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Abstract

Visual sensor networks (VSN) are wireless sensor networks in which each sensor has video
capture and processing capability.Power consumption may be examined for encoding,
transmitting, and receiving subsystems, and research has been performed on minimizing
these power levels in parallel. When multiple camera modules of a visual sensor node are
aimed at the same objects with different fields of view (FOVs), the captured images may
overlap. Such overlapped FOVs give rise to encoding redundancy over the VSN and also lead
to increased power consumption among adjacent nodes. The power-rate-distortion (P-R-D) is
determined and used to construct an optimization problem for minimizing power consumption
of each node, hence maximizing node lifetime. The optimal solution provides distributed
power allocation and node scheduling over the VSN at the same time, via simple information
sharing, resulting in network lifetime maximization. .

Keywords: visual sensor networks, visual sensor node, overlapped field of view (FOV),
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1. Introduction

Visual sensor networks (VSNs) have significant differences with respect to other wireless
sensor networks (WSNS), owing to the relatively large volume of data sensed by VSNs and
the associated processing overhead. Each visual sensor node in a VSN is able to process
image or video data locally using one or more cameras, and to extract detailed information for
a wide range of applications such as video surveillance, emergency response, environmental
tracking, and health monitoring.

Network lifetime maximization for conventional WSNs has been extensively discussed in
the literature. The methods described in [1, 2], however, have limited applicability to VSN,
which require accounting for the power consumption required to process image or video data.
Therefore, to deal with this power management issue, it is necessary to consider not only the
transmission power but also the compression power, i.e., the encoding power.In [3], the
concept of accumulative visual information was introduced as a means for measuring the
amount of visual information collected by a VSN. The minimization of video distortion in
VSNs via optimizing power allocation in VSNs was investigated, while He et al. investigated
the resource-distortion optimization problem for video encoding and transmission over VSNs
in [4]. In order to achieve optimal power management for visual sensor nodes, it is necessary
to determine rates of power consumption for the three main modules: the encoder, transmitter,
and receiver. Thus the design of system protocols for VSNs needs to take into account the
power consumption of the encoding module. In general, the higher the compression applied
by an encoder algorithm (resulting in lower compressed rates for a given quality), the higher
computation overhead becomes and the more processing power is required. Hence, for a

ISSN: 2005-4297 1JCA
Copyright © 2014 SERSC


mailto:wlyu%7d@etri.re.kr

International Journal of Control and Automation
Vol.7, No.4 (2014)

given level of source distortion, the processing power can be modeled as a decreasing
function of the compressed bit rate.

In this paper, to optimize these power consumption factors, we focus on an overlapped
field of view (FOV), i.e., an overlapped region captured by multiple cameras. Thus, gathering
of redundant information from the overlapped FOVs can control overhead by reducing the
amount of data routed through the network. Besides, those cooperative methods assumed that
high correlation occurs when the two cameras capture an object or objects regardless of the
viewing directions. Since the correlation should be measured through visual processing in the
unit of macroblock (MB) or pixel and can be significantly changed according to the viewing
direction, we detect the overlapped region by using the correlation in the unit of MB.

2. Proposed System Descriptions

We assume that the VSN consists of multiple visual sensor nodes and a sink node and that
each sensor node can be controlled remotely by a user. Multiple nodes may acquire visual
information independently of each other; moreover, each node has its own battery (i.e., power
supply), and the remaining energy level of each node may be monitored individually. Each
sensor node makes an effort to extend its lifetime and to conserve energy by cooperating with
adjacent nodes as much possible. Table 1shows the notation used in this paper.

2.1. Power Consumption Model

Table 1. Description of notations

Description
i the index of visual sensor node
N | the set of visual sensor nodes, Vi € N
n | the MB index
N; | the MB index set of nodei, Vi € N;
P, | the encoding power for the nt" MB

Pg; | the encoding power for node i

P,; | the transmit power for node i

P,; | the receive power for node i

P; | the total power consumption fornode i, P, = Ps; + P.; + P,
P/ | the residual energy for node i
Pet | the total energy constraint for node i

D,, | the distortion of the nt"* MB after source coding
D; | the total distortion of node i

R,, | the bitrate for the nt* MB

For node i (i € N), the total energy constraint P/° is the sum of the residual energy,
source-encoding power, data-transmit power, and data-receive power expended at the current
time interval and at previous time intervals:

t—-1

POt = POS(E) + Pog(t) + Pri(®) + Pra(®) + ) (Pog(t) + Pyt + Pra())
t'=1

= PI*S(t) + Pi(t) + X5, Pi(t),
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wheret is the time index and P;(t) = P ;(t) + P, ;(t) + P, ;(t). For brevity, we omit the time
index from equations throughout this paper.

In general, network lifetimerelies on the minimum lifetime among the nodes over the
network [1]. In this paper, the lifetime of nodeiis given by

T; = P°/P;, Vi€N, (1)
while the network lifetime is determined by the minimum node lifetime:
— min Ptot /p.
Tnet_riréll\lllpl /PL
However, under the assumption that the network lifetime can be refreshed at every time

interval, the definition of the lifetime (1) can be represented in terms of the residual energy at
the current time, rather than the initial total energy:

Ti= PireS/Pi, ViEN,

The network lifetime can then be expressed as a function of the residual energy and the power
consumption.

Assume that each visual sensor node is equipped with a discrete cosine transform (DCT)-
based encoder such as H.264/AVC [5], the DC component of the DCT coefficients can been
modeled using a Gaussian distribution, and the AC component as a Laplacian[6]. Muller [7]
showed that a generalized Gaussian distribution (GGD). Without loss of generality, the
transform coefficients can be modeled by GGD, and the rate-distortion function is represented
in closed form [8]:

D, = 02 -27YRng(Pn),

wherea? is the source variance of the nt*MB, yis a constant for controlling model accuracy,
and g(-)is a function representing the power consumption model in [9][10]. The total
distortion for nodeiis then

D; = Ynen;Dn = Znen; of - 2 YRng(Pn) 2)
Assumeg(+) = ()%, (2) becomes
D, = o?- z—anP;/“'

It is assumed that the video sequence is encoded at a constant qualityD, which is a target
distortion at the encoder.The encoding powerP; ;is given by

1 o2\* an
Poi = ZneniPo = Znen, (7108 7) =Znen s 3)
2.2. Power Minimization Problem for Visual Sensor Node
The power minimization problem for source encoding can be expressed as

a

min Pg; = Z P, = Z—Z

Ry ’ Ry,

ne N; neN;

subject to Z R, <R,

VNneN;
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whereR;is the bit rate constraint.To determine the optimum rate R,,and powerP, for each
MB, a Lagrangian multiplier approach can be employed [10]. The optimal rate and the
minimal power consumption are then given by

R (a_an)l/a+1
no ZVnENi(a'an)l/DH'l v

1 1 1@
A. _— —_—
Psi = raXnen; 00" Ai = |Lvmen, Om 1] ' 4)
l

In [11], the transmission power was modeled by
Pei(R) = Cy(dy) - Ry = (co + ¢1d;?) - Ry, ®)

where C;is the transmit consumption function, which is a function of the distanced;;cyis
the energy cost of the transmission electronics; c; is a coefficient corresponding to the energy
cost of the transmission amplifier; and c,is the path-loss exponent [12].Since the power
consumption for receiving is lower than for transmitting or for encoding, the optimal
rateR; can be obtained using a power tradeoff between P ; and P, ; by

R} = arg ming, Pg;(R;) + P;(R)). (6)

The optimal rate in (6) can be solved by using the Karush-Kuhn-Tucker (KKT) conditions,
and the optimal power consumption can be obtained using (4) and (5).

3. Power Consumption Optimization for Multi-Visual Sensor Nodes

By removing visual redundancy from overlapped FOVs, the encoding rate can be
reduced and the associated processing power can be conserved with the effect of
extending the network lifetime. For longer network lifetime, the node with more power
should process the FOV.

3.1. Power Minimization among Visual Sensor Nodes

Assume that the overlapped FOV can be figured out, visual sensor nodes can conduct
a cooperative strategy for minimization of joint power consumption. To this end, the
encoding power of node i can be rewritten as

VneN; VnENi—NiﬂN]' VnENinN]'

where N; N N; is the index set corresponding to the overlapped FOV between
nodesiandj.We now construct two disjoint subsets in the overlapped FOV:

whereN;is one set of MBs, encoded at node i, and N is the other set of MBs, encoded at node
j. Dividing the overlapped FOV into the encoding regionsN; andN; is a key step in reducing

the visual sensor nodes' power consumption.The encoding power consumption for node i
after dividing theoverlapped FOV is thus given by

A; N N
Pu= ) Rt ) Bi=oH ) (@)Emit ) (@

VTLENi—NiﬂNj VYneN t VTlENi—NiﬂNj Vneﬁi
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andPg ;is obtained similarly.

The next step for optimization is to compose the two optimal sets N;* and IVJ* S0 as to

obtain the least total power consumption over the whole visual sensor network. The
cooperative optimization problem for two nodes (as the number of nodes may increase, it is
easily expanded) can be represented by

ipk + 7 = (Psi + Pei) + (Psj + Pr)

1 1
subjectto @;; = z (ap)e+t + Z (am)e+t
VTLENi VmENj
1

where @;; = Yunen,w (@) @D, This constraint means that the sum of a%™

corresponding to the overlapped FOV is a constant. Using some manipulations, the
optimization problem can be reformulated as

vty i

. A _ A; _
}{.“n.ﬁ(Bi +a)+C R+ R_]q(Bj +a@) + G- R;

subject to C_li,j = 6i + 6] ,
where  B; = ZVnENi—Nian(an)l/(a+1) , Bj= ZVmENj—Nian(am)l/(a+1) , 4=
Tvne (@)@ and @ = Tymew (am)/ @V, respectively. Note that a@; and &
represent the exclusive encoding portion for nodes iand j.

3.2. Lifetime Maximization of Visual Sensor Nodes

Here, we accomplish power minimization based on residual energy, formulated as an
optimization problem. The network lifetime is defined as follows:

res

. L .
max Ty = maxmin , VieN.
nn—
lE i

To solve the above problem, we introduce the Lagrangian relaxation method

P.
G(P;, ki) = Z In rles + Z {i(P*° — P},
L

P
VieEN VieN

wherek; is the Lagrangian multiplier and P; is a function of R;. The complementary slackness
condition of this problem is then satisfied:

G 1 oP(R) _
oR; Pi(R) 0R;

4. Simulation Results
In this section, we use the system parameters employed for simulations:

D =325 (dB),y = 55.54(W3/2/Mb/s),a = 2.5,c, = 0.5 (J/Mb),
¢, = 1.3%1078(J/Mb/m*)and c, = 4.
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Figure 1 represents the power-rate-distortion relation described in Eqg. (3) for a given
distortion D. As the rate increases in '‘Conventional One,' the power consumption decreases up
to a certain level and increases after the rate point. At the point where power consumption is
minimized, we can find the optimal rate and power values. The optimal power level was
found to be lower by0.11 x 10> Watt than in the conventional case. We use two sensor nodes
as shown in Figure 2. The bold line indicates the overlapped FOV.
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Figure 1. Normalized power level according to the normalized rate

250

200

150
: T node#n
100 - o)
O

sink node

ycoordinate
2

node #2

-150 - -
-150 -100 -50 0 50 100
xcoordinate

Figure 2. Placement of visual sensor nodes and the sink node

Figure 3 represents the power consumption level corresponding to the three optimization
methods. In our configuration, the total energy of node 1 is 80% of that of node 2. The power
consumption for 'Cooperation' is lower than that for 'No Consideration' due to the
encodingregion reduction. Moreover, in '‘Consideration withLifetime', the power consumption
depends on the residual energy; hence node 1 consumes lesspower than node 2 because of the
greater residual energy of node 2.
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Figure 3. Power consumption level according to three optimization methods
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Figure 4. Relationship between the lifetime and the residual energy

Figure 4 shows the results of these methods in terms of network lifetime. The cross-points
on the x-axis represent lifetimes according to the power management method. As shown in
Figure 4, the network lifetime for ‘No Consideration' is the least, while the network lifetime
for'Consideration with Lifetime' extends over the widest range. Another discovery is that the
lifetimes of nodes 1 & 2 under 'Consideration with Lifetime' approach the same value.

5. Conclusion

This paper dealt with the problem of network lifetime maximization via minimizing the
total power consumption of each visual sensor node. We investigated power optimization for
joint processing and transmission of captured data based on the P-R-D relation. The
optimization was designed to minimize encoding power while reducing encoding redundancy
for the overlapped FOVs, and to minimize transmit power while reducing the number of
transmitted bits. Each node needs to share some information with other nodes to exploit this
optimization in a distributed fashion, and the optimization initiated each node ultimately leads
to prolongation of the network lifetime.
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