Power Aware Image Transmission in Energy Constrained Wireless Networks

Huaming Wu and Alhussein A. Abouzeid
Department of Electrical, Computer and Systems Engineering
Rensselaer Polytechnic Institute, Troy, New York 12180
Email: wuhm@rpi.edu, abouzeid@ecse.rpi.edu

Abstract are emerging and introducing new challenges beyond those
common to most other sensor networks, such as acous-
We consider transmitting images in a multi-hop wireless tics, temperature or pressure. For instance, image coding re-
network with the minimal total power consumption while quires high computation power, and makes computation en-
satisfying an end-to-end image quality constraint. Contrary ergy comparable to computation energy.
to popular belief, we show that maximum compression be- | this paper, we consider the problem of minimizing the
fore transmission does not always provide minimal energy energy dissipation for transmitting images over a multi-hop
consumption, especially in the case of dense sensor netnetwork subject to a specific image quality constraint. We
works with complex signal processing algorithms. We for- formulate it as an optimization problem. Considering the ef-
mulate the minimal energy transmission problem as an op- fects of varying parameters of a wavelet based image com-
timization problem and present a heuristic algorithm for it. pressjon algorithm on total energy consumption and image
The proposed algorithm selects the optimal image compres-quality, we introduce a heuristic algorithm to select the op-
sion parameters to minimize total energy dissipation given timal image compression parameters to minimize total en-
the network Conditions and image qua“ty Constraints. S|m' ergy dissipation given the network Conditions and image
ulation results show up to 80% reduction in the total power quality constraints. Simulation results show significant re-

consumption achieved by using the proposed adaptive algoyction in the total energy consumption compared to non-
rithm compared to non-adaptive algorithms. adaptive algorithms.

Up to our knowledge, energy efficient image transmis-

sion in multi-hop wireless networks has not been studied

1. Introduction in the literature. However, our work has been inspired by
a variety of other research efforts. In [7], an adaptive im-

Wireless sensor networks are being developed for a va-29€ compression algorithm was proposed for mobile multi-
riety of applications such as surveillance, environmental Mmedia services. The impacts of the multi-hop and random
monitoring and smart spaces [8]. Energy management in€/T0r wireless link on the received image quallty e_md to-
these networks is crucial since battery-driven sensor noded@! €nergy consumption, are not studied. While previous re-
are severely energy-constrained. The two factors that affec€arch([10] has studied the effects of adapting the channel
the energy consumption of the sensor network are commu-coder to physical layer constram_ts, the effe_cts of adapting
nication and computation. One of the design choices thatSOurce coder have not been studied for multi-hop networks.
must be made in sensor networks is the balance between loRecently, [[8] shows that there is a net energy saving when
cal computation and the communication of data back to theCompression is applied before transmission. It is worth not-
processing center. in_g that they focus on lossless d_ata compressi_on which is

Currently, most energy-constrained wireless networks different from, (and can be considered a special case of,)

are designed with the objective of minimizing the commu- the image compression techniques considered here.
nication power at the cost of more computation, since it  The remainder of the paper is organized in the follow-
is usually more significant in the total system power con- ing way. Energy consumption models for computation and
sumption [8]. The energy consumption due to computation communication are provided in Sectioh 2. The analysis re-
has been considered negligible. However, in the case of asults are presented in Sectiph 3. We present our adaptive
dense multi-hop network, the energy needed for communi-algorithm in Sectiofi 4. Experiments and simulation of the
cation decreases dramatically due to the relative small dis-proposed adaptive algorithm are presented in Sefction 5. Fi-
tance between nodes. Recently, visual sensor netwlorks [Shally, Sectiorj b presents conclusion and future work.
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2. Models and Scenarios - - - -7 \
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In this section, we describe the network model, the im- P [ Teobom \
age transmission applications considered in this paper and @
the energy consumption models.

We consider a multi-hop wireless sensor network which !
consists of camera-equipped nodes and a processing cen- ﬁiﬁi‘%‘l‘# Voot ] 2
ter. A node can respond to the query of the processing cen- Transform
ter by generating a fixed size raw image (e.g. a snapshot of (b)
its sensing area) and compressing/coding the raw data us-
ing an image compression algorithm before transmitting to
the processing center.

We make the following assumptions: wheree, is the energy per bit dissipated in the transceiver
circuit, e,mp IS the energy per bit dissipated in the trans-

mit amplifier anda is the path loss parameter. The power
e The underlying wireless network is modelled asa  consumed in receiving per bit,

hop path, denoted by — S, — ... —» S, — C.
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Figure 1. Block diagrams of sender (top) and
receiver (bottom).

¢ All nodes have the same radio rangie

Erx = eck. 2
e When sending a query, the processing center specifies X =¢ @

the desired image quali@uﬂ In optical transmission, only transmitting consumes power

e A cluster based routing infrastructure is in place. The (i.e. power consumed in reception can be neglected). It is

cluster head may perform intermediate data processing?/SC Shown in[[5] that the average transmitted energy per
if specified by the application. bit and distance are related B, « d? if other parame-

ters are fixed. Thus, the above model is still applicable to
e The communication environment is contention-free gptical links if we choose proper parametersande,,,,,.
but not error-free. The channel in every hop is mod- e consider JPEG2000, a variable rate image compres-
elled as an independent and identically distributed sjon scheme that uses both lossy and lossless compression.
(IID) random bit error channel with error probabil-  The compression ratio can be controlled by the transform
ity Paﬂ (decomposition) level and quantization level [4]. The main

Throughout this paper we do not take into account the en-block diagrams of the _vvavelet-based image en(_:oder and de-
ergy consumed at the processing center which is commonlycoder are also shown in the dashed rectangles in Figure 1 (a)
assumed to be not energy limited. and (b) respect_lvely. Increasing the apphed vyavelet _trans-
Figure [1 shows the block diagrams of a node as form I_eveI can increase the compression rat!o, Iegdmg to
sender and receiver. Every node has source (image) enless bits to b.e transmitted. However, it results in an increase
coder/decoder and wireless transceiver module. of computation energy. Let.(L) denote the energy con-
The primary candidates of wireless communication for SUMed per bit as a function of transform ledel
sensor networks are currently radi_o frequency (_RF) or op- (L) =4(f =471, L=0,.... Lyas ©)
tical [6]. For this study, we use a simple transceiver model
[12]. The power consumed to transmit a distadgeer bit, where v is device and implementation specific con-
stant value,L,,,, is the possible maximum transform
Erx(d) = ek + €ampkd® (1) level which is determined by image size ajfids a fac-
tor caused by quantization and entropy coding [7]. Bet
1 Image quality is often measured using a metric know as the Peak denote the compression ratio (compressed data size over
Signal-To-Noise Ratio (PSNR), which is defined as (in decibels) original data size). Since compression ratio is source re-
ob _q lated (depends on source characteristics), in order to
Ellz(i,j) — 26, )|l isolate the impact of transform level, we empirically de-
o . o ST rived the following equation where the compression ratio
wherez (3, j) is the pixel value of original image;(¢, ) is of the re- . . . .
constructed image aridis the bit-depth (bpp) of the original image. 1S Only dependant orl. by experiments which is de-

We recognize the PSNR does not always accurately model percep-scribed in Sectiohl5.
tual image quality, but use it because it is a commonly used metric in a
the literature. . . B(L) = ——. L=0,...,Lmna (4)
2 We argue that channels exhibiting correlated errors (e.g. fading) can g2 — g3
be transformed to this model using channel coding schemes (e.g. in-
terleaving and channel coding can be used in burst-error and fadingwhere g1, go and g3 are empirically derived parameters.

channels)[B]. Thus, to compress 1 bit of raw image to achieve compres-

PSNR = 20logio



sion ratiog(L), we need
EC(L) = €C(L) (5)

Decompressing these compressid.) bits will consume
almost the same energy as compressing without rate control

4.
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Normalized Total Energy per bit (nJ

3. Analysis e
800
We analyze two typical scenarios of image transmission %" .
across a multi-hop wireless network: Case 1, intermediate 0 % ;
nodes act only as relays; Case 2, intermediate nodes may Communicationranged(m) o o Transform level L
fuse multiple images into a single image before relaying. Figure 2. Normalized total energy consump-
tion per raw image bit as a function of trans-
3.1. Case 1: no intermediate data processing form level L and communication range d.
n = 15,0 = 0.5, RF transmission, Case 2. Ob-
A sensor generatésbits of raw image data after receiv- serve that total energy is monotonically non-

ing a query from the processing center which specified the decreasing when L > L.

required image quality. It compresses this image at wavelet

transform levell to achieve compression ratig(Z) then ~ images (i.e. capture) and estimating the correspondence be-
sends the image to the processing center via a multi-hoptween images (part of the fusion process).

path. In this case, the intermediate nodes do nothing except The network optimization problem can now be formally
forwarding data to the processing center. The total powerstated as follows:

consumption for transmitting this image to the processing

center is: minimize Eiotal (8)
subjectto 0 < L < Lyyaq
Eiotat = kEc(L) + nkB(L)[Erx(d) + Erx]  (6) Qr > Qu

whereQ),. is the PSNR quality of received image. As shown
in Figure[2, there exists an optimal valiig,; which min-
imizes E;,:, for different values of the communication
ranged. For example,L,,; = 3 whend = 45m and

n = 15hops.

3.2. Case 2: intermediate data processing

Although details of intermediate data processing clearly
depend on the specific characteristics of applications, we try
to identify some common principles that can be applied to
sensor networks across various applications. In order to save . .
communication energy, a cluster head may locally compress4' A Heuristic Algorithm
(or, more accurately, fuse) the images from different sensors
together, thus reducing the total number of bits to be trans-
mitted. To the best of our knowledge, estimation of corre-

Although the above optimization problerp] (8) can be

solved by a centralized, nonlinear optimization method, the

spondence between a set of images is a fundamental angomputgthn complexny gssomated W.'th g'cen.tra'\hzed ap-
proach is high and prohibits us from using it in this instance.

difficult problem in computer vision [13], which is not M Inthis section, we develop a heuristic distributed algorithm,
the scope of this paper. However, the cluster head must flrstMTE (abbreviation for “Minimize Total Energy”), to mini-

de-compress the data to procesaritl then re-compress it . .
; e mize the total energy consumption.
again before transmitting it to the next cluster. To account o . : .
. i . o Before describing the algorithm itself, we discuss the as-
for fusion at intermediate nodes in this case, we assume that . . N
. . . : ) sumptions needed for implementing it;
when the total incoming data size at an intermediate cluster-
head isk bits, the output will bejk bits. The total power 1. Source nodé; knows an estimate of the total number
consumption for a cluster head that runs a multi-image com- of hopsn to the processing center;

pression (fusion) is 2. Each nods$; is aware of its own communication and

computation energy cost|(1),| (2) a 3).
Erotar = 2kEo(L) + nkB(L)5[Erx (d) + Erx]  (7) omp nergy ( D(_ ) aig (3) _
The first assumption can be achieved by embedding the

It is worth re-emphasizing that the above analysis doesnumber of hops of the communication path in the query
not account for the energy dissipated in generating the rawfrom the processing center. Or the source nSdenay get



this information from underlying routing layer or knowing putation and communication energy modéis);,;. Then,
the location and the sensor density. The justification of the the sensor increasdsby 1, runs wavelet image compres-
second assumption is thatande,,,, are device-dependent sion to compute the new value Gf(andé for Case 2), com-
and can be obtained from the radio device configuration, putes new value of total energy dissipation and compares it
while d, o, v and f are system-aware parameters which can with the old value. The above steps will be repeated if the
be determined during the sensor network deployment stagenew value ofE,;,; is smaller than old value ankl is less
The algorithm works as follows. In the first step, the al- than some maximum allowed valdg, ... (recall thatl! .
gorithm determines the parameter of quantization and theis obtained in step 1). Otherwise, this procedure will stop
wavelet image compression transform level to meet the im-and return the value of. which is the optimal value that
age quality requirement. Normally, the end-to-end image minimizes the total energy.
guality is affected by two factors: quantization and trans-  An alternative that helps reduce the computation require-
mission error due to wireless channel. Also compressed im-ment for iteratively calculatingFy,:,; is through a pre-
age is more vulnerable to transmission errors compared tocomputed lookup-table, where interpolation for approxi-
raw image. For example, the received image Fifjurg 3(b) canmated results may be used to reduce the size of the table.
only achieve PSNR of 27dB through a link with = 10~4, In this case, energy consumption for each possible combi-
while the raw image Figufe 3{a) can achieve PSNR of 45dB nation of the parameters (transform level, quantization and
through the same link. It is even worse in the case of multi- communication path length) are calculated on image sam-
hop communication path. We found that the maximum al- ples. Then, given the network and application constraints
lowed valueL!, .. may be smaller tha#,,., duetoalong  such as transmission medium, communication range and
(n is large) and bady, is high) path for a high image qual- image quality, a table lookup is performed to identify the
ity requirement (larg€),). In this paper, we choose a sim- set of parameters (transform level and quantization) that sat-
ple method to determine the quantization level and possibleisfy the application requirements. Another alternative to re-
transform level set. We generate a table by running exten-duce this computation cost is letting the processing cen-
sive simulations on image samples for every configuration ter calculate the value of optimal parameters. In this way,
of quantization, transform level and path. A node can checkthe processing center can compute optimal parameters for a
this pre-computed table to determine the quantization levelqueried node if the processing center has information about
and possible transform level séd (..., L .]) for a given the routing path to the destination node. However, the ac-
network and image quality constrﬁht curacy of compression ratio in these off-line methods is not
as good as on-line algorithm since we average over a set
of test images instead of the actual image being transmit-
ted.

5. Experimental and Simulation Results

In this section, experiments to derive the values of the
parameters in our models] (3)] (4) and performance evalua-
tion of our heuristic algorithm are presented.

To verify our model and determing and~ in (3), we

_ _ ‘ ‘ _ have employedouleTrack]11] to estimate the energy con-
(a) PSNR of received raw image () PSNR of received compressed sumption for an existing JPEG2000 C(@i{&] The exper-

44.58dB. (L = 6) image = 26.58dB. . .
iment data in terms of total energy spent by a StrongARM
Figure 3. Comparison of raw vs. compressed SA-1100 processor are measured when running JPEG2000
image through a channel with  p, = 107%. image compression algorithm at 206 MHz with different

transform levelsl on test imagd.ena(512x512). Param-
. etersf and~ in (3) are calculated using MATLAB for this

In the second step, the initial value bfis setto zero for o oriment data. We believe that it is reasonable to expect
each sensor. After the image is captured, the Sesisoom- - ginijar curves from other types of processors. We also es-

presses this image using wavelet image compression. Th?imated the energy consumed in running our adaptive algo-

sensor computes the compression r_ﬁt(a_nd, In C_?ase 4), rithm and found it is negligible compared to the image com-
and calculates the total energy dissipation (using both com-

4 All options of this JPEG2000 coder are the default values except trans-

3 There are some complex and on-line methods to determine the quan-  form level L which is chosen from O to 8. To isolate the impact of
tization level and channel codec over an error channel for a given end- transform level on compression ratio, rate control is turned off when
to-end image quality requiremeit [2]. compressing.



Parameter] Optical RF

« 2 2

€e 0 50n.J/bit [12]
€amp 0.2nJ/bit/m? [6] | 0.1nJ/bit/m? [12]
Table 1. Parameters of wireless communica-

tion energy model in (1] and (2) ]

vy f g1 g2 g3
0.23549.J/bit | 1.1947| 1.1211| 3.2219| 3.5424
Table 2. Parameters of image compression

energy model in (3)Jand (4) |

pression. Thus, we omit the cost for our adaptive algorithm
in the energy consumed for computation. Since the com-

Communication range d (m)

L L
15 30

Distance n (hop)

L
10

pression ratio is source related (depends on source charac- Figure 5. Contour of optimal transform level

teristics), we calculate average compression ratib) on a

set of reference images. They are popular test imhgaa
(512x512),Goldhill(512x512), and two JPEG2000 test im-
ageLafe(2048x2560) and@ike (2048x2560). Then param-
etersg;, g» and gz in () are calculated using MATLAB
from this experiment data. Parameters of wireless commu-

nication energy model are shown in TapJe 1. Parameters of

image compression energy model are shown in Tgble 2.
We ran extensive simulations to decide the quantization

level and possible allowed value of transform level for dif-

ferent choice of. and(,. Figurg 4 shows an example simu-

lation results on image sampliegna for different values of

n. We observe that the quality requiremépy restricts the

possible range of values d@f. For example, when > 35,

Qa = 25dB andp, = 1075, L/ . can only be 5 even

thoughL,,.. = 6. When the channel is worsg(= 1077,

L. .. = 6 and henc&),; < 15dB, i.e. the received image

will be low quality for a far away source node.
The optimal setting of image transmission in both RF

and optical wireless sensor networks are simulated using

our MTE algorithm. Due to the space limitations, only one

figure for each case is shown here (similar results were ob-
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Figure 4. PSNR of received image (Lena) vs.
number of hops n.

L as a function of n and d. Optical transmis-
sion, Case 1. Observe that maximum com-
pression is effective only when  nor dis large.
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Figure 6. Contour of optimal transform level

L as a function of n and d. RF transmis-
sion, § = 0.5, Case 2. Observe that maximum
compression is not optimal in a considerably
large range of n and d.

served for other cases). Figufés 5 ahd 6 show that the opti-
mal selection of transform levél is dependent on the num-
ber of hopsn and the communication range of each hop
d. For free space optical transmission, Fighite 5, the op-
timal setting of L is “maximum compression” only when
the number of hops is large or the communication range is
large. We consider Case 2 in Fig{ife 6 where a cluster-head
performs intermediate data processing/fusion. Even for RF
transmission, the results show that the optimal setting is not
fixed at maximum compression.

The comparison of the energy consumption achieved by
using our adaptive algorithm against a static algorithm is
shown in Figur¢]7. 1000 sensor nodes are randomly placed
in a field of 200mx 200m. The processing center is placed
at the corner of the field. Every sensor is assumed to send



s tive, variations of the proposed on-line mechanism can be
developed for improved robustness and performance. From

application perspective, one extension is to consider other

_ computation algorithms in wireless sensor networks, such
as video coding. Another extension is to investigate the en-

No compression are worth further investigation. From a protocol perspec-
L
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