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ABSTRACT

The rapid advancements in ad hoc sensor networkdyI$ (micro-electro-mechanical systems) devices,-power

electronics, adaptive hardware and systems (AH8nnfigurable architectures, high-performance campgwplatforms,

distributed operating systems, micro-spacecrafftd,aicro-sensors have enabled the design and geweltt of a high-
performance satellite sensor network (SSN). Dubdéochanging environment and the varying missibas & SSN may
have, there is an increasing need to develop efficitrategies to design, operate, and manageyshens at different
levels from an individual satellite node to the \wehmetwork. Towards this end, this paper presantsadaptive
approach to space-based picosatellite sensor netiprexploiting efficient bio-inspired optimizatioalgorithms,

particularly for solving multi-objective optimizatn problems at both local (node) and global (nekjvsystem levels.
The proposed approach can be hierarchically useddaling with the challenging optimization probkmrising from
the energy-constrained satellite sensor networiksul&tion results are provided to demonstrate ffecveness of the
proposed approach through its application in sghioth node-level and system-level optimizatiorbfems.
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1. INTRODUCTION

Technology advances have made it possible to deqgldyoc and flexible space sensor networks wittdreds of small,
lightweight, low-cost satellites, usually known @isosatellites [1-4]. These picosatellites are eisdéed with restricted
constraints such as: be smaller than one cubicrmegigh less than 1 kg, have ultra-low power comstion and low
cost [3]. The space-based sensor network providesval way to distribute the functionalities ofade satellite into
several smaller, less expensive satellites (sucpiasatellites) to enhance the performance ofréuspace missions
through establishing an efficient ad hoc wirelemsssr network in space[4,5]. The potential appilices of space-based
wireless sensor networks (WSNSs) could include lagpde space observations, distributed imagingptemmonitoring
for deep space exploration, cooperative sensingpiffit-resolution, synthetic-aperture radar, etcer€fore, the space-
based WSNs combined with geographical informatigsiesns (GISs) will play an important role in dey@fag future
global or local security systems [5]. Since satlin a WSN work in a collaborative manner, theakdown of some
satellites in the network due to any reason woulty @artially affect the whole network. Thereforgtellite-based
WSNs are more fault-tolerant and more reliable.sltvery likely to recover the mission and functibitya of
malfunctional small satellites by reconfiguring atistributing the satellites in the whole sensdmek [5].

There is an ever increasing need to enhance geeltie and adaptive capability within picosatellisgshout sacrificing

speed and power performance. This increases theriamze of adaptation since these nodes are ngragtlloyed in a
wide range of space-based applications, and héegeneed to adapt to the adverse space environff@néxample, as
the energy goes down, it may be preferable to kawer quality of data to make the picosatellitest langer. Since the
satellites are often facing changing environmertsre different sensing missions may be requires; tan be adopted
to suit the needs of such changing environmentadiyg adaptive and intelligent methods. On the rottaand, as the
number of nodes increases in a given satelliteosemetwork, there is also a need for efficient alpons to be able to
dynamically monitor these nodes and adaptively g the performance of each node and the ovestivark

concurrently. In particular, this highlights theedefor multi-objective optimization algorithms threre able to cope with
conflicting objectives at the node and network {syy levels [6-7]. Furthermore, such algorithms ae® desired to be
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amenable to hardware implementation with power pedormance requirements for satellite sensor neédsva-or
example, the optimization problems in a given $itgetensor network may range from dynamic optitiiraof smart
antenna arrays to increase the efficiency to ie@-toptimization at system-level in order to effeely process and
transmit distributed image and signal data to/featellites in an ad hoc manner.

In this paper, we present an adaptive approachdoesbased picosatellite sensor networks by exmpdoéfficient bio-
inspired optimization algorithms, particularly feplving multi-objective optimization problems atthcsatellite and
system levels. The rest of the paper is organaedbllows. In Section 2, the related work is Hyigkviewed. The
proposed adaptive approach is described in Se8ti@ection 4 validates the proposed approach blyiapgt to multi-
objective optimizations of both satellite-level asystem-level in a given satellite sensor netw8ikiulation results are
also provided in detail in this section. The paperconcluded in Section 5 and the main contribigti@me also
summarized there.

2. RELATED WORK

Although wireless sensor networks (WSNs) have weckconsiderable research attention over the lesadk [8-14],
space-based sensor networks are only being foarség some researchers in recent years [1-7, 15At8{L2 mesh”

protocol for space-based sensor networks was pedpos [4]. In this protocol directional antennasttwia single
transceiver per spacecraft to achieve low cost wee to deal with the large inter-spacecraft dista. They also
presented a technique that derives the link aatinaschedule (transmit/receive mode and commuiicatneighbor
selection) and route paths used for multi-hop reflasough the network. It was claimed that highlyficsént

communications were achieved, but neither the obpulicy nor energy optimization issue was mergidn

Since the sensing and communication among thelissgeh a satellite formation form the basis fbe tcooperative
mission of the formation, the satellite formatiengenerally viewed as a mobile WSN in space. Thesethe relative

stability of communicating sensor topologies agw ¢haracteristic of the formation of satellites éimeir behaviour as a
wireless sensor network in space was studied ij [k6this work, the topology of the sensing betwehe satellites and
its influence over the stability of the formationgre investigated. An interesting point was tleg stability of the

sensor network was mathematically analyzed. Howeter optimization issues which are crucial in telfite-based

WSN were not addressed.

In [5], the real-time optimization of a cluster-bdssatellite WSN was investigated. The adaptivenédion control and
bio-inspired optimization were jointly dealt withrfthe cluster-based WSN in which multiple satedlifly in formation
in the presence of unknown disturbances. Sincesther always orbital disturbances such as graatynbnics from a
non-spherical Earth, atmospheric drag, and soldrlamar gravity, an adaptive formation controllsralways needed.
Otherwise, all these perturbations may tend taidisthe orbits from their ideal trajectories andsmthe satellite-based
WSN to disperse. Due to the purpose of adaptivedtion control, real-time optimization is critidal this application
to minimize the total energy consumption under rénguired quality of service by jointly optimizingé transmission
power and rate for each satellite.

In recent years, there has been an increasingstter applying efficient bio-inspired algorithnes gpace-based WSN
for solving the emerging optimization problems artcular with multiple conflicting objectives [1,87,15]. The multi-
objective optimal design of space-based reconflyaraensor networks with novel adaptive MEMS ardsnwas
investigated in [6] by using multi-objective evaobnary algorithms (MOEAS) [19]. The obtained mutiteria Pareto-
optimal solutions allowed system designers to gaslke a reasonable trade-off choice from the abn-dominated
solutions according to their preferences and systguirements. The optimization of a space-basednfegurable
sensor network under hard constraints was presdant¢d] by employing an efficient multi-objectivevalutionary
algorithm. For node-level optimization, a new agmio for solving the multi-objective evolutionarytimpization design
of pipelined FFT processors for wireless OFDM reees was proposed in [20].

3. AN ADAPTIVE APPROACH TO SPACE-BASED WIRELESS SENSOR NETWORKS
3.1 System Overview

In order to maximize the throughput and minimize fower consumption, the picosatellites in thissaesh are
composed of highly miniaturized System-on-Chip (BPd€vices tightly integrated with various sensitgnents and
communication units such as adaptive multi-banerams. In this paper, the aim is to clearly presenadaptive
approach to space-based picosatellite sensor netprexploiting efficient bio-inspired optimizatioalgorithms,



particularly for solving multi-objective optimizath problems in both node and system level. Theqgwseg approach is

developed to be hierarchically used for dealincghviite challenging optimization problems arisingnfrthe energy-
constrained satellite sensor networks.

Network Management, Control and Monitoring

/

Configuration Routing Planning Traffic Antennas Filters Modulator | eeece= Demodulator

System Level Optimization Node Level Optimization

Bio-inspired Optimization Algorithms

f

System Modelling

Satellite-based Wireless Sensor Network
Fig. 1. An overview of the proposed adaptive appach to space-based wireless sensor network

A system overview of the proposed adaptive apprésaiown in Fig. 1. From the figure, we can clgade that the
proposed approach can be used for the node-levekastem-level optimizations. At the node-levelimjzation, a
typical example is the adaptive antenna system lwhiay consume up to 40% of the whole power consiompt
Recently, studies have shown that reconfigurabléVi@Entennas can reduce the antenna power by uptotBrough
forming directed antenna beams instead of tranisgith all directions [21]. This is achieved by doying a micro
antenna array and an optimization algorithm whighaanically optimizes and controls the array in ftake. As a
result, the array antenna system is able to adsmtirectional radiation pattern. However, thisais extremely time-
critical application since the communications linkn be lost and the adaptation goal cannot be \athid the



optimization cannot be completed within the giviemet slot. Other example for node level optimizatiethe adaptation
and configuration of the reconfigurable instructicgll based architecture implementing the commuitinabaseband
physical layer [25]. At system-level, optimizati@gorithms can also be used for routing the datautfh various
satellite nodes in the most efficient way in orttelsave data transmission energy further and hemceasing the life
time of the network as a whole.

3.2 Challenges

One of the key features in future integrated sgms®ed sensor networks is the adaptation to intemakternal changes
in order to increase power efficiency and optintize performance of the network as a whole. The ¢éskplacing the
energy system such as high-density battery arraymmo thousands of picosatellites is impossibleer&fore, it is
crucial to develop feasible methods for effectivelgnaging power consumption at different levelghef network at
both design and operation stage. This could ramgen fnetwork routing down to the architecture of iundual
picosatellites. However, it is a challenging probléo develop efficient methods for networking agemumber of
energy-constrained picosatellites. We are alsimdaihie challenge of increased computational coriiyievhen dealing
with large scale, distributed, multi-modular, andnfconvex problems arising from the energy-consémdi satellite
sensor networks.

3.3 Bio-inspired Optimization Algorithms

There is a need for new faster heuristics whichgizarantee global optimality. In this research pn@pose bio-inspired
optimization algorithms to solve this problem asytloffer many attractive advantages [1, 3, 15, EB%t, they are non-
gradient optimization methods and require littl@wedge about the problem in hand. Second, biokiedmalgorithms
normally have the ability to tackle complex optiatibn problems which involve some intractable feadusuch as
discontinuities, multi-modality, and disjoint febk spaces. Third, population-based bio-inspirg@rithms are robust
and inherently parallel, which makes them attracfor parallel hardware implementations.

One particular challenge in solving optimizatiorolpems for applications in satellite-based spaceN®/& that the
solution space may have many local optima, whidh substantially inferior to the global optimum, wich the
traditional evolutionary algorithms [19] might gaBpped. Moreover, most evolutionary algorithmepmsed for
general WSNs, e.g. genetic algorithms and parsiclerm optimizations (PSO), can be easily trappddcal optima. To
solve this problem, in the ESPACENET project [38§, have successfully developed two novel bio-irgpalgorithms,
namely an improved PSO algorithm (mPSO) [22] ambael Shifting Balance Theory-based optimizatiogoathm
(SBT) [23-24]. The improved PSO algorithm can ke#mf the advantages of the standard PSO, sugh@ementation
simplicity, low computational load, fast convergencand few control parameters. Moreover, its coysece
performance can be much better than the standa@ &@orithm [22]. In the SBT, for instance, a paidn is
subdivided into many small demes, and connecteaigyation. In the simplest “island model”, a fraxctiof individuals
is replaced by migrants from the rest of the pajputa The convergence of the whole population tasathe global
optimum is separated into three phases: randorhttdf allows demes to explore the “adaptive laagst; selection
towards local optima; and spread of the fittestfattle peak” across all demes, aided by varioudskof between-deme
selection [23-24]. In reality, the three phasesi@verlap, with random drift, and selection witleind between demes
occurring at the same time. The joint effects ofd@n drift, selection between individuals withimuakes, and migration
can be shown in Wright's island model.

Demes that are at superior peaks might be ledy likeyo extinct, or they might export a largerclian of migrants [23-
24]. For our new optimization approach, it is suggmbthat fitter demes have larger population silkse realistically,
one could follow the joint stochastic process gbyation size together with allele frequenciesraittmeans. Our latest
work has shown that the SBT-based approach iscpatly efficient at finding the global optimum hat than being
trapped at local optima [23-24]. Indeed, its caliigbof finding the global solution was found to letter than the
currently popular PSO and Metropolis Algorithm (M[RB-24].

4. SIMULATION RESULTS

Since energy is always limited or very expensiveniost satellite-based sensor networks, energyi@fiiy is of great
importance for the design and operation of sucheaergy-constrained system, and has become oneeofmtist
important research challenges. Therefore, in thaien we will demonstrate our proposed approaclagplying it to



solving the optimization problems at both node aydtem level. Toward this end, an efficient mulijextive
evolutionary algorithm tailored to suit the apptioa in energy-constrained WSNs was used as follgivs

4.1 Node-level modeling and optimization

At the node level optimization, the proposed apphohas been applied to solve the multi-objectivel@ionary
optimization design of pipelined FFT processord.[R0 this paper, we further demonstrate how theppsed approach
can be used to solve other multi-objective optitizes problems at the node level. Toward this englhint multi-
objective optimization of a pipelined FFT procesand a Viterbi decoder is investigated. The dep@rameters are the
wordlengths of each stage in the FFT processoegtme precision and power consumption of pipeliREd@ processors
are highly affected by the wordlengths in fixed+gaapplication systems. The details on the powasamption model
and other design objectives for the FFT process@seen in [20].

The corresponding parameters in the Viterbi decatter need to be optimized simultaneously. Foroftemizations in
the Viterbi decoder, our research aims include:

a) to investigate how the constraint lengtland code ratk/n affect the performance of a Viterbi decoder;
b) to study the performance tradeoffs of the Vitedatader with the constraint lengthand code ratk/n;
c) to know how much design space is available formiging a Viterbi decoder under multiple objectives.

Figure 1 shows how the performance BER (bit er@e)r of the Viterbit decoder changes against ttgerdint
parameters, i.e., code rdd@®, constraint lengtK, Eb/No, etc. From this figure, we can clearly text

1) Both constraint length and code rate have sigmifiedfects on the Viterbi decoder performance.

2) There is a need to make reasonable tradeoffs betBER and Eb/No.

3) The relationship among BER, Eb/No, constraint langhd code rate is complicated.

4) For a given Eb/No, BER decreases while increasimgstraint lengthik. However, Eb/No can be reduced when
the constraint length K increases, which meangrdngsmission power can be decreased as a reslatwef
communication energy.

5) However, the computational complexity of the deagdalgorithm grows exponentially witk, which will
definitely result in an increasing power consumpidd the Viterbi decoder.

0 Performance of Viterbi decoder with different constraint length (code rate: 1/2)
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Thus control-action tables for BER and power constisn in the Viterbi decoder under consideratiom dze
constructed, see Tables 1-2 and Figure 3, respéctiv

Table 1. Control-action table for BER

Code Eb/No
Rate « 0.0 0.5 1.0 15 2.0 2.5 3.0 3.5 4.0
3 | 9.0793e-02| 4.115e-02 1.4015e-02 3.4863ef03 6.3223eg 15280-05| 7.0347e-06 4.0625e-07  1.38894-08
5 | 1.0768e-01| 3.9706e-02 9.4194e-D3  1.4643€-03  1.48091 0069e-05| 3.9931e-07 0 0
12 7 | 1.4144e-01| 3.6614e-0p 4.7504e-D3 3.44986-04 1.6%A7e 4 27080-07 0 0 0
O | 1.4969e-01| 2.7890e-02 1.9756e-D3  6.7399¢-05 1.2068e5 0g33e-08 0 0 0
3 | 1.0565e-01| 4.9743e-0P 1.7509e-D2 4.45876-03 8.0B2Ge 1.0123e-04| 7.8056e-0p 4.0972e-07  6.9444¢-09
5 | 7.2236e-02| 2.2449e-02 4.6279e-D3  6.42286-04 6.036le 3.3958e-06) 7.9861e-08  3.4722e-p9 0
13 7 | 7.3423e-02| 1.6049e-02 2.0174e-D3 1.5541€-04  7.30@5e 1.4583e-07 0 0 0
O | 6.8949e-02| 9.6244e-0B 6.5572e-D4 2.47016-05 6.28BJe 6.9444e-09) 0 0 0
Table 2. Control-action table for power consumptia, mwW
Code Rate K=3 K=5 K=7 K=9
172 0.388 1.132 4.72 20.579
1/3 0.449 1.455 4.992 26.118
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The parameters for the MOEA used in the simulagiengiven as follows:

1) Number of generation: 200; 2) Population siZ¥;13) Probability of crossover: 0.85; 4) Hybriddazg methods
for chromosome, i.e. real-coded method is usethiiFFT, while binary-coded is used for the Vitddgicoder. The
length of bits for each variable is 16; 5) Probiapibf mutation for real-coded: 0.15; 6) Probalyildf mutation for
binary-coded: 0.01. 7) Number of objective functio#; 8) Number of variables: 12.

The FFT under consideration in this paper is sévlésws:

1) 1K Pipelined fixed-point FFT. 2) The inputs asutputs of the FFT are set to 12 bits fixed-poiinbers in the
specification. 3) The desired SQNR (Signal-to-Qization-Noise Ratio) is 35 dB. 4) The coefficierftave a
wordlength of 16 bits. 5) There is no scaling fhistages. 6) There are 2 objectives to be optithize., SQNR and
power consumption. 7) The design variables aremtwalengths of each stage. 8) For 1K FFT, therdratetal 10

variables ranging from 8 to 24.

The following is the setting for the Viterbi decade

1) Modulation scheme: BPSKbinary phase shift keyirjg2) Convolutional encoding; 3) Channel model: AWGN
(additive white Gaussian noise); 4) Optimizatiorjegtives: 2, i.e., BER and power consumption; 5kiBien
variables: code rate/n and constraint lengtk while Eb/No is fixed at a specified level; 6) Falition tables are

used.



The Pareto front obtained at node-level optimizati® given in Fig.4. Figure 5 depicts the Parettroal set. From

Figs.4 and 5, the system designer or the netwoekatpr can dynamically make a trade-off among the €onflicting
objectives in terms of the changing space envirorirand the varying space missions.
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4.2 Integrated system-level modeling and optimization

In this case study, we investigate how to effedyivintegrate the system-level and node-level nuitiective
optimizations into a unified MOEA under the propdsmdaptive approach. Since the whole system nowdas a
cluster-based satellite sensor network [6] and wretlded components, such as the pipelined FFTegsmr and the
Viterbi decoder, the complexity of the optimizatiproblem with more objectives under hard constsajit is greatly

increased. In the following simulation, the numlwdrobjective functions is 6 and theumber of variables to be
optimized is 18.

Figure 6 gives the Pareto-optimal set achievedhénstystem-level optimization. Now the complexitynadiking a trade-
off decision has significantly increased since bas to take into account the 6 conflicting objexdifrom both node-
level and system-level. The number of individuatseach ranked front over generations is shown @gn7FiFrom this

figure the performance of the MOEA can be visualaluated through observing how the non-dominatest volved
at each generation.
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5. CONCLUSIONS

Space-based WSNs have become an active area afdleswer the past few years. Massively distrihgpeace-based
sensor networks comprised of autonomous, minigdrizntelligent, and very small satellites, in partar, have

attracted a lot of interest in recent years fortipaint measurement applications in Low Earth O(bhEO). The space
application domain presents unique challenges tsmenetwork design for balancing system perforrasaned power
consumption. Due to the extremely limited and espen resources available onboard and the changieges
environment as well as the varying space missifully, adaptive approaches are particularly neededbbth power

savings and performance improvement in satellimetdaVSNs.

In this paper, an adaptive approach to space-bpmedatellite sensor networks has been presentedxplpiting

efficient bio-inspired optimization algorithms, gaularly for solving multi-objective optimizatioproblems in both
node and system levels. In the proposed appro&ehhierarchical utilization of efficient bio-inspal optimization
algorithms at different levels with multiple objaets for dynamically optimizing the satellite-bas&EN are essential.
The simulation results obtained in this study hdeenonstrated the effectiveness of the proposedappr through its
application to optimization problems at both nodd aystem levels.
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