adjacent sensors which are one level
closer to the base station. The process for obtaining the levels
and determining parents is straight forward and can be done
similar to the level calculation stage in [19].
A. MSCDS Approximation Phase (MAP)
MAP approximates MSCDS through distinguishing two sets
of nodes: BLACK nodes and GRAY nodes. BLACK nodes
represent the sensors which perform full transmissions, and
GRAY nodes represent the rest of sensors. Initially, all the
nodes are WHITE which means that it has not yet been
determined whether they are BLACK or GRAY. During the
algorithm run, some nodes become BLUE meaning that they
may be eligible to become BLACK, later.
Fig. 2 shows the state transition diagram of MAP. BLUE
state is shown with the dashed lines. The base station b colors
itself BLACK and sends out a message to its neighbors. Note
that b either owns a reference data or acquires one from one
of its neighbors. Each node, upon receiving a message, makes
a decision about its color and then announces it. The decisions
are made as following:
• Each WHITE node colors itself GRAY if it receives a
message from a BLACK parent.

•
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Each WHITE node colors itself BLUE if it receives a
message from a GRAY parent.
Each BLUE node colors itself GRAY if it receives a
message from a BLACK neighbor.
Each BLUE node colors itself BLACK if it has maximum
number of WHITE neighbors among its BLUE neighbors
at the same level.
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If a WHITE node receives two messages at the same time
from a BLACK and GRAY parent, it always gives the priority
to the message of the BLACK parent and becomes GRAY.
These simple steps make sure that if a node has a reference
node in its direct neighborhood, it doesn’t need to do full
transmission.
Notice that BLUE nodes negotiate with their BLUE neighbors to make their decision about becoming BLACK. To
approximate the MSCDS, we suggest a greedy choice for
BLUE nodes in the sense that a BLUE node that covers
the maximum number of WHITE neighbors among its other
BLUE neighbors, becomes BLACK. Each BLUE node only
competes with its BLUE neighbors in its own level. This way
competition is limited within each level.If two neighboring
BLUE nodes, at the same level, have equal number of WHITE
neighbors, one of them randomly colors itself BLACK and
informs the other. Note that based on this algorithm, except for
the base station, every BLACK node has been BLUE before.
To explain how MAP works on a network, consider the
following example:

has a black neighbor
announces its color

Fig. 2.
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Note that {b, s3 } is a MSCDS of the communication graph
of Fig. 3. Thus, in this example, MAP was able to determine
MSCDS.
In section V, we will first prove that set of BLACK nodes
identified through MAP construct a SCDS of the communication graph C. Then, we find the upper bound on the number
of BLACK nodes determined through MAP. We show that the
cardinality of the set of BLACK nodes found through MAP
is within eight times the cardinality of the MSCDS.
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Example 2 Consider the communication graph in Fig. 3
where each sensor’s level is marked in the parenthesis ( Fig.
3.I). MAP on this networks runs as follows:
II) Base station b colors itself BLACK and announces its
color (Fig. 3.II).
III) Sensors s1 and s2 , at level 1, upon receiving the
message from BLACK node b, color themselves GRAY and
announce their colors (Fig. 3.III).
IV) Sensors s3 and s4 , at level 2, upon receiving the message
from GRAY nodes, color themselves BLUE (Fig. 3.IV, color
BLUE is shown by dashed lines).
V) Sensor s3 and s4 have both one WHITE neighbor. Thus,
one of them, say sensor s3 , randomly colors itself BLACK and
sends a message to its neighbors. (Fig. 3.V).
VI) Sensors s4 and s5 upon receiving this message, color
themselves GRAY (Fig. 3.VI).
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B. Data Collection Phase (DCP)
So far, we explained how to minimize the number of full
transmissions by approximating MSCDS through MAP. In
DCP, delta and references will be collected at a base station.
Our goal is to minimize the number of transmitted bits by
minimizing the size of data transmitted by each set of sensors.
In DCP, each sensor tries to contribute in compressing the
data set of its neighborhood optimally by finding the Minimum
Spanning Tree (MST) of the corresponding delta graph in a

Algorithm 1 DCP algorithm at sensor si
1: if si BLACK then BLACKnode
2: else GRAYnode
3: end if
4: PARENTnode
Algorithm 2 BLACKnode: Algorithm at BLACK sensor si
1: REF ← {fi ,i}
2: Send out REF
3: Wait for SIZE from every parent
4: SELECT ← ID of parent with smallest SIZE
5: Send out SELECT

Algorithm 3 GRAYnode: Algorithm at GRAY sensor si
1: J ←
argmin
(Size(∆i,j ))
{j|sj ∈BLACK neighbor(si )}

2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:

distributed way.
Sensors use four types of messages to communicate during
DCP.
• REF: Data message containing the reference data and the
ID of the node that transmits a reference.
• DIFF: Data message containing the delta and the ID of
the node to which the delta belongs and the reference ID
with respect to which the delta is computed.
• SIZE: Message sent by a parent to its BLACK child
containing the ID of the child and the size of the child’s
data represented by the parent.
• SELECT: Message sent by a child containing the ID of
the selected parent responsible for transmitting data of
the child.
Pseudocode of DCP is shown in algorithm 1. In summary,
if a node is BLACK, it executes BLACKnode (algorithm 2)
where it shares its reference data with its neighbors. If it is
GRAY, it executes GRAYnode (algorithm 3) which attempts to
minimize the size of GRAY node’s delta. If a node (BLACK
or GRAY) has children, it executes PARENTnode (algorithm
4) where it transmits its children’s data toward the base station.
DCP starts when each BLACK node performs a full transmission by sending out a REF message that contains its
reference data. The REF message is received by the set of
BLACK nodes’ neighbors. Every GRAY node computes its
delta with respect to a transmitted reference data. Some GRAY
nodes may receive multiple references and so they will be able
to compute multiple deltas for their data. If a sensor has more
than one delta, it can choose the smallest one.
After full transmissions, data of BLACK and GRAY nodes
will be collected. The strategies for collecting the data of
BLACK and GRAY nodes are different as following:
For BLACK nodes, we should make sure that every reference data is compressed with regard to another reference data
of a higher level node. This avoids the loop referencing that
may occur otherwise. Data of each BLACK node will be sent
through one of its GRAY parents as explained in Example
1. Notice that a BLACK child has no BLACK parent since
during MAP each BLACK node ensure that all its neighbors
are GRAY. Similarly, a BLACK parent has no BLACK child.
Every GRAY parent of a BLACK node receives at least

14:
15:
16:
17:
18:

mydelta ← ∆i,J
myRef ← J
set timer
while timer< Size(mydelta) do
if (si overhears sk ) and (si can reconstruct fk ) then
∆i,k ← ∆(fi , fk )
if Size(∆i,k ) < mydelta then
mydelta ← ∆i,k
myRef ← k
end if
reset timer
end if
end while
SELECT ← ID of a random parent
Send out SELECT
DIFF ← {mydelta,myRef,i}
Send out DIFF

Algorithm 4 PARENTnode: Algorithm for parent si
1: for each BLACK child sj do
2:
K←
argmin
(Size(∆j,k ))
{k|sk ∈BLACK neighbor or parent of(si )}

3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:

sj .delta ← ∆j,K
sj .Refid ← K
SIZE ← Size(∆j,K )
Send out SIZE to sj
Wait for SELECT
if SELECT=si then
DIFF ← {sj .delta,sj .Refid,j}
Send out DIFF
end if
end for
if DIFF is received from child sj that has selected si then
forward DIFF to the selected parent of si
end if

another reference data from a BLACK parent or neighbor. The
parent, computes the difference of these two references. Then,
it sends out a SIZE message representing the size of the delta
between them (If the parent has more than one delta for its
BLACK child, it sends out the size of the smallest one). The
BLACK child that may have received the SIZE message from
multiple parents, selects a parent with the smallest size delta.
Then, it notifies the parent through a SELECT message to
forward its delta to its own parent. The forwarding continues
until delta reaches to the base station.
Strategy for transmitting the data of GRAY nodes is shown
in algorithm 3 and is as follows: A GRAY node, waits for a
time directly proportional to the size of its delta to send out its
delta through a DIFF message. This transmission will be heard
by all the parents and neighbors of this node. Then, it chooses
a parent randomly using a SELECT message to forward its

b
s1

s2

s3

s4
s5

Fig. 4.

Example of Data Collection Algorithm

transmitted delta. The advantage of having a waiting time
proportional to the size of delta, is that sensors with the smaller
deltas will transmit their deltas first. Sensors with the larger
deltas have a chance to wait and overhear other transmissions
to see if they can re-represent their data with smaller deltas.
Every time a node receives a delta, it will reset its waiting
time. Notice that a GRAY node only updates its delta if it
can represent its data with a smaller delta. We will discuss
in subsection V-B that in a fully-connected neighborhood of
sensors, this strategy results into the optimal delta compression
since it is in fact a distributed version of the Prim’s algorithm
[20] for computing MST.
Each parent forwards the DIFF that it has received from its
GRAY children immediately by choosing a parent randomly
through SELECT.
We explain our algorithm through Example 3.
Example 3 Consider the sensor network in Fig. 4. In Example
2, we found that MSCDS for this graph is {b, s3 }. Now, sensors
si , i ∈ {1, . . . , 5} should transmit their data to b.
Initially nodes b and s3 transmit their reference data f0 and
f3 through REF messages respectively. These two are the only
full transmissions that are required for our data collection.
Note that we assume base station b is a sensor too and so
provides f0 . f0 is received by s1 and s2 and f3 is received by
s1 , s2 , s4 and s5 .
Sensor s1 computes ∆1,0 and ∆1,3 and keeps the smaller
one (say ∆1,0 ). Similarly s2 , s4 and s5 keep ∆2,0 , ∆4,3 and
∆5,3 respectively.
We first explain how data of BLACK nodes are transmitted
to the base station. Node s3 is BLACK, so sensors s2 and s1 as
the parents of s3 compute the difference between two reference
data f0 and f3 (∆3,0 ). Sensor s2 and s1 both transmit size of
∆3,0 through the SIZE message. Since they both transmit the
same size, s3 randomly chooses one, (say s1 ) and sends out
a SELECT message containing s1 ’s ID. Thus, s1 now sends
∆3,0 to b.
Now, we explain how data of GRAY nodes is transmitted:
Assume s4 is the first one which transmits its delta ∆4,3 .
Sensor s4 chooses s2 as its parent through a SELECT message
since it is the only parent of s4 . Sensor s2 forwards ∆4,3 to

b as b is also the only parent of s2 . After ∆4,3 is transmitted
by s4 , it is received by s2 and s5 . Sensors s2 and s5 use
∆4,3 to construct f4 and then ∆2,4 and ∆5,4 respectively.
Let’s Size(∆5,4) < Size(∆5,3 ). Sensor s5 updates its delta
to ∆5,4 and resets its timer to start over its waiting time. But
let’s Size(∆2,0 ) < Size(∆2,4 ). Sensor s2 does not update
its delta but it still updates its timer. Sensor s5 chooses a
parent randomly (say s4 ) and after timer of s5 expires, it will
transmit ∆5,4 which will be forwarded by s4 to s2 and then
by s2 to b. Sensor s2 and s1 similarly transmit ∆2,0 and ∆1,0
respectively to b.
Having f0 , ∆2,0 , ∆3,0 , ∆1,0 , ∆4,3 and ∆5,4 , base station
b can reconstruct {f 1,. . . ,f5}.
There exists a tradeoff between the size of deltas and the
cost of extra storage and memory footprint of each sensor.
During DCP, each GRAY node has to store data of all of
its neighbors that have already transmitted their data. That’s
because it should be able to re-represent its delta using the data
of any of its neighbors as reference. When a sensor receives
a delta from a neighbor, it checks to see whether it has its
reference or not and if it does, it reconstructs the neighbor’s
data. Thus, it has to keep an index list of the existing data
in its memory. However, if each GRAY node only computes
its delta with respect to the reference data provided by the
BLACK neighbors, it will only need to store the smallest delta
and does not need to keep any index list in memory. We call
this version of the algorithm Simple DECOR (S-DECOR).
Note that in S-DECOR, no attempt for MST computation is
performed. We evaluate the performance of DECOR and SDECOR in section VI and compare them with some existing
state of the art solutions.
C. Data Collection Algorithm for Lossy Communication
Channels
In wireless sensor networks, communication links are noisy
and collision may occur especially when we use broadcast
communication. Thus, designing an algorithm that is resilient
to communication failures, is essential for a lossless data
collection algorithm. In this section, we modify DECOR to
deal with lossy networks. Our strategy is to avoid retransmissions especially for larger messages. When retransmission is
inevitable, we reduce the chance of collision by introducing
a random waiting time for each node after collision before
retransmitting the data. We will discuss our strategy for each
type of message that might be lost.
During DECOR, some control messages are sent, including
the messages sent during MAP and also SIZE and SELECT
during DCP. These are short messages and sensors can afford
to employ simple error control techniques like ARQ (Automatic Repeat Request) methods [21] to correct the errors
during transmission. Thus, we ignore the effect of noise and
interference for this kind of messages.
For DIFF messages, if one parent receives the data correctly
it does not need to be retransmitted. Thus, a DIFF message is
lost when it is not received by any of its parents. If none of

the parents have received the DIFF message correctly, it has
to be retransmitted using an ARQ type technique.
A REF message might be lost too. In this case, our strategy
is to avoid retransmitting the references by the BLACK nodes
as much as possible because it results in the energy exhaustion
at the BLACK nodes.
In three cases, if a REF message is lost or received
incorrectly, another full transmission should be performed.
We explain these three cases in the following. Notice that,
strategies described in 1) and 2) ensure that data of BLACK
nodes will receive to the base station whereas the strategy
described in 3) ensures that data of a GRAY node that has not
received any reference will be received by the base station.
1) If the full transmission by a BLACK node is not received
correctly by any parent, there is no other option other than
BLACK node repeating its transmission. The reason is that
the data of the BLACK node should reach to the base station
through one of its parents and so at least one parent should
receive its data. Notice that this is the only case where BLACK
node has to repeat its full transmission.
2) If a GRAY parent has received an error-free full transmission from a BLACK child but none from a BLACK parent or
neighbor, then the GRAY node has to do one full transmission
in order to transmit its BLACK child’s data. The reason is that
as explained in DCP, the GRAY parent should receive at least
another reference data from its parent or neighbor to compute
the delta for its BLACK child. If it does not receive that, it
has to to repeat the full transmission.
3) A GRAY node that has not received any error-free
references need to do a full transmission itself, so its data
will be received by its parents.
V. T HEORETICAL P ERFORMANCE A NALYSIS
In this section, we evaluate the performance of DECOR. To
this end, we first evaluate performance of MAP and then evaluate DCP. Finally, we determine the time complexity, message
overhead, storage and memory requirement of DECOR.
A. Performance Analysis of MAP
In this subsection, we evaluate the performance of MAP. We
first prove that set of BLACK nodes identified through MAP
is a SCDS. Then, we derive an upper bound for the number
of BLACK nodes found through MAP based on the size of
MSCDS.
Theorem 3 Set of BLACK nodes identified through MAP
construct a SCDS of the communication graph C.
Proof: Set of BLACK nodes D are a dominating set since
each GRAY node is adjacent to at least one BLACK node.
Now, to show that set of BLACK nodes construct a SCDS,
we need to show that bridge graph CD is connected. For
that it is enough to show that there is a path to b in graph
CD for any BLACK node and so all the BLACK nodes are
connected in CD through b. To this end, we show that for
every BLACK node at level li , there is another BLACK node

at level li − 1 or li − 2 within the two-hop neighborhood.
Assume to the contrary that node si is a BLACK node at
level li ≥ 2 which does not have any BLACK node within its
two-hop neighborhood at levels li − 1 or li − 2. Node si has
been BLUE before. Thus, si has received a message from its
GRAY parent sj at level li − 1. But sj has also received a
message either from a BLACK parent sk at level li − 2 or a
BLACK neighbor at the same level li − 1. This contradicts the
assumption that si has no BLACK node within its two-hop
neighborhood at level li − 2 or li − 1.
!
Now, we show that the cardinality of the set of BLACK
nodes found through MAP is within eight times the cardinality
of the MSCDS. In other words, MAP has an approximation
factor of at most 8.
The sketch of the proof is similar to [19]. We denote the
size of MSCDS by opt. We first show that the set of BLACK
nodes in MAP is an independent set where a set of nodes are
independent if they are pairwise non-adjacent. Then, we find
an upper bound for any independent set of a connected graph,
namely set of BLACK nodes found through MAP, based on
opt.
Lemma 1 Set of BLACK nodes determined through MAP is
an independent set.
Proof: Assume to the contrary that MAP has determined two
adjacent BLACK nodes si and sj . Neither one of si and sj
can be the base station since all the neighbors of base station
become GRAY, after base station announces its color. Thus, si
and sj have both been BLUE before. But a BLUE node turns
GRAY if it has a BLACK neighbor. Therefore, set of BLACK
nodes determined through MAP are pairwise non-adjacent and
so are independent.
!
Now, we bound the size of any independent set in terms of
opt. For our proof, we use this fact that in a unit-disk graph,
each node is adjacent to at most five independent nodes [22].
Lemma 2 The size of any independent set in a unit-disk graph
C = (V, E) is at most 8opt + 1.
Proof: Consider a spanning tree TMSCDS of the bridge graph
CMSCDS (Note that CMSCDS is connected, so TMSCDS
exists). We construct a subgraph T ⊂ C as follows: 1) T
includes every vertex in TMSCDS . 2) For any vi and vj that
are adjacent in TMSCDS , we add exactly one vertex vk ∈ C
to T such that vk is adjacent to both vi and vj in C (by
definition of bridge graph such vk certainly exists). We also
add the two edges that connect vk to vi and vk to vj to
graph T . Graph T is a tree ;otherwise it has a loop. Now,
we delete every vertex that is not in MSCDS from the loop
in T , along with their corresponding edges. Since all deleted
vertices were adjacent to exactly two vertices of MSCDS, the
remaining graph which is TMSCDS has also a loop. This is
a contradiction since TMSCDS is a tree. The size of T is at
most 2opt since for each vertex vi ∈ M SCDS at most one
vertex vk ∈
/ M SCDS is added to T .
From here the proof is identical to the proof in [19].

Let U be any independent set of V . Consider any arbitrary
preorder traversal of T given by v1 , v2 , ..., v2opt . Let U1 be the
set of nodes in U that are adjacent to v1 . For any 2 ≤ i ≤ 2opt,
let Ui be the set of nodes in U that are adjacent to vi but
none of v1 , v2 , ...vi−1 . Then U1 , U2 ,.., U2opt form a partition
of U . In other words, each element of U appears in exactly
one subset of the list. As v1 can be adjacent to at most five
independent nodes, |U1 | ≤ 5. But for any 2 ≤ i ≤ 2opt,
at least one node in v1 , v2 , ...vi−1 is adjacent to vi . Thus,
|Ui | ≤ 4. Thus the size of any independent set is equal to:
2opt
!
|Ui | ≤ 5 + 4(2opt − 1) = 8opt + 1
|U | =
i=0

!

Theorem 4 The approximation factor of MAP is at most 8.
Proof: Lemma 1 shows that the set of BLACK nodes is an
independent set and based on Lemma 2, the size of any
independent set is bounded by 8opt + 1. Thus, the the total
number of BLACK nodes found through MAP is at most
8opt+ 1. Therefore, the approximation factor of MAP is equal
to 8.
!
B. Performance of DCP
In this section, we show that DCP can minimize the
number of transmitted bits by each sensor in a fully-connected
neighborhood.
In a fully connected network, each data transmission is
received by every sensor. Since every sensor resets its waiting
time after receiving a delta, at each step always the sensor
with the smallest delta transmits its data. Thus, our algorithm
is in fact a distributed version of the Prim’s algorithm [20]
for finding the MST where at each step a new edge with the
minimum size will be added to the constructed tree.
In general, a communication graph C of the sensors is
not fully connected. However, a set of sensors in the same
communication range r are certainly fully connected. During
DCP we take advantage of this property to minimize the total
number of bits in each neighborhood. Therefore, although
DECOR is not guaranteed to be optimal, it can minimize the
total number of transmitted bits in each neighborhood of nodes
within the same communication range r.
C. DECOR in Practice
Sensors are cheap devices that usually have limited memory
and storage space. Thus, in order to see how practical DECOR
and S-DECOR are, in this subsection, we determine the
memory footprint and storage requirement of these algorithms
at each node . In addition, since substantial amount of sensors’
energy is consumed for extra communication for controlling
messages, we also compute the message overhead of these
algorithms. We also determine the time complexity of DECOR
and S-DECOR in order to obtain the overall time that it takes
for collecting all the data at the base station. Notice that
DECOR and S-DECOR have the same first phase which is

MAP. However, the second phase (DCP) is different for these
algorithms.
We first determine the time complexity of DECOR and SDECOR. The time complexity of these algorithms are both
O(n). The first phase for these algorithms is MAP which has
O(n) time complexity. The worst case scenario in MAP is
when a BLUE node has to wait for the decision of all the
BLUE nodes in its level. This case occurs when a BLUE
node has more WHITE neighbors than one neighbor but less
WHITE neighbors than the other one and there is a chain of
these BLUE nodes in one level. In this case, the BLUE node
waits until one BLUE node (probably at the end of the chain)
decides to become BLACK. Thus, at each level, a BLUE node,
at the worst case, has to wait for ni nodes to make decision
where ni is the number of BLUE nodes at level i. Hence, in
total
"aL BLUE node at the last level can wait for a total time
of i=0 ni = O(n) where L is the number of levels.
In DECOR, the second phase which is DCP has O(n) time
complexity. In this case, a node with the largest delta waits
for the transmission of all its neighbors and overhears them all
to update its delta. Thus, assuming the maximum number of
neighbors
for one node is nd , the complexity of this algorithm
"L
is d=0 nd = O(n). Thus, the time complexity of DECOR is
O(n). In S-DECOR, deltas are only computed with respect to
the data of BLACK nodes. Thus, the time complexity of DCP
in this case is O(L). Therefore time complexity of DECOR
and S-DECOR are both O(n).
Now, we determine the message overhead of DECOR and
S-DECOR per node. In MAP each node only sends a constant
number of overhead messages for determining the colors. The
message overhead of DCP is also constant for both DECOR
and S-DECOR because each node only sends a constant
number of SELECT and SIZE messages.
The memory footprint of MAP is negligible. Memory
footprint of DCP for DECOR is linear in the degree of the
node. The reason is as explained in section IV-B, each node
has to keep an index list of the existing data in its memory
so that when it receives a delta from a neighbor, it can check
to see whether it has its reference or not. DCP for S-DECOR
has a negligible memory footprint.
Finally Storage requirement for MAP is negligible. However, during DCP of DECOR each node has to store data of
all of its neighbors that have already transmitted their data.
Thus, the storage requirement is a function of the degree of
the node. Storage requirement for DCP of DECOR is also
negligible.
VI. S IMULATION
In this section, we evaluate the performance of DECOR
through simulations. In the following subsections, first, we
evaluate the performance of MAP in estimating MSCDS by
comparing it with the actual MSCDS of the network and the
upper bound we achieved. Then, we evaluate the performance
of DECOR by comparing it with RDC and CRDC. As explained in section I, similar to DECOR, these algorithms use
spatial correlation for collecting raw data and can be used

in the scenarios where no history of the data is available.
However, they do not minimize full transmissions. We also
evaluate the performance of S-DECOR which is simplified
version of DECOR. As explained in section IV-B, each GRAY
node only computes its delta with respect to the data of
its BLACK neighbors. S-DECOR is more suitable when the
sensors have limited memory.
For simulation, we use MATLAB and we randomly place
sensors in a two-dimensional 1×1 space based on the uniform
distribution.

0.5

Base station
0

A. Performance Evaluation of MAP
We evaluate the performance of MAP in approximating
MSCDS for a network of 100 sensors (Fig. 5). The goal is
to compare the number of black nodes found through MAP
with the actual size of MSCDS and the analytical upper bound
we obtained in section V for MAP. We run the simulations for
different communication graphs of our network. To change the
communication graph, we change the communication range of
the sensors. As shown in Fig. 6, the cardinality of MSCDS
(minimum number of full transmissions), decreases when the
communication range increases. This result is expected since
the connectivity of the communication graph grows as the
communication range of sensors increases. Thus, the size of
MSCDS decreases. This figure shows that MAP performs
much closer to the optimal answer than the analytical upper
bound we derived in section V for MAP.
B. Performance Evaluation of DECOR
We evaluate the performance of DECOR by comparing it
with S-DECOR, RDC and CRDC through investigating the
effect of the following three parameters on the number of
transmitted bits during data collection:
• Correlation coefficient
• Number of sensors
• Probability of channel failure
In our simulation, each sensor has a 10 kbit data which
should be transmitted to the base station located at the center
of the area (Figure 5).
1) Effect of Correlation Coefficient: Correlation Coefficient
is used as measure of correlation among data of sensors. We
model the relation between correlation coefficient, delta and
the distance between nodes si and sj as following:
$$
#
#
2
(1)
Size(∆i,j ) = 1 − exp −β )si − sj )2 F,
2

where )si − sj )2 is the distance between sensors si and sj ,
and F is the size of data (10 kbit) and β is correlation coefficient which is a constant factor that controls the correlation
among data of sensors. This model is similar to the model
proposed in [14], [23] for correlation among data of sensors.
Notice that ∆i,j has limiting values of F when distance
between si and sj is infinite and zero when the distance
between si sj is zero.
Fig. 7 shows the number of transmitted bits normalized with
respect to the size of data versus correlation coefficient β for
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Fig. 5.

Distribution of the sensors and the base station in the area

the four algorithms DECOR, S-DECOR, RDC, CRDC. The
number of sensors is fixed in this simulation and is equal to
100 and the communication range is also fixed. Both RDC
and CRDC algorithms require n number of full transmissions
since every sensor should do one full transmission. Therefore,
for high correlation (small β), the number of transmitted bits
in RDC and CRDC is significantly larger than the number of
transmitted bits in DECOR and S-DECOR which require only
transmissions of reference data. As the correlation among the
sensors data decreases (large β), the size of delta converges to
the size of reference data. Therefore, The normalized number
of transmitted bits"
in both DECOR and S-DECOR increases
n
and converges to
i=1 li where li is level of sensor i. As
shown in Fig. 7, the normalized number of bits sent in both
DECOR and S-DECOR are equal to that of RDC in low
correlation. The reason is that at low correlation, what these
algorithms do is similar which is only relaying the data along
the shortest path to the base station.
We haven’t shown the overhead of DECOR and S-DECOR
in this simulation. As explained in section ??, the message
overhead is constant and is a function of the size of SELECT
and SIZE messages which can be ignored if the reference data
is much larger.
2) Effect of Number of sensors: In this section, we study
the number of transmitted bits as a function of the number of
sensors for fixed communication range and correlation coefficient β. We choose β=1 which enforces a large correlation
among data of sensors. The results in Fig. 8 show that as
the number of sensors increases, the number of transmitted
bits for RDC and CRDC increases linearly. This is because in
these algorithms, number of full transmissions increases with
the number of sensors. Notice that RDC and CRDC show
a similar performance for the selected β. However, number
of transmitted bits in DECOR remains almost constant when
number of sensors increases. The reason is that when number
of sensors grows beyond a certain point, their data becomes
highly correlated and most of it becomes redundant. DECOR
successfully captures this and does not transmit the redundant
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data.
3) Effect of Channel Failure: Finally, we evaluate the
performance of the algorithm presented in subsection IV-C
for lossy communication channels. We consider a network of
100 sensors with fixed communication range and correlation
coefficient β. Moreover, we assume that the probability of
channel failure is constant over the channels. Figure 9 shows
the number of transmitted bits for both DECOR and S-DECOR
normalized with respect to the number of transmitted bit for
error-free communication scenario averaged over 20 runs. As
it is expected, the number of transmitted bits increases with
probability of channel failure. Notice that DECOR is more
robust to communication failure than S-DECOR. For example,
if the probability of channel failure is equal to 0.5, DECOR
requires only 3 times more transmitted bits comparing to
the error-free case where S-DECOR requires 4.5 time more
transmitted bits.

Fig. 9. The number of transmitted bits (normalized with data size) versus
the number of sensors

VII. C ONCLUSION
In this paper, we exploited the spatial correlation on the
data of sensors to reduce the communication energy during
data collection. We suppress the redundant data sent through
data collection using a two-step strategy. First minimizing the
number of full transmission and second minimizing the size
of data produced by set of sensors at each neighborhood.
We found a lower bound on the minimum number of full
transmissions required for lossless data collection. We also
found the minimum number of bits required for compressing a
data set using the mutual differences. Based on our theoretical
results, we introduced a practical algorithm for data collection
which reduces the overall energy consumption. Finally, we
presented the numerical simulations to verify our theoretical
results.
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