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Abstract— Wireless sensor networks are under active research
for tracking systems, where camera nodes are installed in a large
area to take images of a targeted object. In this paper, we consider
the scenario where the sensors around the object of interest
capture images of it. Since some sensors are in similar viewing
directions, the images they capture likely exhibit certain levels
of correlation among themselves. It is a waste of transmission
energy if we blindly send all images to the sink without checking
for redundancy. We develop a protocol for involved sensors to
determine how to select and transmit the images to the mobile
sink in an energy efficient manner. The simulation results show
that our protocol can achieve a significant reduction in energy
consumption while preserving most of the viewing directions.

I. INTRODUCTION

A wireless sensor network consists of thousands of sensors
that span a large geographical region. Research and develop-
ment in wireless sensor networks are becoming increasingly
widespread due to their low cost and low maintenance in
deployment [1]. These sensors are able to communicate with
each other to collaboratively detect objects, collect informa-
tion, and transmit messages. Sensor networks have become an
important technology especially for environmental monitoring,
target tracking, military applications, disaster management, etc
[2][3]. A sensor is a very small device and the battery inside
is not likely to be rechargeable. This limitation in energy puts
extra constraints in the operations of a sensor. In order to
prolong its lifetime, a sensor should carefully utilize its energy.

In this paper, we consider a tracking system where objects
of interest are visually traced. All the sensors are equipped
with cameras and they can take images of a target while it
moves inside the network. The camera nodes are randomly
distributed in the network with arbitrary viewing directions.
The sensors around the object of interest will be able to capture
the images of the object at different angles. Ideally, we would
like to obtain all the images with that object so that we can
view the target in all the captured directions. However, the
transmission load will often be heavy if all the images are
sent. Energy needed in transmission can be saved by reducing
the number of images to be sent. But a reduction in the number
of images often implies a reduction in viewing directions being
obtained at the sink as well [1]. There is a tradeoff between
reducing energy consumption and maintaining the number of
views. This paper studies how to balance the two conflicting
goals.

In this paper, we develop a selective transmission protocol
to balance the tradeoff. Not all of the nodes will send images
to the sink, only the selected images will be sent. We made
the observation that if the viewing directions of two cameras
are similar, their captured images will be similar. Therefore,
by comparing the similiarity among images, the capturing
directions of the nodes can be determined. It is possible that
several nodes possess similar images. In order to reduce the
transmission load, only the one with the most number of
feature points [4] among the similar images will be sent and
the rest will not be transmitted. The transmission energy is
saved by sacrificing some image data while maintaining most
of the viewing directions. We evaluate our protocol through
extensive simulations. The results show that our protocol,
when compared to sending all the images, can achieve a
significant reduction in energy consumption while maintaining
most of the viewing directions under certain circumstances.

The rest of the paper is organized as follows: Section
II describes the network model. Section III describes the
protocol, while the simulation results are shown in Section
IV. Some concluding remarks are given in Section V.

II. RELATED WORK

There are many research activities studying the problem of
image transmission in sensor networks. Ref [5] shows that
applying maximum compression before transmission may not
always minimize the total energy used. A heuristic is devel-
oped for selecting a good compression level based on global
information. Ref [6] studies distributed image compression
in sensor networks. Each sensor captures a low-resolution
image of the object, and assuming that overlapping areas
across images from different sensors can be identified, super-
resolution of these low-resolution images is performed at the
receiver. The approach in [7] uses geometrical information to
estimate the correlation of visual images of the same object
and to determine how to compress the images.

Different routing path may also help to reduce the transmis-
sion energy. SPIN-IT [8] is a routing protocol for retrieving
an image based on metadata of images. It focuses on how a
node identifies the sources of an image requested but not the
image transmission issues. In earlier works [9] [10] [11], we
demonstrate that when there is overlap in the scene captured by
the cameras, and intermediate processing is possible to com-
bine the images, the image transmission strategy is non-trivial.
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Under different ratios of transmission and compression energy,
we should select different routes for transmitting images in
order to minimize the overall energy used in the system. We
assume the sensors coordinate with each other to take pictures
such that they are aligned and thus the overlapping regions can
be found.

In this paper, we consider a more applicable image transmis-
sion protocol. As the cameras are not aligned, it is difficult to
find the overlapping regions among the images though they are
captured in similar angles of view and thus data aggregation
on the overlapping regions may not work. We try to tackle the
image transmission problem by selective transmission instead
of aggregating the overlapping regions. Since the sensors are
close to each other, it is possible that several similar images
are captured. One of the similar images will be good enough to
represent the captured features of the object, only the one with
the most number of feature points among the similar images
will be sent. We aim at reducing the energy consumption while
preserving most of the viewing directions.

III. NETWORK MODEL

We consider a sensor network with a mobile sink. The
benefits of using mobile relays have been studied [12]. It
is reported that using a mobile node as a sink to collect
information can prolong the lifetime of a sensor network. We
adopt this approach in our studies. Each sensor supposedly
knows its physical location, either by means of GPS or a
localization algorithm [13]. All sensors are identical in terms
of their capabilities in handling images.

A. Tracking and Image Capture

The main task of the sensors is to take images of a
certain targeted object and transmit them to a mobile sink
upon request. All camera nodes possess the object recognition
capability [14][15]. They will perform segmentation, feature
extraction and other necessary image processing tasks on their
own images to identify the object of interest. How a node
decides whether to take a picture or not is beyond the scope of
this paper. The images captured are kept in the local memory
of the sensors and they are sent to the mobile sink upon
requests. In order to save the memory space, the images are
compressed.

B. Mobile Sink

A mobile sink is a mobile node in the network that collects
images on demand. Instead of sending images to a fixed
server, sensors relay their pictures to the mobile sink. The
sink can appear in any location within the network to collect
information. When it decides to collect images, it sends out a
request. As the mobile sink does not know which sensors have
the images it wants, the request is flooded to all the nodes in
the network. The mobile sink will be static until the requested
images are received or the mobile sink foresees that there will
be no reply.

C. Request Handling

Because a request is flooded to all the nodes in the network,
every sensor would receive the request at least once. When a
node n receives a request for the first time, it should record
how far away it is from the mobile sink in terms of hop count.
hc carried in the request specifies how many hops n is from
the mobile sink. n then increments hc by one and sends the
request to its neighbor. It is possible that n receives the same
request more than once as more than one of its neighbors send
out the request. If n receives another copy of the request from
neighbor b and the hop count in the request is hc(b), it checks
whether hc(b) is smaller than hc(n). If hc(b) is smaller, hc(n)
is change to be the value of hc(b) and re-send the request to
its neighbor. After all the copies are handled, n should know:

• the location of the mobile sink
• its distance, in terms of hop count, to the mobile sink
• for each neighbor b, the distance between the mobile sink

and b

As the mobile sink does not station in a location forever, the
record about a request should be cleared after some time.
It should be noted that data centric storage [16] can be
used to allow the mobile sink to locate the images without
flooding. In this case, the mobile sink can send a request to
the image location to allow the nodes to find out the hop count
information.

IV. PROTOCOL

Apart from updating the hop count and neighbor infor-
mation, a node should also note whether it possesses the
image requested. In this section, we will describe how sensors
transmit the requested images to the sink. We first go over
some notations.

A. Notations

To facilitate our discussion, we adopt the following nota-
tions:

Ii JPEG compressed image kept at camera i
|Ii| Size of image Ii

Fi Feature vector of Ii

|Fi| Size of feature vector of Ii

Et Energy needed in transmitting unit byte to a
neighbor

Ep Energy needed in performing object recogni-
tion per byte

Es Energy needed in performing similarity test
per byte

hc(n) Hop count of node n
M(n) Number of neighbors of node n possessing

images of interest

B. Image Processing

As mentioned before, all camera nodes possess the object
recognition capability to identify whether a node possesses
an image requested. They will perform feature extraction on
their own images. Feature extraction is a means of extracting
compact but semantically valuable information from images
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[4]. This information is used as a signature for the image.
Similar images should have similar signatures. Feature points
denote places of an image where the pixels are sufficiently
different from its neighbors (corner, junction, a white-dot, etc.)
The extracted features are stored in a vector called feature
vector. After the object recognition, feature vector F of the
image can be obtained. They will later be used for comparing
the similarity between images.

In addition to object recognition, we also consider that
the sensor nodes are capable of performing similarity tests
[17][18]. All the nodes which possess the requested images
will broadcast the feature vectors to their neighbors. Suppose
that nodes i and j possess images of the object and they are
neighbors. After receiving the feature vectors of Ij , node i
compares the feature vector of Ii with the feature vector of
Ij and calculates a similarity score, ϕij . This indicates the
similarity between Ii and Ij , with 0 ≤ ϕij ≤ 1. We have
ϕij = 0 if two images are totally different and ϕij = 1 if
two images are identical. The greater the score, the higher the
similarity between Ii and Ij . The score will be recorded in
the database of i. Images with high similarity will not all be
sent to the sink to save energy.

Ii is compared with the neighbors’ images only, not all the
involved images. It is sufficient since for the nodes that are not
neighbors of node i, the similarity between their images and
Ii will be low as they are not close to node i. Additionally,
the processing overhead will be very large if every image is
compared with all the involved images.

In our system, a threshold value is set for selecting an
image. If the threshold value of the similarity score is set
to be Z, Ij will be regarded as a similar image to Ii when
ϕij ≥ Z. The following pseudocode summarizes the image
processing of node i:

Action of node i when i possesses the requested image
1: broadcasts its feature vector to neighbors
2: When { receive feature vector from j }
3: {
4: start a timer if it has not started
5: similarity test on the received feature vector of Ij

6: → ϕij

7: record ϕij in database(i)
8: }
9: When { sufficient feature vectors are received or

sufficient time has passed }
10: {
11: determine whether its image has to be sent
12: }

C. Image Selection

This section describes how a node decides whether to send
its image or not. Each node which possesses the image of the
object will perform similarity tests with all of its neighbors as
mentioned in the previous section. After that, there will be a
list of similarity scores in the database. The database of node

i may be as follows:

Neighbor Similarity score Number of feature points
j 0.8 18
k 0.5 18
l 0.75 12

The number of feature points is obtained from the received
feature vector. Depending on applications, feature points can
be corner, edge, white dot, etc. If corner is chosen, the number
of corners in an image will be the number of feature points.

There are three possible cases for node i:
1) There are neighbors with scores higher than the

threshold value:
Suppose node j is the neighbor of i with the highest
score which is greater than the threshold value. Node
i will then compare the number of feature points of Ii

with the number of feature points of Ij . If the number
of feature points of Ii is greater than that of Ij , Ii

will be sent to the mobile sink. Otherwise, Ij will be
sent instead and i does not have to send its image. The
number of feature points indicate how many features of
the object are captured on the image. The more feature
points, the more information that the image possesses.
If Ii and Ij have the same number of feature points, the
node with a smaller ID will send its image.

2) None of the neighbors has a score higher than the
threshold value:
If all of the neighbors have scores lower than the
threshold value, indicating that all of them are capturing
images in a dissimilar direction to node i, Ii will be
sent.

3) There is no neighbor:
Node i has no neighbor with the requested image. Ii

will be sent.

It is not difficult to see that our mechanism ensures an image
which is not similar to images captured by neighbor nodes
must be sent to the sink. Therefore, we ensure the sink can
have a reasonable number of views of the object of interest.

D. Energy Consumption

In this section, we analyze the total energy needed. All the
involved nodes will broadcast their feature vectors to neigh-
bors. Only the selected nodes will transmit their images to the
sink along their shortest paths. Additionally, all the involved
nodes will perform object recognition on their own images
and similarity tests on their neighbors’ images. Let T be the
transmission load (in terms of bytes), C be the processing
load (in terms of bytes), and E be energy consumption. We
can estimate their respective values as follows:
For selected Node i:

T sel
i = |Fi| + |Ii| × hc(i) (1)

Csel
i = |Fi| × M(i) (2)
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For non-selected Node i:

Tnonsel
i = |Fi| (3)

Cnonsel
i = |Fi| × M(i) (4)

Eκ
i = Et × Tκ

i + Ep × |Ii| + Es × Cκ
i (5)

where κ = nonsel or sel.

V. SIMULATION

In this section, we present our simulation results that show
the protocol is beneficial to reducing the total energy con-
sumption. The simulation results are generated in MATLAB.
The size of the raw images captured by each camera is
500×500 and they are compressed using JPEG. Depending on
applications, the energy consumed in transmitting versus pro-
cessing the same amount of image data can vary substantially.
Therefore, we examine the total energy consumption under
various ratios of transmission energy to processing energy.

Network topologies are generated randomly, and the whole
area is divided into M×M grids. There is at most one camera
node in each grid and the probability that a grid has a sensor
depends on the density and is generated randomly. The mobile
sink S can appear anywhere in the network. The transmission
range is assumed to be 3.536, which covers the neighboring
5× 5 grids. The object of interest can be anywhere within the
network. Suppose any nodes inside the 5×5 window with the
object of interest as the centre are the sensors that will capture
images of that object.

In our simulation, the network size is set to be 20 × 20
grids and the mobile sink can be at any grid. Let D be the
distance between the object of interest and the mobile sink.
We consider four different cases:

1) 0 ≤ D < 5
2) 5 ≤ D < 10
3) 10 ≤ D < 15
4) 15 ≤ D < 20
Each case is simulated with three different densities of

nodes: dense, moderate and sparse. The relationship between
density and probability that a grid has sensor is as follows:

Density Probability of sensor found in a grid
Sparse 0.3

Moderate 0.6
Dense 1.0

There are 3 different densities and 4 different ranges of
distance, so 12 combinations can be formed. The total energy
consumption in each case is compared with the dummy case,
that is, each node sends the image independently along its
shortest path. Although in the dummy case, nodes do not have
to perform similarity test, they need to perform object recogni-
tion to identify whether their images are requested. Equations
(1) – (5) are the energy consumption for our protocol. As a
comparison, we also consider the energy dissipation of the
dummy case:

T dum
i = |Ii| × hc(i) (6)

Edum
i = Et × T dum

i + Ep × |Ii| (7)

Certainly, Tnonsel
i < T dum

i < T sel
i . Intuitively, if many

nodes are not selected, we can save energy in transmission at
the expense of slightly more energy in performing similiarity
tests. Let Etotal

pro be the total energy consumption of our
protocol and Etotal

dum be the total energy consumption of dummy
case. The total energy difference of our protocol and dummy
case equal

Ediff = Etotal
dum − Etotal

pro

= Et × (
∑

T dum
i −

∑
T sel

i −
∑

Tnonsel
i )

−Es × (
∑

Csel
i +

∑
Cnonsel

i ) (8)

In Figures 1 – 3, the x-axis is representing Et

Es
and the y-axis

is representing the normalized energy difference between our
protocol and the dummy case, that is Ediff

Es
. Note that Ediff

Es
>

0 means that our protocol uses less energy that sending all
images to the sink as in the dummy case.

In figure 1, when the object of interest is close to the sink
(0 ≤ D < 5), the total energy consumption of selective
transmission starts to consume less energy than dummy case
when the cost of transmission is about 0.27 times of the cost of
processing. When the object of interest moves away from the
sink, the crossing point decreases. This shows that the protocol
is useful even with a higher processing cost when the object
of interest is farther away from the sink. This is reasonable
because the hop count increases as the object is moving away
from the sink. Under the same density, M(i) will be about the
same no matter where the object locates.

By observing the changes of crossing points on Figures
1 – 3, we also observe that the crossing point is higher
as the network gets denser. This indicates that the protocol
can tolerate a smaller processing cost. Since the number of
neighbors increases as the density increases, the number of
similarity test have to be performed also increases. However,
as transmission energy usually far exceeds processing energy,
protocol still has a significant advantage over the dummy in
most applications.

In addition to reducing the total energy consumption, we
want to preserve views as well. So, we also measure the angles
of the views obtained at the mobile sink. For simplicity, we
consider eight different directions only (N, NE, NW, E, SE,
SW, S,W). The results are shown in the following table. The
bracketed values indicate the results of dummy case while
the values without bracket are for selective transmission. For
example, when the object of interest is close to the sink (0 ≤
D < 5) in the sparsely populated network, the mobile sink can
obtain images from 4.4 different angles of views in average
by using selective transmission, and it can obtain images from
5 different angles of views if all the images are sent.

0 ≤ D < 5 5 ≤ D < 10 10 ≤ D < 15 15 ≤ D < 20
Sparse 4.4 (5) 4.33 (5) 4 (4.8) 4.5 (5)

Moderate 6.75 (8) 7 (7) 6.2 (6.75) 5.33 (6.6)
Dense 8 (8) 8 (8) 8 (8) 8 (8)

Under sparse or moderate densities, the performance of the
protocol in terms of angles of views is not as good as the
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dummy case. But it still can cover more than 80% of the
angles of views in most cases. When the sensors are densely
populated, the performance of our protocol is as good as
the dummy case. Although we cannot guarantee the images
obtained at the sink cover all the directions as the dummy case
does all the time, our protocol can cover most of the viewing
directions under most of the scenarios.
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Fig. 1. Sparsely Populated Network
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Fig. 2. Moderately Populated Network
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Fig. 3. Densely Populated Network

VI. CONCLUSION

In this paper, we show that there is a tradeoff between en-
ergy consumption and the covered viewing directions in multi-
hop visual sensor networks. A selective transmission protocol

is proposed to balance the tradeoff. The simulation results
show that the protocol can achieve a significant reduction
in energy consumption while preserving most of the views.
When the object of interest is far away from the mobile sink,
it is better for the nodes to send the images selectively to
reduce energy overhead. On the other hand, if the object of
interest is very near to the server, the protocol may not bring
significant benefits. Depending on the ratios of transmission
and processing energy, network density and object distance,
the sensors have the flexibility to decide whether it is more
advantageous to send the images using our proposal protocol.
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