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Solar arrays are the main source of energy to the on-orbit satellite, whose output power largely determines the life cycle of on-
orbit satellites. Monitoring and further forecasting the output power of solar arrays by using the real-time observational data are
very important for the study of satellite design and on-orbit satellite control. In this paper, we firstly describe the dynamical model
of output power with summarizing the influencing factors of attenuation for solar arrays and elaborating the evolution trend of
influencing factors which change with time. Based on the empirical model, a particle filtering algorithm is formulated to predict
the output power of solar arrays and update the model parameters, simultaneously. Finally, using eight-year observational data of
voltage and current from a synchronous on-orbit satellite, an experiment is carried out to illustrate the reliability and accuracy of
the particle filtering method. Comparative results with classical curve fitting also are presented with statistical root mean square
error and mean relative error analysis.

1. Introduction

Solar arrays (SA) are the main source of energy to the
on-orbit satellites, whose output power determines the life
cycle of satellites in use to a great extent. In the whole life
cycle of satellite, the power of satellite load’s demand does
not change significantly, while the SA output power decays
constantly. At the initial and middle stages of satellite life,
the power demand of satellite load is less than the SA output
power, which can make sure of the power balance of on-orbit
satellite. However, when the satellite is in the end stage of life,
the attenuation of SA output power is obvious which may
affect the normal operation of the satellite [1, 2]. Therefore, it
is a very important work in the areas of satellite design and
on-orbit satellite control to study the attenuation model of
output power, to dynamically update the model based on the
real-time observational data of power, and further to predict
the output power.

Prediction models about the attenuation of SA output
power can be divided into three categories, which are the
data-driven prediction method, prediction method based on
model, and dynamic prediction method based on model and
data. Among them, data-driven prediction methods, such as
the Autoregressive Moving Average model (ARIMA), neural
network, and other methods of pattern recognition, have
been proved applicative to both diagnostics and prognostics
in many fields [3, 4], but those methods make it hard to
establish a general empirical model about SA output power
varying with time. Main tasks of prediction methods based
on model are to analyze the influencing factors of SA output
power attenuation and their effect on power and further
to establish an empirical model about SA output power
varying with time, through a lot of simulation and historical
measurement data. Then according to data from a specific
system and using curve fitting to estimate the parameters
of the empirical model, the concrete formula of SA output
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power varying with time can be obtained, by which the
output power at any time point can be achieved [2, 5]. This
method actually belongs to static modeling. However, with
the SA running in the complicated space environment and
subjecting to a number of uncertain factors, such as particle
radiation and ultraviolet irradiation, it is difficult to meet the
forecast accuracy requirement with the static model. So that
satellite life could not be accurately predicted by prediction
methods based on model. On the basis of the empirical
model, dynamic prediction methods, such as the Extended
Kalman Filter (EKF) [6, 7] and particle filter (PF) [8, 9],
can dynamically updatemodel parameters and predict output
power simultaneously using historical data. And PF could be
a solution to the nonlinear and dynamic model with non-
Gaussian noise. Therefore, to the nonlinear and dynamic SA
output power model with non-Gaussian noise, the method
based on PF will be a perfect selection.

This paper summarizes the influencing factors of SA
power attenuation, elaborates the factors’ trend with time
and their effect on output power, and further describes the
empiricalmodel about output power varyingwith time. Next,
it puts forward the algorithm of PF dynamic prediction based
on the empirical model and historical data. By using the
algorithm,model parameter updating and output power real-
time prediction can be carried out. Finally, using eight years
data of SA voltage and current from a synchronous satellite
in orbit, the validity of empirical model about the attenuation
of SA output power varying with time was verified based
on curve fitting. In addition, the reliability and accuracy
of the dynamic prediction method based on PF in model
parameters updating and output power real-time prediction
were also proved out.

2. Empirical Model

SA output power is changing along with three impact factors,
which are the solar sunlight intensity, solar incident angle,
and attenuation factor [2]. The first two parts can be got
through the orbit calculation and have a changing trend
with annual cycle, which makes the SA output power change
with a cycle of one year as well. Attenuation factor is the
comprehensive of particle radiation, ultraviolet irradiation,
micrometeoroid collision, and alternating between cold and
hot, and so on [10]. It can be captured through a series of
simulations about SA on the ground, like particle radiation
experiment or through analyzing remote sensing data from
on-orbit satellite [4]. Based on the method of analyzing on-
orbit data to estimate the empirical model, the empirical
model of SA output power [2, 5, 11] can be described as
follows:

𝑃 = 𝑉𝐼 = 𝑃
0
𝐽 cos (𝜃) 𝜂, (1)

where𝑉 and 𝐼 denote comprehensive SA voltage and current
in orbit. 𝑃 and 𝑃

0
show output power and the maximum

output power of SA on-orbit. 𝐽, 𝜃, and 𝜂 denote the solar
sunlight intensity coefficient, solar incident angle, and atten-
uation factor, respectively.

Since the space environment is very complex, the envi-
ronmental impact on SA is shown in Table 1.

The earth runs along an elliptic orbit with the sun as
the center and a cycle of one year, so that the solar sunlight
intensity coefficient 𝐽 changes with annual cycle as well,
as shown in formula (2). The solar incident angle 𝜃 is the
included angle between the vector of sunlight incident and
the SA normal vector. And because of the fact that the earth
executes revolution and rotation at the same time, 𝜃 changes
between −23.44∘ and 23.44∘ with annual cycle, as shown in
formula (3).

𝐽 (𝑡) =
1354 + 45 cos ((𝑡 + 𝑇

0
) (360

∘
/365.25))

1353
, (2)

𝜃 (𝑡) = arcsin(sin (23.44∘) sin [(𝑡 + 𝑇
0
+ 101)

360
∘

365.25
]) ,

(3)

where 𝑡 denotes the number of days of SA in orbit and 𝑇
0

shows the day difference between the date of spacecraft first
into space and January 3 in the same year.

Set the initial time that is the date of spacecraft first into
space as January 1 in a year, namely, 𝑇

0
= 2. The trend of 𝐽

and 𝜃 varying with the days of SA on-orbit, from January 1
in the first year to December 31 in the eighth year, is shown
in Figures 1 and 2, respectively. If not specified, the unit of
abscissa of each graphic shown in this paper is “days of SA
on-orbit 𝑡.”

The exponential function concerning days of SA on-orbit
𝑡 can represent the variation of 𝜂, as shown in the following:

𝜂 (𝑡, 𝜉, 𝜎) = 𝜉 + (1 − 𝜉) 𝑒
−𝑡/𝜎

, (4)

where 𝜉 and 𝜎 are the parameters to donate the trend
of attenuation factor index change. Supposing that from
January 1 in the first year to December 31 in the eighth year,
parameters of 𝜉 and 𝜎 remain unchanged. Set 𝜉 = 0.696 and
𝜎 = 1000, and the trend of 𝜂 varying with 𝑡 is shown in
Figure 3.

According to formulas from (1) to (4), the empirical
model about 𝑃 varying with time 𝑡, which is exponential
decay along with 𝑡 and periodic variation with a cycle of one
year, can be obtained. Therefore, at any time point of 𝑡, the
empirical model about 𝑃 only exists 2 unknown parameters.
If the two parameters can be accurately estimated through
analysis of on-orbit historical data, it can predict𝑃 in the next
point of time accurately.

Based on the simulation shown from Figures 1 to 3, the
trend of SAoutput power𝑃 varying alongwith 𝑡 can be shown
in Figure 4 from January 1 in the first year to December 31 in
the eighth year, when setting 𝑃

0
as 1100 (W).

3. Dynamic Prediction Based on PF

SA output power model is a nonlinear and dynamic model
with non-Gaussian noise. In Section 2, it has been indicated
that attenuation factor is the comprehension of many uncer-
tain factors. In the ideal state, 𝜉 and 𝜎 in the function of
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Table 1: Impact factors on SA output power.

Impact factors Main relevant influencing factors The trend varying with the days
of SA on-orbit The relation to the output power

Solar sunlight intensity
coefficient

The direction of the sun
Trigonometric variation with a
cycle of one year

Impact factor determining the
periodic change with a cycle of
one year

Distance between the Earth and
the Sun

Solar incident angle Solar incident angle

Attenuation factor

Particle radiation

Exponential decay
Impact factor determining the
attenuation along with the
number of days of SA in orbit

Ultraviolet irradiation
Micro meteoroid collision
Alternating between cold and hot
Space pollution to SA
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J

Figure 1: The trend of solar sunlight intensity coefficient 𝐽.
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Figure 2: The trend of solar incident angle 𝜃.

attenuation factor varying with days of SA on-orbit remain
unchanged; namely, that attenuation factor is determined
only by days of SA on-orbit. Obviously, it goes against the
practical situation that the space environment is very compli-
cated and the environmental impact on SA is comprehensive,
so that it cannot reflect the dynamic trend of SAoutput power.

ThePFmethod constantly adjusts theweight and position
of particles according to the real-time observed data and then
modifies the conditional distribution of particles to estimate
the related parameters and the state of system.This algorithm
is one of recursive filtering algorithms, which can be used to
estimate the state and parameters regarding arbitrary non-
linear and non-Gaussian random system. Therefore, it can
solve the problem of SA output power model updating and
output power prediction perfectly. The dynamic prediction
algorithmof SAoutput power based onPF [8, 9] is introduced
below.

PF regards both the unknownparameters of the empirical
model and the real-time prediction results of output power
as the PF state equations and treats the real-time observation
of output power as the observation equation. First of all, the
state of particles update can be denoted in formula (5) and
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Figure 3: The trend of attenuation factor 𝜂.
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Figure 4: The trend of SA output power 𝑃 (unit of ordinate: W).

(6). Next, on the premise that the probability distribution of
the observation noise and the results of particle prediction
are approximate, the probability distribution function of
observation noise is regarded as that of particle prediction
results, in order to estimate the weight of particles, as
shown in formula (7). Thirdly, particles are reselected, to
particles with a bigger weight, and more sampling will be
executed, while little or no sampling will be done to particles
with smaller weight. Then according to formula (8), the
model parameters can be updated and the output power
can be predicted. Repeat operations mentioned above, to
implement the correction of model parameters and output
power prediction in the next moment, as shown in Figure 5.
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unknown parameters 

Construct state 
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observation
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Resample the particles to 

update model parameters and 
predict the output power𝜉 and 𝜎 equation of particlesof particles

Figure 5: The process of model parameters updating and output power prediction based on PF.

Set the initial value of unknown parameters 𝜉 and 𝜎

in the empirical model as 𝜉
0
and 𝜎

0
, respectively. 𝜉

𝑖+1
and

𝜎
𝑖+1

represent the updating values of model parameters at
the time point 𝑖. Both process noise and observation noise
obey normal distribution, and they are described as 𝑛

𝑝
∼

𝑁(0, 𝑠
𝑝
) and 𝑛

𝑚
∼ 𝑁(0, 𝑠

𝑚
), and the number of particles

is set as 𝑙. At the time point 𝑖, the actual measured value,
the predicted value, and derivative of the output power are
denoted as 𝑃

𝑖
, �̃�
𝑖+1

, 𝑑𝑃
𝑖
/𝑑𝑡, respectively. The related formulas

of PF algorithm show are below.
According to the conservation relationship, we can define

the state equations as follows:

𝜉 (𝑖 + 1, 𝑗) = 𝜉 (𝑖, 𝑗) + 𝑛
𝑝
, 𝜉 (0, 𝑗) = 𝜉

0
+ 𝑛
𝑝
,

𝜎 (𝑖 + 1, 𝑗) = 𝜎 (𝑖, 𝑗) + 𝑛
𝑝
, 𝜎 (0, 𝑗) = 𝜎

0
+ 𝑛
𝑝
,

�̃�
𝑖+1
(𝑖 + 1, 𝑗) = 𝑃

𝑖
+
𝑑𝑃
𝑖

𝑑𝑡
Δ𝑡 + 𝑛

𝑝
,

𝑖 = 0, 1, 2, . . . ; 𝑗 = 1, 2, . . . 𝑙,

(5)

and the output power is defined as the observation variable,

𝑃
𝑖+1

= 𝑃
𝑖+1

+ 𝑛
𝑚
, 𝑖 = 0, 1, 2, . . . (6)

Through the output power �̃�, we update the weight of
particles as follows:

𝑤 (𝑖 + 1, 𝑗)=
𝑤 (𝑖 + 1, 𝑗)

∑
𝑙

𝑗=1
𝑤 (𝑖 + 1, 𝑗)

, 𝑖=0, 1, 2, . . . ; 𝑗=1, 2, . . . 𝑙,

𝑤 (𝑖 + 1, 𝑗) =
1

√2𝜋𝑠
𝑚

𝑒
−(�̃�𝑖+1(𝑖+1,𝑗)−𝑃𝑖+1)

2

/2𝑠𝑚
2

.

(7)

By the weight of particles, we can update the model parame-
ters and predict the output power,

𝜉
𝑖+1

=

∑
𝑙

𝑗=1
𝑐
𝑗
𝜉
𝑖+1
(𝑖 + 1, 𝑗)

𝑙
, 𝜎

𝑖+1
=

∑
𝑙

𝑗=1
𝑐
𝑗
𝜎
𝑖+1

(𝑖 + 1, 𝑗)

𝑙
,

�̃�
𝑖+1

=

∑
𝑙

𝑗=1
𝑐
𝑗
�̃�
𝑖+1
(𝑖 + 1, 𝑗)

𝑙
, 0 ≤ 𝑐

𝑗
≤ 𝑙,

𝑙

∑

𝑗=1

𝑐
𝑗
= 1, 𝑖 = 0, 1, 2, . . . ; 𝑗 = 1, 2, . . . 𝑙.

(8)

If the label of parameters or the output power is (𝑖, 𝑗), it
denotes the value of corresponding particle whose label is 𝑗 at

the time point 𝑖. 𝑐
𝑗
shows times that the particle whose label

𝑗 is reselected. Δ𝑡 is a constant, Δ𝑡 = 𝑡
𝑖+1

− 𝑡
𝑖
, and 𝑡

𝑖
denotes

days of SA on-orbit at time point 𝑖. In (8), the parameter 𝑐 is
the frequency of the particle, and the particlewhich is selected
more frequently has the more weight: namely, the parameter
𝑤 is bigger.

4. Experimental Results

Wecalculated SAoutput power by using 8-year data of SA on-
orbit voltage and current data from January 1 in the 1st year to
December 31 in the 8th year stemming from a synchronous
on-orbit satellite. Then, considering the minimum unit of
time as half a month, we calculated and captured the mean
sequence of output power. Based on the mean sequence of
output power obtained above from 8 years of SA on-orbit,
we combined the empirical model, as described in Section 2,
with dynamic prediction method based on PF to update
parameters of the model and predicted the real-time output
power. And through several times of simulations, themethod
is proven to be reliable and accurate in output power forecast.

4.1. The Description of Simulation Data. We used formula (1)
𝑃 = 𝑉𝐼 to calculate SA output power, and the results are
shown in Figure 6, and we set the minimum unit of time as
half a month, and then we calculated and captured the mean
sequence of output power using formula (1)𝑃 = 𝑉𝐼, as shown
in Figure 7.

4.2. Modeling and Analysis. Based on the mean sequence
of SA output power described before, we used the method
of curve fitting to estimate the value of 𝜉 and 𝜎. With
the root mean square error (RMSE) and the mean relative
error (MRE) of attenuation factor fitting as the standards,
we verified the validity of the empirical model about the
attenuation of SA output power. Then, we adopted the
proposed dynamic prediction method based on PF to update
model parameters and predicted the real-time output power.
Through several times of simulations and summarizing the
statistical data of RMSE andMRE on output power real-time
prediction, the method is proven to be reliable and accurate
in output power forecast.

4.2.1. Estimation Model Parameters Based on Curve Fitting.
We can get the actual value of attenuation factor by nor-
malizing the SA output power by the solar sunlight intensity
and solar incident angle, as shown in formula (9). Next, in
accordance with formula (4), we can estimate the value of 𝜉
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Figure 6: The eight years of original SA output power (unit of
abscissa: hour; unit of ordinate: W).
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Figure 7:The mean sequence of SA output power (unit of ordinate:
W).

and 𝜎 using curve fitting and get the optimal results 𝜉
0
and

𝜎
0
, 𝜉
0
= 0.696, 𝜎

0
= 1278.375, as shown in Figure 8:

𝜂 (𝑡, 𝜉, 𝜎) =
𝑃 (𝑡)

𝑃
0
⋅ 𝐽 (𝑡) cos (𝜃 (𝑡))

. (9)

Among them, 𝑃(𝑡) denote the actual value of output
power in time point 𝑡 of SA on-orbit.

The error RMSE and MRE were 0.09064 and 0.095909,
respectively, so that the fitting effect is good; that is to say that
the attenuation factor changes with a tendency of exponential
attenuation over SA on-orbit time 𝑡, indicating that the
empirical model described in Section 2 shows the trend of
output power attenuation of SA on-orbit perfectly.

4.2.2. Dynamic Prediction Based on PF and the Results Analy-
sis. By using the proposedmethod described in Section 3, we
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Figure 8: Contrast diagram of the actual fitted value about 𝜂.
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Figure 9: Real-time prediction results (Unit of ordinate: W).

predicted the output power and updatedmodel parameters in
time. Prediction results of SA output power and attenuation
factor are shown in Figures 9 and 12, respectively. And
the real-time renewal processes of model parameters 𝜉 and
𝜎 were shown in Figures 10 and 11, in which 2 methods,
named after fixed empirical model and PF dynamic model
respectively, were shown. To the fixed empirical model, the
model parameters 𝜉 and 𝜎 are all fixed and equal to the
optimal value 𝜉

0
and 𝜎

0
mentioned before, as shown in

Figures 10 and 11 with red “∗”. In contrast with the actual
value and the results of fixed empiricalmodel, it is known that
through dynamic correction of empirical model according to
historical data acquired in time, this proposedmethod ideally
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Figure 10: Estimated value of 𝜉.
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Figure 11: Estimated value of 𝜎.

forecasts the output power and attenuation factor, as shown
in Figures 9 and 12.

The statistical data of RMSE and MRE on output power
real-time prediction is summarized by several times of
simulations based on dynamic prediction PFmethod, and the
results are that the mean of RMSE and MRE were 23.9516
and 0.0189, respectively, and that the fluctuation variance
of RMSE and MRE were 0.5551 and 0.000502, respectively.
Therefore, the output prediction method is not only accurate
but also has high stability; namely, thismethod has both good
reliability and accuracy in output prediction. The prediction
error of dynamic prediction model based on PF and fixed
empirical model was shown in Table 2. Consequently, the
dynamic prediction model based on PF proposed in this

Table 2: Prediction error.

Prediction method RMSE MRE
Fixed empirical model 86.8747 0.082066
PF dynamic model ≈23.9516 ≈0.0189
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Figure 12: Estimated value of attenuation factor 𝜂.

paper is more suitable to describe the trend of output power
and the attenuation factor varying with time.

5. Conclusion

This paper summarizes the influencing factors concerning
the attenuation of solar arrays output power, elaborates the
factors’ trend with time and their effect on power, and further
describes the empirical model about output power varying
with time. Besides, it puts forward the algorithm of particle
filter dynamic prediction based on the empirical model and
historical data. By using the algorithm, model parameter
updating and output power real-time prediction can be car-
ried out. Finally, using eight years data of solar arrays’ voltage
and current from a synchronous satellite in orbit, the validity
of empirical model about the attenuation of solar arrays
output power varying with time was verified based on curve
fitting.Then the proposed dynamic prediction method based
on particle filter is used to update model parameters and
predict the real-time output power. Through several times
of simulations, it indicates that through dynamic correction
of empirical model according to historical data acquired in
time, this method can ideally forecast the output power and
attenuation factor, proving out the reliability and accuracy of
particle filter dynamic model in model parameters updating
and output power real-time prediction. It is of important
reference value in the areas of satellite energy measurement
prediction.The results canmake a contribution to the satellite
design and on-orbit satellite control.
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