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2 Rouzbeh Amini, Eberhard Gill and Georgi Gaydadjiev

1 Introduction

Recently, applying novel technologies and advanced eleics have enabled a
more modular and reconfigurable design for spacecraft adbloardware archi-

tectures. Among these new technologies, onboard wireteasntinication between
spacecraft subsystems is very promising and allows desgibility and mass re-

duction. Moreover, it improves the autonomy, ease of syatéegration and testing.
Enabling onboard wireless data communication can alleva#ter issues of wired
communication such as failures of wires and connectord) bagt of late design

changes, time overhead for allocating routes and shiefd$gesired ground loops,
etc. There are numerous technical challenges related m#w technology. Re-
stricted onboard energy budget is one of the major chalket@evercome.

In our previous work we introduced properties of spaceaafioard wireless
sensors and actuators network (OWSAN) [3]. We also defined af sgpical re-
quirements in respect to the wireless data handling systersniiall satellites. We
concluded that OWSAN shows different characteristics caimpdo typical sensor
networks due to its specific application. It was shown thdtevery onboard sub-
system is an appropriate candidate for being equipped witireless transmitter.
Our evaluation showed that sensors of attitude deternoimatnd control system
(ADCS) are potential candidates to use low power wireless tflansmission tech-
nologies such as ZigBee or other derivatives of IEEE 802.4tandard. This is due
to the low to medium measurement data rates of ADCS sengpisdtly around 1
Hz) and relatively relaxed requirements on data robustriseeral studies on en-
ergy efficiency of wireless sensor networks have shown thteless transceiver
is the part responsible for the consumption of the most gnamga sensor node and
any attempt to decrease the energy consumption of this jgdasysensible benefits
in the overal energy efficiency. In fact with new developrsentultra low power
processors, onboard communication can be safely tradezhfurard computation
[11]. The core idea of our solution is to adjust sampling saté ADCS sensors
when the satellite is not performing high precision manesiaad ideally arrive to

a sampling on demandrchitecture. A reduced sampling rate naturally lowers the

need for frequent wireless transmission and ultimatelgsawnergy on sensor nodes
and thus the entire system.

Some prototypes of wireless ADCS sensors are already dabignd tested
[4, 6, 17]. These devices are usually composed of a sensahvgintegrated with
a micro-controller, battery, an energy harvesting sotuiad a wireless transmit-
ter. To guarantee the nominal operation of such onboardbsgrenergy efficiency
should be considered by in the electronics, communicatemmdsrd, sensing instru-
ment and the software. However wireless transmission needs care because it
consumes more energy compared to sensing and onboard @iimpuTherefore
it is very convenient to use additional onboard processimghe sensor to reduce
the wireless transmission. An onboard energy managemkatrsecan reduce the
energy consumption and improve the life time of a sensofeBht approaches to
implement energy managers have been introduced in literaBome of the tech-
niques rely on approximate querying which exploits the rattrade-off between
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Fig. 1 In centralized scheme,

the energy manager is resided

in the fusion center which ADS
globally tunes and schedules frerymanaer | TR
the sampling rate of sensors.

Fusion center

=
TR

Sensor 2 Sensor 1

i:))) (€

Fig. 2 This scheme shows

decentralized energy man-

agement for OWSAN. In this ADS
architecture, each node is | T/ 2
equipped with a local energy =
manager which regulates the — —

—

O - )
activities of that node. Energy manager | TX/RX®| | Energymanager| | TX/RA

Fusion center

Sensorl \ Sensor 2

energy consumption and data accuracy [14, 13, 15]. Thigjoateof techniques

basically relies on the application-specific error bounthéctv are disseminated to
each sensor node along with the query. A measurement iscsé&m: base station
if the change of two consecutive sensor values exceeds aeBeed error bound.
There are also other approaches which use sleep schedulirigdy mostly lack

the explicit interaction with the application layer modu[®, 12]. Most of these ap-
proaches are not suitable for an onboard network of sendwesavthe dynamics of
the spacecraft system is known.

We believe that the application constraints play a great iol designing a
more efficient energy management mechanism specificall\gdosors of space-
craft ADCS because the sensor measurements are highifatedeand can be
predicted. In our previous work, we introduced a centralizaergy management
scheme based on centralized measurement fusion (see Fidelgnergy manager
uses optimal estimations of sensor measurements and dyalnmschedules the
operation mode of the sensors by changing their samplirggiéecy [3]. This ap-
proach ensures a very small computation overhead on therseodes of OWSAN,
because no preprocessing or decision making is necessagnsor nodes. But it
decreases the modularity and scalability of the architectu

In this paper we suggest a decentralized architecture fnggrmanagement of
OWSAN. Comparing Fig. 1 with Fig. 2 clarifies the differencetb& new archi-
tecture. Each sensor node is equipped with adequate onpoaressing power to
decide and schedule its own transmission activities. Taig system architecture
introduces a number of advantages compared to the cepttalsign:

e Improving system reliability by decentralizing the deoisimaking. Therefore
the fusion center is no longer a critical single point ofde;

e Increasing the architecture flexibility and scalability;

e Increasing the modularity of the design;
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4 Rouzbeh Amini, Eberhard Gill and Georgi Gaydadjiev

e Providing system scalability;
e Providing robustness to ADCS in case of a sensor failure.

The rest of this paper is organized as follows: Sect. 2 pesvinverview of the
concept is given while the details of the design are desgiib&ect. 3. The mathe-
matical model of the architecture is provided in Sect. 4 |ffjria Sect. 5 the perfor-
mance of the design is tested and proved.

2 Onboard wireless networ k

In a fully modular onboard wireless network, sensor nodesequired to operate
on limited energy budgets. Energy management can prolanlif¢time of a sensor
network and conserve scarce energy resources. Howevéicigr® management
could result in severe performance degradation. In thiskywae study onboard
attitude determination system which is composed of wisekensor nodes and a
fusion center (onboard computer). Each sensor node usesalalwergy harvesting
and storage unit and it has limited available energy. Thfusenter represents a
node as well with free access to energy. The onboard wirgksssor nodes in our
study are a 3-axis gyro, a 3-axis magnetometer and a supfsens

The goal of energy manager on each node is to reduce the ezmrgymption of
the same node by increasing the sleep period of wirelessnigier. A component
level design for sensors scheduling can contribute to theéd Igy reducing the wire-
less communication frequency of the sensor nodes. Theymagagement scheme
is a decision making technique which can be implemente@eténtralized in the
fusion center or decentralized.

In the decentralized form, each sensor node schedulesribediestablish a new
communication with central fusion. Therefore the wirelegassmitter on the node
can be switched off or put in the sleep mode while a transonisisi not required.
As soon as a new communication is mandatory, the sensor nakieswp its local
transmitter and submits the latest local measurement véatoing this communi-
cation window, the sensor may receive the latest updateg étmspacecraft status,
and other global information which is locally required ttnedule the next commu-
nication. This information can be simply measurement wsattade by other sensor
nodes. This scheduling approach is very suitable for ADGStdslow dynamics of
spacecraft. Abrupt changes are not typically seen in ADGSa@s measurements
and the spacecraft state is predictable.

2.1 Communication standard

The features of communication standard plays a major ridesigning the architec-
ture. It provides the tool to implement the scheduling saldmour previous work
we have already concluded that the family of standards bais¢dEE 802.15.4 are
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Decentralized Energy Management for Spacecraft Attitude@nation 5

very convenient for OWSAN [2]. Therefore the proposed asttiiire is based on
employing a beacon-enabled mesh network such as ZigBeg niégans that nodes
of the onboard network can only transmit inside of a predeitezd time slot. In
beacon-enabled network, the network coordinator will gidally generate a su-
per frame which is identified as a beacon frame. In OWSAN it iy yactical
to assume that onboard computer is the network coordin@remission of the
super frame implies the use of time slots, every node musthsgnize with the
super frame in the time domain. Each node is assigned a sptaié slot that it
can use to transmit and receive data. A node will synchronitethe ZigBee co-
ordinator’'s beacons and wakes up just before the beacorbes generated. Then it
performs its action inside the active time period and thessdmack to sleep mode
[5]. These properties are very suitable for designing anteakzed energy manage-
ment scheme for spacecraft ADCS.

3 Onboard decentralized architecture

To exploit the benefits of a decentralized architecturdeht configuration can

be employed. In one configuration sensors directly comnati@ito each other. This
configuration can be very energy exhaustive because italtdecreases the sleep
period of the local wireless transmitters. Also this configion does not take benefit
of the availability of spacecraft onboard computer (OBCaamde without severe
energy constraints. In second configuration, the commtioitdgetween sensors
is established through the onboard computer. Here OBCibatgs as a relay or

buffer to distributes the information between nodes andigemthe network bea-

con. It waits to receive a request from a node and only themitsinits the latest

measurements vector or its best available estimate. O$lyi@ny other node can

substitute OBC which increases the robustness. Also itrisa@venient to accom-

modate attitude determination algorithm on OBC to maingaglobal estimate of

spacecraft attitude. This enables OBC to provide extraimnéion about spacecraft
attitude to the nodes. As a result, the onboard computeraltvalds the latest mea-
surements available from the nodes. Nevertheless, thaldatest measurements
can be from different time instances or can be revised acuptd the dynamics

of the system. Thus, each sensor node has enough infornadiamir the status of

the attitude determination and can decide whether its lbeglsurement vector can
be communicated at a lower frequency to the other nodesré-Bjghows different

components in a sensor node to facilitate implementaticheflescribed scheme.
Such architecture shows the following advantages:

Local estimates available in the sensor can be used for decidion making;

e The communication cost can be reduced by transmitting otlgnvmeasure-
ments are necessary;

e A distributed architecture can have further survivabiiityhe event that the cen-
tral unit fails;

e The computation load of the central unit can be reduced.
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Fig. 3 Structure of a sensor node in a decentralized architectureledgal estimator and decision
maker.

Practically this decentralized configuration can be realizy implementing infor-
mation filters in federated form. Being equivalent to therian filter algebraically,
the information filter is easier to decentralize, initializand fuse than a Kalman
filter based fusion. The next section will formulate thisade

4 Problem formulation

The solution to attitude determination of spacecraft wiffecence measurement
vectors from sensors can be approached by building a stameatisn algorithm
based on Kalman filtering.

4.1 Kalman filter

For a system with linear process and observations modelseet dnd close form

for Kalman filter can be derived. Linear state space fornmtafor such system

with state vectokn.1 and sensor measurement vedgy 1 in discrete form is

X(tk) = F(t-1)X(tk—1) + V(tk-1) (1)
z(tx) = H(t)x(tk) +w(ty)

hereF(tx) is an x n matrix, H(tx) is amx n measurement matrix.andw are white

noise vectors for process model and measurements. Theveuit®s are assumed

to have Gaussian distribution with known properties. Fig flystem, Algorithm 1
summarizes linear Kalman filtering algorithm.
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Algorithm 1 Standard Kalman filter algorithm. HeReis the error covariance ma-
trix, K is the Kalman filter gainS is the innovations covariance matrig, is the
covariance matrix of process noise dRds the covariance matrix of the measure-
ment noise.
1. Initialization:
X(to) = X0, P(to) = Po
2. Time update:
2.1. Project the system state ahead:
Rik—1(t) = F(te—1)Xiqk (te-1)
2.2. Project the error covariance ahead:
Pi—1(t) = F(te-1) P g1 (b 1) F(te-1)T + Q(tk-1)
3. Measurement update:
3.1. Compute the innovations:
&(tk) = 2(tk) — H (t)Xik—1(t)
S(tk) = H(tk) P2 (B HT (t) + R(tk)
3.2. Compute the Kalman filter gain:
K (t) = Pig-1(t) HT (1) S (k)
3.3. Update the state estimate with measure
Rigk () = Rig—1(t) + K (t) € (t)
3.4. Update the error covariance matrix:
Piik(tk) = Pigi—1(tk) — Piq—1 (t) K (ti) H (t)

4.2 Information filter

Kalman filter equations can be convertedrtformation filterform which provides
numerical advantages for a decentralized architecture tdim information here is
applied in theFisher sense and the formulation is expressed in term of the infor-
mation measure about the states of the system rather thdir¢lcestate estimation
and its covariance. The formulation is based on reformaedf Kalman filter using
the following defined variables

Yl (1) 1= Py, (t)

Vi i (t) = Pk_jkz (t) Riey iy () . @)
i(t) := HT (t) R (t) z(t)

(k) == HT (t) R (t) H (t)

In this formulationy, |, is calledinformation state vectoryy, , is information
matrix, i is information state contributiofrom an observatioz and| is its asso-
ciated information matrixWith these definitions, linear information filter is shown
by Algorithm 2.

By observing Algorithm 2, we understand that the correcéiqnations of infor-
mation filter is computationally easier than that of Kalmadtefi This property can
be used later in decentralizing the data fusion. Also it carséen that there is no
gain and innovation covariance matrix involved in the cotapian. Also unlike the
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8 Rouzbeh Amini, Eberhard Gill and Georgi Gaydadjiev

Algorithm 2 Standard Information filter algorithm

1. Initialization:
Y(to) =Pyt, Y(to) = Y(to)xo
2. Prediction:
2.1. Project the information state vector:
Yik—1(tk) = Yk\k—l(tk)F(tk—l)Y;_ll‘k_l(tk—l)yk—l\k—l(tk—l)
2.2. Project the information matrix:
_ -1
Yigk-1(tk) = (F(tkfl)Yk,ll‘k,l(tk)FT (te) + Q(t))
3. Correction:
3.1. Compute the information state update:
ik () = i1 (te) +i(te)
3.2. Compute the information matrix update:
Yigk(tk) = Yigr—1(tk) + 1 (t)

Kalman filter, the initial condition for the information $¢avector and information
matrix can be set to zero information which in practice caraliiagonal matrix
with small non-zero diagonal elements.

4.3 Decentralized Information filter

Consider the scheme presented in Figure 4. Each node gesigsatwn observation
vector and also computes its local prediction of the procesdel. Therefore the
information from observation (t) and its associated information matrix for nade
are known. According to (2) on nodeve have

ii(t) = HY (t) R () zi (t) 3)
li(t) = H ()R (b Hi(t) - (4)

information

information

Node 2 Node 3

A
A 4

information

information

Fig. 4 Decentralized scheme information
for OWSAN with two way

communication channels and

interconnected nodes. 4
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Decentralized Energy Management for Spacecraft Attitude@nation 9

The prediction formulas for nodewill be

Vikk-1(tk) = Likk—1(t)¥i kk-1(tc-1) (5)
Yikk-1(tk) = (F(tkfl)Y[;il\k,l(tk) FT(t1) + Q(tw) (6)

with L; yx—1 being the local propagation coefficient defined as
Likk-1(t) = Yi,k\k—l(tk)F(tkfl)Yfﬁ\k,l(tkfl) (7)

which is independent from all local observations. At thisnpothe local partial
correctionof the information state vector on nodean be immediately found by
using the third step of Algorithm 2. It is called local palt@rrection because it
can be further improved by providing the information commgated from all other
nodes. If there is no information received from a node, tieted information will
be simply replaced by zero. The local partial correctiomfodei is

Vikik = Vi kjk—1(tk) +1i (t) (8)
Yikk= Yikk1(tc) +li(te) - )

After sharing all local partial corrections between nodtesfinal local correction on
nodei becomes

<

k() = Vs () + Y (¥ kK (t) — Jiwe—1(t)) (10)
i

Yikk(t) = Yikee 1)+ S (Vjxk(tio = Yik-1(t) (11)
=1

z [

The same methodology can be used to derive the results whgmdbhess model is
not linear. In this case the local predictions can be caledlay

Yikk-1(tk) = Yikk-1b)f(Xi k- 1x-1(tk—1)) (12)
Yixk-1(tk) = ((D()’zi.k—l\kfl(tk—l)) Yi_,kl_l\k_l(tk)d’T (X k-1k-1(tc—1)) + Q(tk)) -
(13)

The local partial correction equations are similar to (I 611), respectively. Also
the final correction equations can be calculated by (8) apdH®&wever, the local
information parameters will change into

li(t) = ¥ (R je1.(t) ) R (1) (k) (14)
ii(t) = %7 (Ri k1 (b)) R (t) (& (te) + W(f(i,k\k—l(tk))?i.mk—l(tk)) (15)

where® andY are Jacobian matrices for process and measurements modkly s
to the formulation of extended Kalman filter [8].
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& (tk) = zi(te) — hi (X k—1.(t)) - (16)

4.4 Energy manager

We design the energy manager based on a property of estimagorithm which
was described before. It can be shown that the measuremaenistion vectoe (ty)
and state estimate error are both Gaussian random proeé@#isesro mean. There-
fore the following normalized quadratic functions hggedistribution

Ne (tk) e' (t)S (L) (t) (17)
= (X(tx) — Xk tk) P-Iz\k(tk)(x(tk)_f(k\k(tk)) . (18)

N¢(tk) is an indication for the inconsistency of the measurementstasm de-

grees of freedom witm being the number of the independent measurements, while

Nx(tk) is a measure of the uncertainty level in estimating the statel has de-

grees of freedom witlm being the number of the states. We can use this stochastic

property of the innovation vector in combination with a démn maker to decide
if a new measurement vector is required locally to maintaattitude estimation
performance or not. For this purpose, a decision maker basdypotheses tests
can be employed. For our application, hypothégjcan be “the filter operation is
satisfactory” and hypothests; is “the filter operation is not satisfactory”. The re-
sult of type | test error is a false alarm (FA) resulting inwesgting for new sensor
measurements. The result of type Il error will be a missedra(®A) which causes
an increase in the error of the Kalman estimation. To lowerthergy consumption
it is desired to make sure that the probability of occurresfaype | error is as low
as possible. We have

Pea = P(HalHo) = [ p(¢IHo)dg (19)
O

s = P(HolHy) = [ p(¢IHy)dg (20)
O

where( is representing a test statistics ap |Ho) is its conditional probability
density. The sefflg is a region containing while hypothesidi; holds true. Simi-
larly, setl]; is a region containing while hypothesidHy holds true. Set§lg and
[0, partition the observation space together. Also it can be Hest

Po = P(Hi|Hy) = / p(Z|H1)dl = 1 Pea (21)
O

A good decision making algorithm should be able to minimizerang decision in
both cases which is
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Pe = RoPea + PiPua (22)

wherePt is the probability of making an erroneous decisiBgjs the probability
that hypothesebly occurs andP; is the probability ofH; occurrence. From energy
efficiency view,P=a in more expensive for the system, therefore a good decision
making system should provide a solution to lower the prdiigluf requesting un-
necessary measurements. The concepbofidence intervak often used which is
the probability that a test statistics falls in a known regiand is usually indicated
with a certain percentage. For the associated range of a gifidence interval a
thresholdr can be defined such that

Rea(T) =1 (23)

heren is expressed as a percentage and denotes the significaeteTlegn the
confidence level becomes-1n. Therefore a smaller significance level results in a
bigger threshold for the hypothesis tests in (19).

In OWSAN data fusion, the occurrence probability of eithepditpeses are not
known beforehand. In such case we can use Neyman-Pears@modenaking
method. The goal is to maximi#&, for an arbitrary probability oP:a. To obtain a
trade-off betwee:a andPya we can try to minimize the following cost function

F = Rua+ T(Pea—n) = T(1= )+ [ (P(ZIH) ~ T(CHo) & (24)
Uo

with T > 0 being the Lagrange modifier. The result of minimization apglying
the likelihood ratio test leads to the Neyman-Pearson lhgsas test as follows

V() = >t (25)

The threshold is the Lagrange multipliewhich is chosen such that satisfies the
significance leveh

Pea= [ P(ZIHo o2 = [ piZIHo)dg =1 (26)
0

We can apply this decision making rule to the measurememvations or state
estimate errors to decide about the necessity of a hew nerasuat vector from
a specific sensor node. To enable this, we need to identifpithigability density
function p(¢) for hypothese#dp andH;. This will enable decision making in the
local level and global level for both centralized and dexdizted architecture. For
example, we consider a sequence of one dimensionesiduals of local Kalman
filter on one of OWSAN nodes. This sequence has Gaussianbdittm with un-
known mearu but known variancer?. i can be either equal tag (hypothesisHo)
or py (hypothesidH,), andpy > L. The likelihood of the observation is
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1 (G —p)? 1 i (G — p)?
=[1——exp(— = exp(—
_ 1 2 o HE o 314
=~ Vzhon ex _202)ex - 2Uz)exp(— 202) (27)
The ratio of likelihood from Neyman Pearson test is
p({|1) n(p — ko)
V()= =Kexp———— 28
O bl e )

whereZ_is the mean off . According to Neyman-PearsoHg should be rejected if
the following condition holds
exq n(ul — HO)Z

52 )>T (29)

4.5 Dealing with missing measurements

By operating the described energy manager on each nodeydalesistimators will
not receive measurement vectors at full rate, thereforeestienator will become
suboptimal. This is inevitable and can question the stswfithe Kalman filter (or
information filter). This phenomena is similar to the prablstudied by Faridani
[7] and Sinopoliet al. [16] and is addressed by Liu and Goldsmith [10]. Liu and
Goldsmith have calculated an upper and lower bound for @gstnission rate of
the measurements which guarantees the stability of thmatsti.

4.6 Decentralized energy manager

We consider a system with only two sensor nodes and OBC asltneand buffer.
On the sensor node 1, local measurements are generatethavitbrminal sampling
rate f; ; and immediately communicated to OBC and node 2. The locahatir
on node 1 maintains a global model of the system and all systatistics and
according to (10) and (11). parameters up to tign&herefore it can compute a local
prediction of spacecraft states at titgewith its error covariance matrix which are
Xikk—1(t) and P; g1 (tk). Furthermore, it can predict its own observation vector
Z1 k-1(t) and node 2's observation vectds 1. Also it can compute its own
local partial information state vectgy i and its information matrixy’ 1Kk-1- Each
node runs a local energy management algorithm. In this seh#dma local energy
manager on node 1 is only concerned about reducing the sagptie of sensor 1. It
uses a decision maker based on hypothesis tests to evabssibipty of reducing
the sampling rate of the sensor by evaluating the statigticgerties of its local
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Algorithm 3 Decentralized energy manager algorithm

1. Initialization:
X(to) =Xo, P(to)=Po, Wi=1 fi="fi1, Zto)=20, Ri(to)=Rio
Ho = ADCS estimation is accurate enough;
H; = ADCS estimation is not accurate enough;
2. Prediction:
2.1. Project the system state and information state ahead:
Rigk—1(tic) = F(ti1) R (tk—1);
Vikk-1(t) = Likk-1t)¥ikk-1(tk—1);
2.2. Project the error covariance and information matrix ehea
Pi-1(te) = F(te-1) P g1t 1) F(te1)T + Q(te-1);
Yikk-1(tk) = (F(tk—l)Y[kl,l‘k,l(tk)FT (te1) +Q(te) "
2.3. Project the sensor measurement of the local sensor ahead:
Zi k-1 (t) = Hi(ti) g1 (t);
3. Decision making and correction:
3.1. If sensor observation vectai(ty) is available se = 1 and:
3.1.1. Compute the innovation vector and its covariance:
& (t) =z (t) — Zigk-1(t);
Si(t) = Hi(ti) Pge—1 () HT (t) + Ri (1)
3.1.2. Run decision maker test and acdépor Hj:

G|H .
Vik({) = SEZ:}HS 2T
H

o
3.1.3. Determine the sampling rate for the sensor:
f— fi1 , if Hois true;
"7 fiz, if Hyis true
3.1.4. Compute information of the the new measurement:
ii(t) = HT ()R ™ (421 (%)
1 (t) = H (t) Ry (i) Hi (t)
3.2. If sensor observation vectli(tx) is NOT available:
iitk) =0 , Ii(tk) =0;
3.3. Compute the local partial corrections (see (8) and (9)):
Vi = ¥ikk—1(t) + i (t)
Yikk = Yikk-1(t) + 1i(t)
3.4. Interchange the the local partial corrections witreotindes
3.5. Compute the final local correction:
Fi k() = Vi 2.(t0) + 3111 (Vi) — ik 2(te))
Yiwk(t) = Vi1t + 3 (Y jikte) = Yig1(t))

measurements. Algorithm 3 presents the operation of dexdized energy manager

on an OWSAN node .

1182

FrAT1.4



14 Rouzbeh Amini, Eberhard Gill and Georgi Gaydadjiev

Table 1 Simulation parameters for benchmark pointing scenario.

Parameter Value Unit
Simulation step Ts=1 [second]
0.002 0 0
Inertia tensor 1=10 0.002 0 [kg/metef]
0 0 0002
0.01
Initial rotation rate w=| —-0.01 [rad/second]
0.01
0
. . 0
Initial attitude Qo = 0 -
1
0.4496
Target attitude (pointing scenario) Qset= 8%252 -
0.8463

5 Experimental results

The simulations are carried on by SpaceTool simulationrenwent which is a
Matlab/Simulink toolbox. Design and development of thiglbmx was initiated in
2003 as a simulation tool for AAUSAT-1I CubeSat in Aalborgiversity [1]. Later

on the toolbox design was revisited and extended in the kbafeéhe MicroNED

MISAT project at Aerospace Engineering faculty of Delft Ugisity of Technology.
Previous generations of this tool were used in design anelolement of AAUSAT-

Il and Delfi-C3 CubeSats. Validity of the majority of the mési@ere internally ver-
ified against EuroSim designed by Dutch Space BV and Spdt€aatrol Toolbox

(SCT) developed by Princeton Satellite Systems.

We assumed a simulation scenario based on a small Cube8aipsizecraft in
LEO orbit. The minimum required ADCS precision is chosen &sd&gree (abso-
lute error). The simulation is ran while the spacecraft isafeclipse. The perfor-
mance of proposed decentralized energy manager is testegamting scenario,
where the spacecraft shall point at a specific direction.ddségned maneuver rep-
resents a (30— 15° — 60°) rotation. A linear-quadratic regulator (LQR) is designed
to control the attitude with aid of a set of three reaction @lbeThe aim is to main-
tain the performance of attitude determination and reduoelegs transmission ac-
tivity. For this simulation, we consider a set of a 3-axisapaope, 3-axis magne-
tometer and six sun sensors as ADCS sensors. The modelsseitbers are generic.
For the magnetometer, an accuracy ofiIQvith noise level of 10pT/\/Hzis ac-
counted for simulations. The sun sensor accuracy is asstorebetter than.03
degree and the gyro noise level is chosen to be® 1These assumptions are close
to those of state-of-art sensors which are commonly useah@il spacecratft.
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Table 2 Attitude estimation results in pointing scenario without egergnager. Subscripis p
andr refer to yaw, pitch and roll consequently.

Parameter Value Unit
Convergence time y=15 [second]
(Error less than 0.5 degree) Tp=16 [second]
=15 [second]
Estimation error mean My =0.05 [degree]
(after convergence) Hp =0.00 [degree]
U =0.01 [degree]
Estimation error std. oy,=0.14
(after convergence) op=0.12
or =0.07

A quaternion representation of attitude is used in desgialman and infor-
mation filters. The results are transformed to Euler anglesase the comparison.
The rotation sequence Z-Y-X (or so called 3-2-1) is chosethe transformations.

Table 1 shows the employed simulation parameters. The iimstiation results
as shown in Fig. 5 depicts the performance of ADCS while tleggnmanagement
scheme is deactivated. This result shows that ADCS can ssfttly meet the de-
termination accuracy requirements while the sensors aé asfull rate with the
nominal sampling rate.

Table 2 presents different results of attitude estimatiothis benchmark sce-
nario. The mean of estimation error is close to zero for yatehpand roll, which
shows that the estimation is unbiased and filter is perfagragiexpected. In the next
simulations, we have activated our decentralized energyager scheme (see Algo-
rithm 3). Each node computes the local estimation of thaudi performs decision

EKF estimation error in pointing scenario without energy manager

—-—- 0.5 degree threshold
Error in yaw

Error in pitch

Error in roll

|
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Fig. 5 Simulation result showing the attitude estimation error in ppgscenario.
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making based on hypothesis tests, and decides on the ngaggsansmitting local

measurement vectors. Also we have placed a federated ADD&ésn algorithm

on OBC to compare the results of local attitude estimatioitl the global one.
Figures 6, 7 and 8 shows the result of local attitude estonatiComparing this
results with Fig. 9 shows that the ADCS performance on eades @ quite com-
parable to the federated result at OBC. Also we can see thestiahators show a
quick convergence and meet the ADCS accuracy requirements.

Table 3 presents the characteristics of the local estimatoeach node. Similar
to the benchmark test, the mean of the estimation residvalgerty close to zero
which refers to the healthy operation of the estimators. Status of wireless trans-
mitter of nodes are shown in Fig. 10. 'ON’ status means thatstimsor’s wireless
transmitter is activated, while 'OFF’ means that it is s\id to off or sleep mode.
In 'ON’ mode, the node makes a local measurement vectorlesias a connec-

Local estimation error at sunsensor node in pointing scenario with a decenetralized energy manager

25
— - —- 0.5 degree threshold
2 Error in yaw
Error in pitch
Error in roll

Error [degree]

50 100 150 200 250 300 350 400
Time [second]

Fig. 6 Simulation results of local attitude determination in sun sensolevdecentralized energy
manager scheme is operational.

Table 3 Attitude estimation results in pointing scenario with decdized energy manager. Sub-
scriptsy, p andr refer to yaw, pitch and roll, and subscri@$ MM and G denote sun sensor,
magnetometer and gyro, respectively.

Parameter Value Unit
Convergence time Tssy = 16, Tumy = 16, Tgy = 16 [second]
(Error less than 0.5 degree)  tssp =15, Tum,p =15 ,76p =15 [second]
Tssr =15, Tumyr = 14,16y =15 [second]
Estimation error mean Ussy = 0.01, ummy = 0.00, gy = 0.00 [degree]
(after convergence) Hssp = 0.00 , tym,p = 0.00, g p = 0.00 [degree]
Hssr = 0.00 , pvm,r = 0.00 , U = 0.00 [degree]
Estimation error std. Ossy = 0.14 ,0mmy = 0.14 ,06y = 0.16
(after convergence) Ossy = 0.08 ,0mmy = 0.07 , 06y = 0.07

Ossy = 0.09 , ommy = 0.08 ,06y =0.11
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Information filter estimation error at magnetometer node in pointing scenario with a decenetralized energy manager
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400

Fig. 7 Simulation results of local attitude determination at magnetent®de while decentralized

energy manager scheme is operational.

tion to OBC and transmits the local information vector ar@hlonformation matrix
accordingly. It also receives the relayed information frother sensor nodes. In
'OFF’ mode, the local microprocessor continues operatioitsanformation filter
without receiving new information vectors from other sess@e can observe that
all sensors are frequently employed during the initial motsef the simulation
and then the frequency of activation is remarkably redudest the convergence
of the estimators for two of the sensors. It can be observatitiie gyro has been

switched to 'OFF’ mode during 383% of the operation time and the sun sensor has

been deactivated for 286 of the simulation period. This percentage is abob¥2
for the magnetometer sensor. We can observe that the magetetohas been more

Information filter estimation error at gyro node in pointing scenario with a decenetralized energy manager

400
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Fig. 8 Simulation results of local attitude determination at gyroenadhile decentralized energy

manager scheme is operational.
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Federated information filter estimation error at OBC (fusion center) in pointing scenario with a decenetralized energy manager

—-—- 0.5 degree threshold
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Fig. 9 Simulation result of attitude determination at OBC. A fededdatéormation filter is used
to produce attitude determination results at OBC for poinsiognario when decentralized energy
management scheme is regulating the communication activity of seades.

frequently activated comparing to the other two sensoris d@duld be due to noise
characteristics of the magnetometer which is relativetyhiiomparing to the other
two. We can conclude that by employing more accurate setisefgerformance of
energy management scheme can be positively affected.

6 Conclusion

In this paper we introduced a decentralized energy manageanehitecture for
a spacecraft onboard wireless sensor network. Our detizattascheme is inte-
grated with the attitude determination system of spacecraé proposed approach
is based on using decentralized information filter as am€mesibn method at the
sensor nodes. Based on the filtering results, a local eneagyger issues the next
transmission time to activate the wireless transmitterserdl local information to
other nodes and the data fusion center. We showed that orgyemanager can be
realized by using statistical approaches and hypothestinge We showed that in a
spacecraft pointing scenario, our proposed energy maregestheme can reduce
the onboard wireless transmission activity which direotiguces the overall energy
consumption. The presented simulation results show alidattd 33% reduction in
wireless communication activities of two ADCS sensors Whimplies a significant
improvement in energy efficiency of the sensors.

1187

FrAT1.4



Decentralized Energy Management for Spacecraft Attitude@nation 19

Status [boolean]

Status [boolean)]
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Status of sunsensor governed by decentralized energy manager in pointing scenario
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(a) Sun sensor activation status
Status of magnetometer governed by decentralized energy manager in pointing scenario
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(b) Magnetometer activation status
Status of gyro governed by decentralized energy manager in pointing scenario
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(c) Gyro activation status

Fig. 10 The sensor status are shown here for the first 400 seconds of the gamulat
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