Proceedings of the EuroGNC 2013, 2nd CEAS Specialist Conference on
Guidance, Navigation & Control, Delft University of Technology, Delft,
The Netherlands, April 10-12, 2013

FrAT1.4

Decentralized Energy Management for
Spacecraft Attitude Determination
Rouzbeh Amini, Eberhard Gill and Georgi Gaydadjiev

Abstract Employment of wireless links for spacecraft onboard data communication
provides promising solutions for improved modularity of onboard system architectures. In such onboard wireless network infrastructure power is highly distributed
and often limited for some of the nodes that makes energy efficient data collection
extremely important. Wireless technology can be specifically employed for sensors
and actuators of attitude determination and control system (ADCS). In this paper
we propose a new decentralized architectural scheme for energy management of
onboard wireless sensors and actuators network (OWSAN). Our energy manager is
based on a decentralized sensor scheduling. The local node energy managers dynamically schedule the sleep periods of wireless transmitters to lower the frequency
of data communication activities which, as a consequence, reduces the energy consumption and minimizes the chances of communication collisions among the wireless nodes. The results of the simulation show about 25% to 33% reduction in wireless communication activities of some nodes without sacrificing the ADCS accuracy
which implies a significant improvement in sensors energy efficiency.

Rouzbeh Amini
Space Systems Engineering, Delft University of Technology, Delft, The Netherlands,
e-mail: R.Amini@tudelft.nl
Eberhard Gill
Space Systems Engineering, Delft University of Technology, Delft, The Netherlands,
e-mail: E.K.A.Gill@tudelft.nl
Georgi Gaydadjiev
Computer Science and Engineering department, Chalmers University, Gothenburg, Sweden,
e-mail: georgig@chalmers.se

1

1170

FrAT1.4

2

Rouzbeh Amini, Eberhard Gill and Georgi Gaydadjiev

1 Introduction
Recently, applying novel technologies and advanced electronics have enabled a
more modular and reconfigurable design for spacecraft onboard hardware architectures. Among these new technologies, onboard wireless communication between
spacecraft subsystems is very promising and allows design flexibility and mass reduction. Moreover, it improves the autonomy, ease of system integration and testing.
Enabling onboard wireless data communication can alleviate other issues of wired
communication such as failures of wires and connectors, high cost of late design
changes, time overhead for allocating routes and shields, undesired ground loops,
etc. There are numerous technical challenges related to this new technology. Restricted onboard energy budget is one of the major challenges to overcome.
In our previous work we introduced properties of spacecraft onboard wireless
sensors and actuators network (OWSAN) [3]. We also defined a set of typical requirements in respect to the wireless data handling system for small satellites. We
concluded that OWSAN shows different characteristics comparing to typical sensor
networks due to its specific application. It was shown that not every onboard subsystem is an appropriate candidate for being equipped with a wireless transmitter.
Our evaluation showed that sensors of attitude determination and control system
(ADCS) are potential candidates to use low power wireless data transmission technologies such as ZigBee or other derivatives of IEEE 802.15.4 standard. This is due
to the low to medium measurement data rates of ADCS sensors (typically around 1
Hz) and relatively relaxed requirements on data robustness. Several studies on energy efficiency of wireless sensor networks have shown that a wireless transceiver
is the part responsible for the consumption of the most energy on a sensor node and
any attempt to decrease the energy consumption of this part yields sensible benefits
in the overal energy efficiency. In fact with new developments in ultra low power
processors, onboard communication can be safely traded for onboard computation
[11]. The core idea of our solution is to adjust sampling rates of ADCS sensors
when the satellite is not performing high precision maneuvers and ideally arrive to
a sampling on demand architecture. A reduced sampling rate naturally lowers the
need for frequent wireless transmission and ultimately saves energy on sensor nodes
and thus the entire system.
Some prototypes of wireless ADCS sensors are already designed and tested
[4, 6, 17]. These devices are usually composed of a sensor which is integrated with
a micro-controller, battery, an energy harvesting solution and a wireless transmitter. To guarantee the nominal operation of such onboard sensors, energy efficiency
should be considered by in the electronics, communication standard, sensing instrument and the software. However wireless transmission needs more care because it
consumes more energy compared to sensing and onboard computation. Therefore
it is very convenient to use additional onboard processing on the sensor to reduce
the wireless transmission. An onboard energy management scheme can reduce the
energy consumption and improve the life time of a sensor. Different approaches to
implement energy managers have been introduced in literature. Some of the techniques rely on approximate querying which exploits the natural trade-off between

1171

FrAT1.4

Decentralized Energy Management for Spacecraft Attitude Determination

3

Fig. 1 In centralized scheme,
the energy manager is resided
in the fusion center which
globally tunes and schedules
the sampling rate of sensors.

Fig. 2 This scheme shows
decentralized energy management for OWSAN. In this
architecture, each node is
equipped with a local energy
manager which regulates the
activities of that node.

energy consumption and data accuracy [14, 13, 15]. This category of techniques
basically relies on the application-specific error bounds which are disseminated to
each sensor node along with the query. A measurement is sent to the base station
if the change of two consecutive sensor values exceeds a user-defined error bound.
There are also other approaches which use sleep scheduling but they mostly lack
the explicit interaction with the application layer modules [9, 12]. Most of these approaches are not suitable for an onboard network of sensors where the dynamics of
the spacecraft system is known.
We believe that the application constraints play a great role in designing a
more efficient energy management mechanism specifically for sensors of spacecraft ADCS because the sensor measurements are highly correlated and can be
predicted. In our previous work, we introduced a centralized energy management
scheme based on centralized measurement fusion (see Fig. 1). The energy manager
uses optimal estimations of sensor measurements and dynamically schedules the
operation mode of the sensors by changing their sampling frequency [3]. This approach ensures a very small computation overhead on the sensor nodes of OWSAN,
because no preprocessing or decision making is necessary on sensor nodes. But it
decreases the modularity and scalability of the architecture.
In this paper we suggest a decentralized architecture for energy management of
OWSAN. Comparing Fig. 1 with Fig. 2 clarifies the difference of the new architecture. Each sensor node is equipped with adequate onboard processing power to
decide and schedule its own transmission activities. This new system architecture
introduces a number of advantages compared to the centralized design:
• Improving system reliability by decentralizing the decision making. Therefore
the fusion center is no longer a critical single point of failure;
• Increasing the architecture flexibility and scalability;
• Increasing the modularity of the design;
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• Providing system scalability;
• Providing robustness to ADCS in case of a sensor failure.
The rest of this paper is organized as follows: Sect. 2 provides overview of the
concept is given while the details of the design are described in Sect. 3. The mathematical model of the architecture is provided in Sect. 4, finally in Sect. 5 the performance of the design is tested and proved.

2 Onboard wireless network
In a fully modular onboard wireless network, sensor nodes are required to operate
on limited energy budgets. Energy management can prolong the lifetime of a sensor
network and conserve scarce energy resources. However, inefficient management
could result in severe performance degradation. In this work, we study onboard
attitude determination system which is composed of wireless sensor nodes and a
fusion center (onboard computer). Each sensor node uses a local energy harvesting
and storage unit and it has limited available energy. The fusion center represents a
node as well with free access to energy. The onboard wireless sensor nodes in our
study are a 3-axis gyro, a 3-axis magnetometer and a sun-sensor.
The goal of energy manager on each node is to reduce the energy consumption of
the same node by increasing the sleep period of wireless transmitter. A component
level design for sensors scheduling can contribute to this goal by reducing the wireless communication frequency of the sensor nodes. The energy management scheme
is a decision making technique which can be implemented either centralized in the
fusion center or decentralized.
In the decentralized form, each sensor node schedules the time to establish a new
communication with central fusion. Therefore the wireless transmitter on the node
can be switched off or put in the sleep mode while a transmission is not required.
As soon as a new communication is mandatory, the sensor node wakes up its local
transmitter and submits the latest local measurement vector. During this communication window, the sensor may receive the latest updates about the spacecraft status,
and other global information which is locally required to schedule the next communication. This information can be simply measurement vectors made by other sensor
nodes. This scheduling approach is very suitable for ADCS due to slow dynamics of
spacecraft. Abrupt changes are not typically seen in ADCS sensors measurements
and the spacecraft state is predictable.

2.1 Communication standard
The features of communication standard plays a major rule in designing the architecture. It provides the tool to implement the scheduling scheme. In our previous work
we have already concluded that the family of standards based on IEEE 802.15.4 are

1173

FrAT1.4

Decentralized Energy Management for Spacecraft Attitude Determination

5

very convenient for OWSAN [2]. Therefore the proposed architecture is based on
employing a beacon-enabled mesh network such as ZigBee. This means that nodes
of the onboard network can only transmit inside of a predetermined time slot. In
beacon-enabled network, the network coordinator will periodically generate a super frame which is identified as a beacon frame. In OWSAN it is very practical
to assume that onboard computer is the network coordinator. the emission of the
super frame implies the use of time slots, every node must synchronize with the
super frame in the time domain. Each node is assigned a specific time slot that it
can use to transmit and receive data. A node will synchronize with the ZigBee coordinator’s beacons and wakes up just before the beacon is to be generated. Then it
performs its action inside the active time period and then goes back to sleep mode
[5]. These properties are very suitable for designing a decentralized energy management scheme for spacecraft ADCS.

3 Onboard decentralized architecture
To exploit the benefits of a decentralized architecture, different configuration can
be employed. In one configuration sensors directly communicate to each other. This
configuration can be very energy exhaustive because it naturally decreases the sleep
period of the local wireless transmitters. Also this configuration does not take benefit
of the availability of spacecraft onboard computer (OBC) as a node without severe
energy constraints. In second configuration, the communication between sensors
is established through the onboard computer. Here OBC contributes as a relay or
buffer to distributes the information between nodes and provide the network beacon. It waits to receive a request from a node and only then it transmits the latest
measurements vector or its best available estimate. Obviously any other node can
substitute OBC which increases the robustness. Also it is very convenient to accommodate attitude determination algorithm on OBC to maintain a global estimate of
spacecraft attitude. This enables OBC to provide extra information about spacecraft
attitude to the nodes. As a result, the onboard computer always holds the latest measurements available from the nodes. Nevertheless, the actual latest measurements
can be from different time instances or can be revised according to the dynamics
of the system. Thus, each sensor node has enough information about the status of
the attitude determination and can decide whether its local measurement vector can
be communicated at a lower frequency to the other nodes. Figure 3 shows different
components in a sensor node to facilitate implementation of the described scheme.
Such architecture shows the following advantages:
• Local estimates available in the sensor can be used for local decision making;
• The communication cost can be reduced by transmitting only when measurements are necessary;
• A distributed architecture can have further survivability in the event that the central unit fails;
• The computation load of the central unit can be reduced.
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Fig. 3 Structure of a sensor node in a decentralized architecture with local estimator and decision
maker.

Practically this decentralized configuration can be realized by implementing information filters in federated form. Being equivalent to the Kalman filter algebraically,
the information filter is easier to decentralize, initialize, and fuse than a Kalman
filter based fusion. The next section will formulate this idea.

4 Problem formulation
The solution to attitude determination of spacecraft with difference measurement
vectors from sensors can be approached by building a state estimation algorithm
based on Kalman filtering.

4.1 Kalman filter
For a system with linear process and observations models, a direct and close form
for Kalman filter can be derived. Linear state space formulation for such system
with state vector xn×1 and sensor measurement vector zm×1 in discrete form is
(
x(tk ) = F(tk−1 )x(tk−1 ) + v(tk−1 )
(1)
z(tk ) = H(tk )x(tk ) + w(tk )
here F(tk ) is a n × n matrix, H(tk ) is a m × n measurement matrix. v and w are white
noise vectors for process model and measurements. The noise vectors are assumed
to have Gaussian distribution with known properties. For this system, Algorithm 1
summarizes linear Kalman filtering algorithm.
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Algorithm 1 Standard Kalman filter algorithm. Here P is the error covariance matrix, K is the Kalman filter gain, S is the innovations covariance matrix, Q is the
covariance matrix of process noise and R is the covariance matrix of the measurement noise.
1. Initialization:
x̂(t0 ) = x0 , P(t0 ) = P0
2. Time update:
2.1. Project the system state ahead:
x̂k|k−1 (tk ) = F(tk−1 )x̂k|k (tk−1 )
2.2. Project the error covariance ahead:
Pk|k−1 (tk ) = F(tk−1 )Pk−1|k−1 (tk−1 )F(tk−1 )T + Q(tk−1 )
3. Measurement update:
3.1. Compute the innovations:
ε (tk ) = z(tk ) − H(tk )x̂k|k−1 (tk )
S(tk ) = H(tk )Pk|k−1 (tk )HT (tk ) + R(tk )
3.2. Compute the Kalman filter gain:
K(tk ) = Pk|k−1 (tk )HT (tk )S−1 (tk )
3.3. Update the state estimate with measurement z( tk ):
x̂k|k (tk ) = x̂k|k−1 (tk ) + K(tk )ε (tk )
3.4. Update the error covariance matrix:
Pk|k (tk ) = Pk|k−1 (tk ) − Pk|k−1 (tk )K(tk )H(tk )

4.2 Information filter
Kalman filter equations can be converted to information filter form which provides
numerical advantages for a decentralized architecture. The term information here is
applied in the Fisher sense and the formulation is expressed in term of the information measure about the states of the system rather than the direct state estimation
and its covariance. The formulation is based on reformulation of Kalman filter using
the following defined variables

−1


 Yk1 |k2 (tk ) := Pk1 |k2 (tk )

ŷ
−1
k1 |k2 (tk ) := Pk1 |k2 (tk )x̂k1 |k2 (tk )
.
(2)
i(tk ) := HT (tk )R−1 (tk )z(tk )



 I(t ) := HT (t )R−1 (t )H(t )
k

k

k

k

In this formulation ŷk1 |k2 is called information state vector, Yk1 |k2 is information
matrix, i is information state contribution from an observation z and I is its associated information matrix. With these definitions, linear information filter is shown
by Algorithm 2.
By observing Algorithm 2, we understand that the correction equations of information filter is computationally easier than that of Kalman filter. This property can
be used later in decentralizing the data fusion. Also it can be seen that there is no
gain and innovation covariance matrix involved in the computation. Also unlike the
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Algorithm 2 Standard Information filter algorithm
1. Initialization:
Y(t0 ) = P−1
0 , ŷ(t0 ) = Y(t0 )x0
2. Prediction:
2.1. Project the information state vector:
ŷk|k−1 (tk ) = Yk|k−1 (tk )F(tk−1 )Y−1
k−1|k−1 (tk−1 )ŷk−1|k−1 (tk−1 )
2.2. Project the information matrix:
−1
T
Yk|k−1 (tk ) = F(tk−1 )Y−1
k−1|k−1 (tk )F (tk ) + Q(tk )
3. Correction:
3.1. Compute the information state update:
ŷk|k (tk ) = ŷk|k−1 (tk ) + i(tk )
3.2. Compute the information matrix update:
Yk|k (tk ) = Yk|k−1 (tk ) + I(tk )

Kalman filter, the initial condition for the information state vector and information
matrix can be set to zero information which in practice can be a diagonal matrix
with small non-zero diagonal elements.

4.3 Decentralized Information filter
Consider the scheme presented in Figure 4. Each node generates its own observation
vector and also computes its local prediction of the process model. Therefore the
information from observation zi (tk ) and its associated information matrix for node i
are known. According to (2) on node i we have
ii (tk ) = HTi (tk )R−1
i (tk )zi (tk )
Ii (tk ) =

HTi (tk )R−1
i (tk )Hi (tk )

Fig. 4 Decentralized scheme
for OWSAN with two way
communication channels and
interconnected nodes.

1177

(3)
.

(4)
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The prediction formulas for node i will be
ŷi,k|k−1 (tk ) = Li,k|k−1 (tk )ŷi,k|k−1 (tk−1 )

(5)

T
Yi,k|k−1 (tk ) = F(tk−1 )Y−1
i,k−1|k−1 (tk )F (tk−1 ) + Q(tk )

with Li,k|k−1 being the local propagation coefficient defined as

−1

Li,k|k−1 (tk ) = Yi,k|k−1 (tk )F(tk−1 )Y−1
i,k|k−1 (tk−1 )

(6)

(7)

which is independent from all local observations. At this point, the local partial
correction of the information state vector on node i can be immediately found by
using the third step of Algorithm 2. It is called local partial correction because it
can be further improved by providing the information communicated from all other
nodes. If there is no information received from a node, the related information will
be simply replaced by zero. The local partial correction for node i is
y̌i,k|k = ŷi,k|k−1 (tk ) + ii (tk )

(8)

Y̌i,k|k = Yi,k|k−1 (tk ) + Ii (tk ) .

(9)

After sharing all local partial corrections between nodes the final local correction on
node i becomes
M

ŷi,k|k (tk ) = ŷi,k|k−1 (tk ) + ∑ y̌ j,k|k (tk ) − ŷi,k|k−1 (tk )
j=1
M



Yi,k|k (tk ) = Yi,k|k−1 (tk ) + ∑ Y̌ j,k|k (tk ) − Yi,k|k−1 (tk )
j=1

(10)


(11)

The same methodology can be used to derive the results when the process model is
not linear. In this case the local predictions can be calculated by
ŷi,k|k−1 (tk ) = Yi,k|k−1 (tk )f(x̂i,k−1|k−1 (tk−1 ))
(12)

−1
 −1
Yi,k|k−1 (tk ) = Φ x̂i,k−1|k−1 (tk−1 ) Yi,k−1|k−1 (tk )Φ T (x̂i,k−1|k−1 (tk−1 )) + Q(tk )

(13)

The local partial correction equations are similar to (10) and (11), respectively. Also
the final correction equations can be calculated by (8) and (9). However, the local
information parameters will change into

(14)
Ii (tk ) = ϒi T x̂i,k|k−1 (tk ) R−1 (tk )ϒi (tk )




(15)
ii (tk ) = ϒi T x̂i,k|k−1 (tk ) R−1 (tk ) εi (tk ) + ϒi x̂i,k|k−1 (tk ) x̂i,k|k−1 (tk )

where Φ and ϒ are Jacobian matrices for process and measurements model, similar
to the formulation of extended Kalman filter [8].
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εi (tk ) = zi (tk ) − hi x̂i,k|k−1 (tk )



.

(16)

4.4 Energy manager
We design the energy manager based on a property of estimation algorithm which
was described before. It can be shown that the measurements innovation vector ε (tk )
and state estimate error are both Gaussian random processes with zero mean. Therefore the following normalized quadratic functions have χ 2 distribution
Nε (tk ) = ε T (tk )S−1 (tk )ε (tk )
T

Nx̃ (tk ) = x(tk ) − x̂k|k (tk ) PTk|k (tk ) x(tk ) − x̂k|k (tk ) .

(17)
(18)

Nε (tk ) is an indication for the inconsistency of the measurements and has m degrees of freedom with m being the number of the independent measurements, while
Nx̃ (tk ) is a measure of the uncertainty level in estimating the states and has n degrees of freedom with n being the number of the states. We can use this stochastic
property of the innovation vector in combination with a decision maker to decide
if a new measurement vector is required locally to maintain the attitude estimation
performance or not. For this purpose, a decision maker based on hypotheses tests
can be employed. For our application, hypothesis H0 can be “the filter operation is
satisfactory” and hypothesis H1 is “the filter operation is not satisfactory”. The result of type I test error is a false alarm (FA) resulting in requesting for new sensor
measurements. The result of type II error will be a missed alarm (MA) which causes
an increase in the error of the Kalman estimation. To lower the energy consumption
it is desired to make sure that the probability of occurrence of type I error is as low
as possible. We have
PFA = P(H1 |H0 ) =
PMA = P(H0 |H1 ) =

Z

p(ζ |H0 ) dζ

(19)

Z

p(ζ |H1 ) dζ

(20)

ℵ1

ℵ0

where ζ is representing a test statistics and p(ζ |H0 ) is its conditional probability
density. The set ℵ0 is a region containing ζ while hypothesis H1 holds true. Similarly, set ℵ1 is a region containing ζ while hypothesis H0 holds true. Sets ℵ0 and
ℵ1 partition the observation space together. Also it can be seen that
PD = P(H1 |H1 ) =

Z

ℵ1

p(ζ |H1 ) dζ = 1 − PFA

(21)

A good decision making algorithm should be able to minimize a wrong decision in
both cases which is
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(22)

where PE is the probability of making an erroneous decision, P0 is the probability
that hypotheses H0 occurs and P1 is the probability of H1 occurrence. From energy
efficiency view, PFA in more expensive for the system, therefore a good decision
making system should provide a solution to lower the probability of requesting unnecessary measurements. The concept of confidence interval is often used which is
the probability that a test statistics falls in a known region, and is usually indicated
with a certain percentage. For the associated range of a given confidence interval a
threshold τ can be defined such that
PFA (τ ) = η

(23)

here η is expressed as a percentage and denotes the significance level. Then the
confidence level becomes 1 − η . Therefore a smaller significance level results in a
bigger threshold for the hypothesis tests in (19).
In OWSAN data fusion, the occurrence probability of either hypotheses are not
known beforehand. In such case we can use Neyman-Pearson decision making
method. The goal is to maximize PD for an arbitrary probability of PFA . To obtain a
trade-off between PFA and PMA we can try to minimize the following cost function
F = PMA + τ (PFA − η ) = τ (1 − η ) +

Z

ℵ0


p(ζ |H1 ) − τ (ζ |H0 ) dζ

(24)

with τ ≥ 0 being the Lagrange modifier. The result of minimization and applying
the likelihood ratio test leads to the Neyman-Pearson hypotheses test as follows
V (ζ ) =

H
p(ζ |H1 ) 1
≷τ
p(ζ |H0 )
H0

(25)

The threshold is the Lagrange multiplier τ which is chosen such that satisfies the
significance level η
PFA =

Z

ℵ1

p(ζ |H0 ) dζ =

Z ∞
τ

p(ζ |H0 ) dζ = η

(26)

We can apply this decision making rule to the measurement innovations or state
estimate errors to decide about the necessity of a new measurement vector from
a specific sensor node. To enable this, we need to identify the probability density
function p(ζ ) for hypotheses H0 and H1 . This will enable decision making in the
local level and global level for both centralized and decentralized architecture. For
example, we consider a sequence of one dimensional n residuals of local Kalman
filter on one of OWSAN nodes. This sequence has Gaussian distribution with unknown mean µ but known variance σ 2 . µ can be either equal to µ0 (hypothesis H0 )
or µ1 (hypothesis H1 ), and µ1 > µ0 . The likelihood of the observation is
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1
( ζi − µ ) 2
1
∑ ( ζi − µ ) 2
exp(− i
)= √
)
p(ζ |µ ) = ∏ √
exp(−
2
2σ
2σ 2
2πσ
( 2π )n σ n
i
1
nµ 2
nµ ζ̄
∑ ζi
= √
exp(− 2 ) exp(− 2 ) exp(− i 2 )
n
n
2σ
2σ
2σ
( 2π ) σ

(27)

The ratio of likelihood from Neyman Pearson test is
V (ζ ) =

p(ζ |µ1 )
n(µ1 − µ0 )ζ̄
= K exp(
)
p(ζ |µ0 )
σ2

(28)

where ζ̄ is the mean of ζ . According to Neyman-Pearson, H0 should be rejected if
the following condition holds
exp(

n(µ1 − µ0 )ζ̄
)>τ
σ2

(29)

4.5 Dealing with missing measurements
By operating the described energy manager on each node, the local estimators will
not receive measurement vectors at full rate, therefore the estimator will become
suboptimal. This is inevitable and can question the stability of the Kalman filter (or
information filter). This phenomena is similar to the problem studied by Faridani
[7] and Sinopoli et al. [16] and is addressed by Liu and Goldsmith [10]. Liu and
Goldsmith have calculated an upper and lower bound for the transmission rate of
the measurements which guarantees the stability of the estimator.

4.6 Decentralized energy manager
We consider a system with only two sensor nodes and OBC as the relay and buffer.
On the sensor node 1, local measurements are generated with the nominal sampling
rate f1,1 and immediately communicated to OBC and node 2. The local estimator
on node 1 maintains a global model of the system and all system statistics and
according to (10) and (11). parameters up to time tk . Therefore it can compute a local
prediction of spacecraft states at time tk with its error covariance matrix which are
x̂i,k|k−1 (tk ) and Pi,k|k−1 (tk ). Furthermore, it can predict its own observation vector
ẑ1,k|k−1 (tk ) and node 2’s observation vector ẑ2,k|k−1 . Also it can compute its own
local partial information state vector y̌1,k|k and its information matrix Y̌1,k|k−1 . Each
node runs a local energy management algorithm. In this scheme, the local energy
manager on node 1 is only concerned about reducing the sampling rate of sensor 1. It
uses a decision maker based on hypothesis tests to evaluate possibility of reducing
the sampling rate of the sensor by evaluating the statistical properties of its local
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Algorithm 3 Decentralized energy manager algorithm
1. Initialization:

x̂(t0 ) = x0 , P(t0 ) = P0 , γk,i = 1 fi = fi,1 , ž(t0 ) = z0 , Ri (t0 ) = Ri,0
H0 = ADCS estimation is accurate enough;
H1 = ADCS estimation is not accurate enough;

2. Prediction:
2.1. Project the system state and information state ahead:
x̂k|k−1 (tk ) = F(tk−1 )x̂k|k (tk−1 );
ŷi,k|k−1 (tk ) = Li,k|k−1 (tk )ŷi,k|k−1 (tk−1 );
2.2. Project the error covariance and information matrix ahead:
Pk|k−1 (tk ) = F(tk−1 )Pk−1|k−1 (tk−1 )F(tk−1 )T + Q(tk−1 );
−1
T
Yi,k|k−1 (tk ) = F(tk−1 )Y−1
i,k−1|k−1 (tk )F (tk−1 ) + Q(tk )
2.3. Project the sensor measurement of the local sensor ahead:
ẑi,k|k−1 (tk ) = Hi (tk )x̂k|k−1 (tk );
3. Decision making and correction:
3.1. If sensor observation vector zi,k (tk ) is available set γi,k = 1 and:
3.1.1. Compute the innovation vector and its covariance:
εi (tk ) = zi (tk ) − ẑk|k−1 (tk );
Si (tk ) = Hi (tk )Pk|k−1 (tk )HTi (tk ) + Ri (tk ).
3.1.2. Run decision maker test and accept H0 or H1 :
H1
ζi |H1 )
≷τ
Vi,k (ζ ) = p(
p(ζi |H0 )
H0
3.1.3. Determine the
 sampling rate for the sensor:
fi,1 , if H0 is true;
fi =
fi,2 , if H1 is true.
3.1.4. Compute information of the the new measurement:
ii (tk ) = HTi (tk )R−1
i (tk )zi (tk )
Ii (tk ) = HTi (tk )R−1
i (tk )Hi (tk )
3.2. If sensor observation vector zi,k (tk ) is NOT available:
ii (tk ) = 0 , Ii (tk ) = 0;
3.3. Compute the local partial corrections (see (8) and (9)):
y̌i,k|k = ŷi,k|k−1 (tk ) + ii (tk )
Y̌i,k|k = Yi,k|k−1 (tk ) + Ii (tk )
3.4. Interchange the the local partial corrections with other nodes
3.5. Compute the final local correction:

ŷi,k|k (tk ) = ŷi,k|k−1 (tk ) + ∑M
j=1 y̌ j,k|k (tk ) − ŷi,k|k−1 (tk )

Yi,k|k (tk ) = Yi,k|k−1 (tk ) + ∑M
j=1 Y̌ j,k|k (tk ) − Yi,k|k−1 (tk )

measurements. Algorithm 3 presents the operation of decentralized energy manager
on an OWSAN node .
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Table 1 Simulation parameters for benchmark pointing scenario.
Parameter

Value

Unit

Ts = 1
 [second]
0.002 0
0
 [kg/meter2 ]
0.002 0
Inertia tensor
I=0
0 0
0.002

0.01
ω =  −0.01 
[rad/second]
Initial rotation rate
0.01
 T
0
0

Initial attitude
q0 = 
0

 1
0.4496
 0.2375 

Target attitude (pointing scenario)
qset = 
 0.1692 
0.8463
Simulation step



5 Experimental results
The simulations are carried on by SpaceTool simulation environment which is a
Matlab/Simulink toolbox. Design and development of this toolbox was initiated in
2003 as a simulation tool for AAUSAT-II CubeSat in Aalborg university [1]. Later
on the toolbox design was revisited and extended in the context of the MicroNED
MISAT project at Aerospace Engineering faculty of Delft University of Technology.
Previous generations of this tool were used in design and development of AAUSATII and Delfi-C3 CubeSats. Validity of the majority of the models were internally verified against EuroSim designed by Dutch Space BV and Spacecraft Control Toolbox
(SCT) developed by Princeton Satellite Systems.
We assumed a simulation scenario based on a small CubeSat size spacecraft in
LEO orbit. The minimum required ADCS precision is chosen as 0.5 degree (absolute error). The simulation is ran while the spacecraft is out of eclipse. The performance of proposed decentralized energy manager is tested in a pointing scenario,
where the spacecraft shall point at a specific direction. The designed maneuver represents a (30◦ − 15◦ − 60◦ ) rotation. A linear-quadratic regulator (LQR) is designed
to control the attitude with aid of a set of three reaction wheels. The aim is to maintain the performance of attitude determination and reduce wireless transmission activity. For this simulation, we consider a set of a 3-axis gyroscope, 3-axis magnetometer and six sun sensors as ADCS sensors. The models of the sensors are
√ generic.
For the magnetometer, an accuracy of 10nT with noise level of 100pT / Hz is accounted for simulations. The sun sensor accuracy is assumed to be better than 0.03
degree and the gyro noise level is chosen to be 10−5 . These assumptions are close
to those of state-of-art sensors which are commonly used in small spacecraft.
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Table 2 Attitude estimation results in pointing scenario without energy manager. Subscripts y, p
and r refer to yaw, pitch and roll consequently.
Parameter

Value

Convergence time
(Error less than 0.5 degree)

τy = 15
τ p = 16
τr = 15
µy = 0.05
µ p = 0.00
µr = 0.01
σy = 0.14
σ p = 0.12
σr = 0.07

Estimation error mean
(after convergence)
Estimation error std.
(after convergence)

Unit
[second]
[second]
[second]
[degree]
[degree]
[degree]

A quaternion representation of attitude is used in designing Kalman and information filters. The results are transformed to Euler angles to ease the comparison.
The rotation sequence Z-Y-X (or so called 3-2-1) is chosen for the transformations.
Table 1 shows the employed simulation parameters. The first simulation results
as shown in Fig. 5 depicts the performance of ADCS while the energy management
scheme is deactivated. This result shows that ADCS can successfully meet the determination accuracy requirements while the sensors are used at full rate with the
nominal sampling rate.
Table 2 presents different results of attitude estimation in this benchmark scenario. The mean of estimation error is close to zero for yaw, pitch and roll, which
shows that the estimation is unbiased and filter is performing as expected. In the next
simulations, we have activated our decentralized energy manager scheme (see Algorithm 3). Each node computes the local estimation of the attitude, performs decision

EKF estimation error in pointing scenario without energy manager
2.5
0.5 degree threshold
Error in yaw
Error in pitch
Error in roll

2
1.5

Error [degree]

1
0.5
0
−0.5
−1
−1.5
−2
−2.5

0

50

100

150

200
Time [second]

250

300

350

Fig. 5 Simulation result showing the attitude estimation error in pointing scenario.
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making based on hypothesis tests, and decides on the necessity of transmitting local
measurement vectors. Also we have placed a federated ADCS estimation algorithm
on OBC to compare the results of local attitude estimations with the global one.
Figures 6, 7 and 8 shows the result of local attitude estimations. Comparing this
results with Fig. 9 shows that the ADCS performance on each nodes is quite comparable to the federated result at OBC. Also we can see that all estimators show a
quick convergence and meet the ADCS accuracy requirements.
Table 3 presents the characteristics of the local estimators on each node. Similar
to the benchmark test, the mean of the estimation residuals are very close to zero
which refers to the healthy operation of the estimators. The status of wireless transmitter of nodes are shown in Fig. 10. ’ON’ status means that the sensor’s wireless
transmitter is activated, while ’OFF’ means that it is switched to off or sleep mode.
In ’ON’ mode, the node makes a local measurement vector, establishes a connec-

Local estimation error at sunsensor node in pointing scenario with a decenetralized energy manager
2.5
0.5 degree threshold
Error in yaw
Error in pitch
Error in roll

2
1.5

Error [degree]

1
0.5
0
−0.5
−1
−1.5
−2
−2.5

0

50

100

150

200
Time [second]

250

300

350

400

Fig. 6 Simulation results of local attitude determination in sun sensor while decentralized energy
manager scheme is operational.
Table 3 Attitude estimation results in pointing scenario with decentralized energy manager. Subscripts y, p and r refer to yaw, pitch and roll, and subscripts SS, MM and G denote sun sensor,
magnetometer and gyro, respectively.
Parameter

Value

Convergence time
(Error less than 0.5 degree)

τSS,y = 16 , τMM,y = 16 , τG,y = 16
τSS,p = 15 , τMM,p = 15 , τG,p = 15
τSS,r = 15 , τMM,r = 14 , τG,r = 15
µSS,y = 0.01 , µMM,y = 0.00 , µG,y = 0.00
µSS,p = 0.00 , µMM,p = 0.00 , µG,p = 0.00
µSS,r = 0.00 , µMM,r = 0.00 , µG,r = 0.00
σSS,y = 0.14 , σMM,y = 0.14 , σG,y = 0.16
σSS,y = 0.08 , σMM,y = 0.07 , σG,y = 0.07
σSS,y = 0.09 , σMM,y = 0.08 , σG,y = 0.11

Estimation error mean
(after convergence)
Estimation error std.
(after convergence)

Unit

1185

[second]
[second]
[second]
[degree]
[degree]
[degree]

FrAT1.4

Decentralized Energy Management for Spacecraft Attitude Determination

17

Information filter estimation error at magnetometer node in pointing scenario with a decenetralized energy manager
2.5
0.5 degree threshold
Error in yaw
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Error in roll
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Error [degree]
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−2
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200
Time [second]
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Fig. 7 Simulation results of local attitude determination at magnetometer node while decentralized
energy manager scheme is operational.

tion to OBC and transmits the local information vector and local information matrix
accordingly. It also receives the relayed information from other sensor nodes. In
’OFF’ mode, the local microprocessor continues operation of its information filter
without receiving new information vectors from other sensors. We can observe that
all sensors are frequently employed during the initial moments of the simulation
and then the frequency of activation is remarkably reduced after the convergence
of the estimators for two of the sensors. It can be observed that the gyro has been
switched to ’OFF’ mode during 33.5% of the operation time and the sun sensor has
been deactivated for 25.5% of the simulation period. This percentage is about 2.5%
for the magnetometer sensor. We can observe that the magnetometer has been more

Information filter estimation error at gyro node in pointing scenario with a decenetralized energy manager
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0.5 degree threshold
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Time [second]
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Fig. 8 Simulation results of local attitude determination at gyro node while 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
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200
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250
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400

Fig. 9 Simulation result of attitude determination at OBC. A federated information filter is used
to produce attitude determination results at OBC for pointing scenario when decentralized energy
management scheme is regulating the communication activity of sensor nodes.

frequently activated comparing to the other two sensors. This could be due to noise
characteristics of the magnetometer which is relatively high comparing to the other
two. We can conclude that by employing more accurate sensors the performance of
energy management scheme can be positively affected.

6 Conclusion
In this paper we introduced a decentralized energy management architecture for
a spacecraft onboard wireless sensor network. Our decentralized scheme is integrated with the attitude determination system of spacecraft. The proposed approach
is based on using decentralized information filter as an estimation method at the
sensor nodes. Based on the filtering results, a local energy manager issues the next
transmission time to activate the wireless transmitter and send local information to
other nodes and the data fusion center. We showed that our energy manager can be
realized by using statistical approaches and hypothesis testing. We showed that in a
spacecraft pointing scenario, our proposed energy management scheme can reduce
the onboard wireless transmission activity which directly reduces the overall energy
consumption. The presented simulation results show about 25% to 33% reduction in
wireless communication activities of two ADCS sensors which implies a significant
improvement in energy efficiency of the sensors.
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Status [boolean]

Status of sunsensor governed by decentralized energy manager in pointing scenario
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(a) Sun sensor activation status
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Status of magnetometer governed by decentralized energy manager in pointing scenario
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(b) Magnetometer activation status
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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 simulation.
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