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Abstract
Although data collection has received much attention by effectively minimizing delay, computational complexity and increasing the total
data transmitted, the transience of sensor nodes for multiple data collection of sensed node in wireless sensor network (WSN) renders
quality of service a great challenge. To circumvent transience of sensor nodes for multiple data collection, Quality based Drip-DragMatch Data Collection (QDDM-DC) scheme have been proposed. In Drip-Drag-Match data collection scheme, initially dripping of data
is done on the sink by applying Equidistant-based Optimum Communication Path from the sensor nodes which reduces the data loss.
Next the drag operation pulls out the required sensed data using Neighbourhood-based model from multiple locations to reduce the delay
for storage. Finally, the matching operation, compares the sensed data received by the dragging operation to that of the corresponding
sender sensor node (drip stage) and stores the sensed data accurately which in turn improves the throughput and quality of data collection.
Simulation is carried for the QDDM-DC scheme with multiple scenarios (size of data, number of sinks, storage capacity) in WSN with
both random and deterministic models. Simulation results show that QDDM-DC provides better performance than other data collection
schemes, especially with high throughput, ensuring minimum delay and data loss for effective multiple data collection of sensed data in
WSN.
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1. Introduction
With the quality in wireless sensor network communication, collection of large data is bit difficult as sensor nodes have only limited power and minimal memory resources. Although there exist
many different types of data collection methods designed for wireless sensor networks, quality of service has to be focused due to
the high data intensive nature. Distributed Eigen-system Realization Algorithm (DERA) [1] was designed with the objective of
improving the structural health data in wireless sensor network.
However, different from health monitoring using WSN, snapshot
and continuous data collection using Cell-based Path Scheduling
[2] algorithm was designed aiming at improving the network capacity using order-optimal capacity. Recently substantial efforts
have been spent for data collection in WSN. With the objective of
reducing data collection latency, Combine Skip Substitute (CSS)
[3] scheme was presented. Another approach to data collection in
WSN utilized a multithreaded design [4] of coding-based data
dissemination protocol to reduce the dissemination delay. In WSN
network, false aggregation of data occurs frequently disturbing the
network in a drastic manner. To solve this issue, Data Aggregation
and Authentication (DAA) [5] protocol was designed to improve
the early detection of false data. A vector quantization model
based on hyperplane [6] was designed to reduce the distortion rate
by applying optimal strategies. Improvement in data collection is
also possible by extending the network lifetime. To improve the
security and accuracy of data being collected, energy-efficient and
high-accuracy model based on private sensor readings was presented in [9]. Extensive research has been concentrated on the area
to reduce the energy consumption during data collection in WSN.

In [10], comparison of energy efficient data collection techniques
was presented. In this paper, we proposed a Quality based DripDrag-Match Data Collection (QDDM-DC) scheme with the objective of improving the throughput by minimizing the storage delay
and data loss is presented. In the QDDM-DC scheme, we first
propose an Equidistant-based Optimum Communication Path by
dripping data on the sink from the sensor nodes is presented. Then
we propose a Neighbourhood-based Drag model that efficiently
pulls out the sensed data from multiple locations using Neighborhood drag algorithm. Finally, drip data sequence number and
acknowledgement number is used to perform an efficient matching operation that in turn improves the throughput and quality of
data collection. The QDDM-DC scheme achieves comparably
better results of the counterpart using much less storage delay as
well as data loss. The efficacy of the data collection scheme is
demonstrated through both simulation and experiment.

2. Quality based drip-drag-match data collection
One of the main criteria in designing a WSN application is improving the Quality of Services and reducing data loss through
efficient data collections. Quality of services (QoS) refers to network ability to perform large data communication. Wireless Sensor Network with sensor nodes sense target object and collect data
from different locations. The continuous collection of data from
wireless sensor network should possess minimum delay, high
throughput and minimal data loss for efficient and quality data
communication. With the quality in wireless sensor network
communication, collection of large data is bit difficult as sensor
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nodes have only limited power and minimal memory resources.
With this objective, Quality based Drip-Drag-Match Data Collection (QDDM-DC) scheme is investigated in this work by starting
with a network model, followed by which elaborate descriptions
of the proposed scheme is presented.
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2.1. Network model for data collection
Let us consider a wireless sensor network ‘G = (V, E)’ composed
of a set ‘V’ of ‘n’ sensor nodes denoted as ‘V = S1 , S2 , … , Sn ’ and
a set ‘E’ of edges denoted as ‘E = e1 , e2 , … , em ’ in a rectangular
area ‘m ∗ n’with the nodes able to communicate up to range ‘r’.
Let ‘Neigh(p)’ represents the set of neighbors of node ‘p’, where
‘Neigh(p) = (p, q) ≤ r ’ and a sink ‘s’ that performs the task of
data collection. Now the problem is to design an efficient data
collection scheme to not only reduce data loss but also storage and
improve the throughput during data collection.
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2.2. Equidistant-based optimum communication path
Fig. 1: Structure of Equidistant-Based Optimum Communication Path.

In Drip-Drag-Match data collection scheme, initially dripping of
data is done on the sink from the sensor nodes through the communication path using equidistant rectangular model. The communication path through which the data is dripped is designed in
such a way so as the optimum communication path must be equidistant from any furthest sensor node in the network. The maximum distance a data from a sensor node, on the circumference of
network, before arriving at a sensor node within communication
range ‘r’ of the sink node ‘SN’, must be the same as the maximum
distance from a sensor node at the Centre of the network to a sensor node within communication range of the sink. If one sink is
located in the Centre of the network, then for a rectangular model,
the number of hops the data from sensor node at the farthest end to
reach the sink is given as below.
Hr_number = (

m
2∗r

)+ (

n
2∗r

)

(1)

From (1), the count of hop data for a rectangular field ‘Hr_number ’
is obtained based on the transmission range ‘r’ and width ‘m’ and
height of the network ‘n’ respectively. Next, to ensure equidistance between sensor nodes at the Centre of the network and sensor nodes at the circumference of the network, the hop frequency
is equal to ‘H⁄2’. Figure 1 shows the Equidistant-based Optimum
Communication Path.
As shown in the figure, the sensor nodes in the network using
equidistant rectangular model act as temporary nodes for any data
destined for the sink node. With the movement of sink node along
the communication path, these sensor nodes send the data to the
sink node. The path through which the hops drips the data ‘Hr ’ is
measured as given below.
Hr = (

m
4∗r

)+ (

n

)

4∗r

(2)

Where ‘m, n’ symbolizes the width and height of the network with
a transmission range of ‘r’. From (2), the optimal communication
path is formulated as given below.
Optimalp = r ∗

Hr
2

(3)

From (3), the optimal path ‘Optimalp ’ is obtained through which
the data loss is reduced because of minimum delay between the
time an event occurs and the time the sink receives the data. Finally, for each dripped data, a drip data sequence number is assigned.
Figure 2 shows the equidistant rectangular algorithm.
Input: Sensor Nodes ‘S = S1 , S2 , … , Sn ’, Sink Node ‘SN’, communication
range ‘r’, width ‘m’, height ‘n’ drip data sequence number ‘D =
D1 , D2 , … , Dn ’
Output: Reduces data loss
1: Begin
2: For each Sensor Nodes ‘S’
3: Measure the hop number using (1)
4: Measure hops for transmission range ‘r’ using (2)
5: Measure optimal communication path using (3)
6: Assign ‘D’ drip data sequence number to the sender sensor node
7: End for
8: End
Fig. 2: Equidistant Rectangular Algorithm.

As shown in the figure, for each sensor node, dripping of data is
performed from the sensor node through the sink using the equidistant rectangular algorithm. The algorithm initially, obtains the
hop number for rectangular region. Followed by it, the hops for
within the communication range are measured and finally, optimal
communication path is obtained.

2.3. Neighbourhood-based drag model
Once the dripping of data is performed on the sink node, the drag
operation pulls out the required sensed data from multiple locations to reduce the delay for storage by dividing the network optimally. The size of the rectangular model is mathematically calculated as given below.
a=

A
√NSN

;b =

B
√NSN

(4)

Whenever an event occurs, the drag operations pulls out the
sensed data by aggregating the data by electing immediate neighbour nodes to forward the data to the sink. Figure 3 shows the
structure of the Neighbourhood-based Drag model.
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scheme has stored the sensed data accurately. In this phase, the
drip data sequence number to the sender sensor node ‘D’ is compared with that of the data acknowledgement number ‘DAck’ to
the sensed data. Upon successful matching, the sensed data is
stored accurately in the sink. Therefore, we propose a novel DripDrag-Match algorithm in this section. Figure 5 shows the DripDrag-Match algorithm.

Fig. 3: Structure of the Neighbourhood-Based Drag Model.

As shown in the figure, the Neighbourhood-based Drag model
pulls out the required sensed data until the data is received by an
immediate neighbour node that is in direct communication range
of the path of the sensor node and is formulated as given below.
Drag i = ∑ni=1 MLoci DPi

(5)

From (5), ‘Drag i ’ symbolizes the drag operation performed using
the sensed data ‘DPi ’ present in multiple locations ‘MLoci ’ in the
network. The data is stored and when the sensor node passes the
immediate neighbour node, all stored data are transmitted to the
sink node. The time taken for a sink node ‘SN’ to accelerate the
data is given as below.
AccS =

VelFS − VelIS
Total_Vel(Si )

(6)

From (6), given the initial ‘VelIS ’ and final velocity ‘VelFS ’ of the
sensor node with respect to the total velocity of all the sensor
nodes ‘Total_Vel(Si )’ in the network, the acceleration of the sink
node ‘AccS ’ is obtained. With this obtained sink node acceleration,
the sensed data from multiple locations are obtained. Finally, a
drag acknowledgement number is assigned to the sensed data
during dragging operation. Figure 4 shows the Neighbourhood
Drag algorithm.
Input: Sensor Nodes ‘S = S1 , S2 , … , Sn ’, Sink Node ‘SN’, Data Packets
‘DP = DP1 , DP2 , … , DPn ’, Location ‘Loc = Loc1 , Loc2 , … , Locn’, Drag
Acknowledgement Number ‘DAck = DAck1 , DAck 2 , … , DAck n ’
Output: Minimizes storage time delay
1: Begin
2: For each location ‘Loc’
3: Measure size of rectangular model for efficient sensing using (4)
4: Perform drag operation using (5)
5: Measure time taken to accelerate data using (6)
6: Assign data acknowledgement number ‘DAck’ to the sensed data
6: End for
7: End
Fig. 4: Neighbourhood Drag Algorithm.

As shown in the figure, for each location Neighbourhood Drag
algorithm pulls out the required sensed data that has a minimum of
four immediate neighbours from multiple locations. This ensures
that the sensor nodes on the perimeter of the network necessarily
sense the data from multiple locations based on neighbourhood
drag, reducing delay for storage.

2.4. Drip-drag-match data collection
One of the most important phase, that ensures the reliability in the
sensor side and enhances throughput is the matching operation. In
this matching operation, the sensed data received by the dragging
operation to that of the corresponding sender sensor node (drip
stage) is compared. The successful comparison refers to that the

Input: Sensor Nodes ‘S = S1 , S2 , … , Sn ’, Sink Node ‘SN’, drip data sequence number ‘D = D1 , D2 , … , Dn ’, Data Packets ‘DP =
DP1 , DP2 , … , DPn ’, Location ‘Loc = Loc1 , Loc2 , … , Locn’, Drag Acknowledgement Number ‘DAck = DAck1 , DAck 2 , … , DAckn ’
Output: Optimizes throughput
1: Begin
2: For each Data Packets ‘DP’ and Sensor Nodes ‘S’
3: Obtain ‘D’ drip data sequence number
4: Obtain data acknowledgement number ‘DAck’
5: If ‘D’ = ‘DAck’
6: Store sensed data in the sink node
7: End if
8: If ‘D’ ≠‘DAck’
9: Do not store sensed data in the sink node
10: End if
11: End for
12: End
Fig. 5: Drip-Drag-Match algorithm.

As shown in the figure, for each sensed data ‘DP’ and sender sensor node ‘S’ the Drip-Drag-Match algorithm cross verifies the drip
data sequence number with the data acknowledgement number. If
both the numbers are matched, then the sensed data is stored in the
sink node. Otherwise, the sensed data is retransmitted and the
process is continued with the next sensed data. Theoretical analysis shows that the Drip-Drag-Match algorithm can improve data
collection significantly.

3. Experimental settings
In this section, we present the numerical data obtained as a result
of applying Quality based Drip-Drag-Match Data Collection
(QDDM-DC) scheme.
Parameters
Network area ‘m ∗ n’
Transmission range ‘r’
Node density
Data packet density
Data packet size
Data rate
Simulation time
Number of runs

Table 1: Simulation Setup
Values
1200m * 1200m
300m
8, 16, 24, 32, 40, 48, 56
5, 10, 15, 20, 25, 30, 35
312 bytes
250kbps
1200s
7

In Table 1 the set of input parameter is tabulated and performance
evaluation for QDDM-DC scheme is performed via simulation.
Our example WSN consists of 56 sensor nodes deployed in a rectangular area of 1200m * 1200m placed in a random manner in the
wireless sensor network. The nodes are distributed in an area using Random Way point model for simulation, whereas the link
layer provides the link between two nodes and the design of link is
multi direction. The radio ranges are dynamically adjusted within
a network area of 1200m*1200m to maintain network connectivity. The sink node collects the data packets of range 5 – 35 and
forwards the data to the sink node with each data packet size differing from 50bytes to 312bytes. The simulation time varies from
50 simulation seconds to 1200 simulation seconds. Omni directional antenna is used for simulation and at any instant of time
only single process is performed (i.e., either packet transmission
or packet reception).
Performance evaluation is conducted for the proposed QDDM-DC
scheme with metrics such as data packet density, node density,
throughput, storage delay and data loss during data collection at
the sink node in WSN. The metrics were compared with the state-
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of-the-art schemes namely, methods namely, Distributed Eigensystem Realization Algorithm (DERA) [1] and Cell-based Path
Scheduling (CPS) [2] for data collection in WSN.

4. Discussion
In this section, we present the performance evaluation of our proposed scheme QDDM-DC through NS2 simulation and compared
with two existing schemes, Distributed Eigen-system Realization
Algorithm (DERA) [1] and Cell-based Path Scheduling (CPS) [2]
for efficient data collection in Wireless Sensor Networks.
The nodes in SM-ADS framework are positioned in uniform topology. To evaluate the efficiency of QDDM-DC scheme, the
following metrics like data size, number of sink, node density,
throughput, delay for storage, data loss in Wireless Sensor Network is measured.
Scenario 1: Throughput
Throughput measures the percentage of the data packets sent by
the source nodes and received by the sink.
T=

Pr
Ps

∗ 100

(7)

From (7), ‘T’ symbolizes the throughput which is measured on the
basis of the packets received ‘Pr ’ by the sink node to the packets
sent ‘ Ps ’ by the source sensor node in network. Higher the
throughput, more efficient the quality of data collection is said to
be. The results of seven simulation runs conducted to measure the
throughput rate are listed in table 2. As listed in table 3, the
QDDM-DC, DERA and CPS measures the rate of throughput in
terms of percentage (%). The rate of throughput obtained using
our scheme QDDM-DC offer comparable values than the state-ofthe-art schemes.
Scenario 2: Delay for storage
Storage delay is the delay time taken to store the data packets
obtained from multiple locations at the sink node.
SD = DPi ∗ Time (MLoci DPi )
Table 2: Tabulation for Throughput
Throughput (%)
Data packet density
QDDM-DC
DERA
5
90.23
81.52
10
92.14
84.89
15
93.18
86.24
20
90.27
85.43
25
91.49
86.56
30
93.15
88.34
35
95.89
90.47

(8)

CPS
79.37
82.15
83.34
82.53
81.66
83.44
87.57

From (8), the storage delay ‘SD’ is obtained with respect to the
data packets sensed ‘DPi ’ from multiple locations ‘MLoci ’ by the
sink node. In table 3 we further compare the storage delay consumed by different data packet density for data collection at the
sink in WSN. The experiments were conducted using thirty five
sensor nodes and the storage delay consumed is measured in terms
of milliseconds (ms).
Table 3: Tabulation for Storage Delay
Storage delay (ms)
QDDM-DC
DERA
6.72
7.25
8.41
10.12
13.21
15.43
15.89
17.23
19.32
21.31
24.12
27.23
29.35
32.43

Data packet density
5
10
15
20
25
30
35

CPS
7.86
11.32
16.73
18.53
23.61
29.43
35.83

Scenario 3: Data loss
Data loss refers to the amount of loss in data while data is collected from the sensor node on the sink and is measured in terms of
megabytes (MB).

DL = [Si ∗ Psize ] − Data obtained

(9)

From (9), the data loss is obtained is measuring the difference
between the sensor nodes that sends the packet and the data obtained at the sink node. Lower the difference or data loss, the efficiency of data collected at the sink node is improved. Table 4
shows the data loss on the sink node with respect to 35 sensor
nodes with a moving speed of 25 m/s. To better perceive the efficacy of the proposed QDDM-DC scheme, substantial experimental results are presented in table 4 and compared against the
existing schemes DERA [1] and CPS [2] respectively.
Table 4: Tabulation for Data Loss
Node density
8
16
l24
32
40
48
56

Data loss (MB)
QDDM-DC
42
53
74
89
97
101
105

DERA
57
68
89
104
112
116
120

CPS
71
74
98
114
122
126
130

5. Conclusion
In this paper, it is proposed that a Quality based Drip-Drag-Match
Data Collection (QDDM-DC) scheme and analyze the performance of quality of service and throughput using Equidistantbased Optimum Communication and Neighbourhood-based model
to perform efficient data collection in WSN. The efficient data
collection scheme is formulated as an optimal path model where
the communication path is identified based on the equidistant
rectangular model.
By measuring the optimal communication path, we propose a
Neighbourhood Drag algorithm based on the time taken to accelerate the data to obtain the required sensed data from multiple
locations. Finally, a math operation ensures throughput and quality of data collection at the sink node. Extensive simulation is carried out to evaluate the proposed scheme and data delivery method. The results validate the effectiveness of the proposed scheme
and show that it significantly outperforms two traditional data
collection methods.
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