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Abstract: The orbital characteristics of low Earth orbit (LEO) satellite systems prevent continuous
monitoring because ground access time is limited. For this reason, the development of simulators
for predicting satellite states for the entire orbit is required. Power-related prediction is one of the
important LEO satellite simulations because it is directly related to the lifespan and mission of the
satellite. Accurate predictions of the charge and discharge current of a power system'’s battery are
essential for fault management design, mission design, and expansion of LEO satellites. However,
it is difficult to accurately predict the battery power demand and charging of LEO satellites because
they have nonlinear characteristics that depend on the satellite’s attitude, season, orbit, mission, and
operating period. Therefore, this paper proposes a novel battery charge and discharge current
prediction technique using the bidirectional long short-term memory (Bi-LSTM) model for the
development of a LEO satellite power simulator. The prediction performance is demonstrated by
applying the proposed technique to the KOM-SAT-3A and KOMSAT-5 satellites operating in real
orbits. As a result, the prediction accuracy of the proposed Bi-LSTM shows root mean square error
(RMSE) within 2.3 A, and the prediction error well outperforms the most recent the probability-
based SARIMA model.

Keywords: battery charge and discharge current profile; prediction methods for LEO satellites;
data-learning deep neural network model

1. Introduction

Monitoring the status of LEO satellites is limited because of limited ground access
time due to the non-contact duration in orbit. Therefore, for optimal mission design and
mission expansion, simulators are required to predict the satellite operation. Satellite
simulators require the development and verification of each sub-system, such as attitude,
power, S/W, and thermal control. Power system simulators are critical because the power
system is responsible for generating, distributing, and storing energy for the operation of
the satellite, and it is closely related to the mission design, satellite lifespan, and fault
management [1,2].

The battery is one of the main electronic components related to the lifespan of the
satellite and error management. In general, mission and error management designs must
ensure that the batteries used for LEO satellites are in the operating range that guarantees
expected performance of the satellite [3,4]. However, because LEO satellites have limited
communication with ground stations, it is necessary to predict the power state, including
the non-contact duration. Such state prediction varies depending on the operating period,
season, attitude, and mission of the satellite [5-7], which makes its mathematical
modeling difficult.
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In previous studies, design and power analysis were performed in terms of the power
budget [8]. That is, the power that can be generated is analyzed assuming the eclipse
duration, sun irradiance, temperature, and angle with the sun in the worst condition. The
power consumption is calculated by combining the average duty (or maximum values of
each load of the satellite bus) and the payload. Accordingly, the power consumption
combination composes a table for each mission condition and operation mode of the
satellite. Then, the generated power and the consumed power are compared over the time,
which is required to predict the state or current of the satellite battery [9]. However, in
this analysis of the generated power, the operating period, attitude, and temperature
conditions may be different from the assumptions, so that it may show a significant
difference from the actual data from the orbit. Moreover, in the case of power
consumption, except for some loads operating at a constant duty, the generation time and
consumption values of general loads, such as actuators and heaters, are different from the
assumed combinations. Thus, the estimated value can be very different from the actual
data. Since the power generated and power consumed continuously vary depending on
the satellite operation period and the given method, it is difficult to use the analysis
developed for the existing power budget to determine the current to analyze the battery
state. In addition, the inability to accurately predict the operation of the power system and
battery may prevent a precise analysis when a task change or an operation analysis is
required for the changes in the operating environment [10-13].

Another approach in previous studies is the time series prediction analysis method,
for example, a stochastic estimation method using ARIMA or SARIMA for ground
applications [14,15]. This probability-based analysis of the satellite system can be more
accurate than the power-budget-based analysis, however, it is impossible to actively
estimate the change in the mission and the attitude change of the low-orbit satellite
system. Therefore, it may not be utilized when mission expansion and operation change
are necessary, which is same to the power budget-based analysis.

Therefore, in this study, a Bi-LSTM deep neural network is proposed to predict the
charging and discharging current of the satellite battery. The proposed technique is based
on the optimal Bi-LSTM selection and input/output design to respond to mission changes.
The proposed technique is applied to the KOMPSAT-3A and KOMPSAT-5 LEO satellites
to compare and analyze the on-orbit measurement data and prediction results. The
superior performance of the data-based learning applied in this study is demonstrated by
comparing with the SARIMA.

The contribution of this paper is summarized as follows:

* We propose a Bi-LSTM-based network to reliably predict battery charge and
discharge currents in the non-contact duration of low-orbit satellites.

*  The proposed technique is one of the first techniques that can produce an accurate
prediction, even in the presence of task change and expansion.

*  To demonstrate the prediction performance, we apply the proposed technique to the

KOMPSAT-3A and 5 satellites with different environmental conditions such as

mission power, period, and orbit.

This paper is organized as follows. Section 2 discusses about how the KOMPSAT-3A
and KOMPSAT-5 LEO satellites and the algorithms are used in this study, and describes
the structure of the data-learning Bi-LSTM used to predict the battery charge/discharge
current. It also describes the probabilistic-based SARIMA used as the comparison method.
Section 3 shows how the power system and other characteristics of KOMPSAT-3A and
KOMPSAT-5 satellites affect the signal processing used in the simulations. These include
the characteristic orbital data, denoising preprocessing requirements, the parameters of
the SARIMA model, and the selection methods for the network and hyper-parameters of
bi-LSTM. Section 4 analyzes the prediction results of the LEO satellite’s charge/discharge
current and compares orbit data, the operating period, and the mission performance
errors based on the learned results using RMSE, MAPE, correlation coefficient, and
performance analysis indicators. Finally, Section 5 draws the conclusion of the paper.
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2. Background on the KOPPSAT3A and 5 Satellite Power Systems and Methods
2.1. KOMPSAT-3A and KOMPSAT-5 Electronics Power Systems

KOMPSAT-3A is an Earth observation satellite equipped with an electro-optical
camera with a resolution of 55 cm and an infrared sensor that was launched on 25 March
2015. KOMPSAT-5 is also an Earth observation satellite that is equipped with a synthetic
aperture radar for all-weather observation. It was launched on 22 August 2013. The power
systems of KOMPSAT-3A and KOMPSAT-5 are mainly composed of four parts. They
consist of a transmission system that supplies power to each load, a solar array responsible
for generating the power of the satellite, a power conversion device that converts the
generated power according to the load, and the battery system used during the occurrence
of a load exceeding the satellite’s generated power and eclipse duration. The power
system of KOMPSAT-3A is shown in Figure 1.
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Figure 1. KOMPSAT-3A electrical power system structure.

First, the solar array PV system changes the generated power according to the
temperature and sun irradiance. In addition, as the short-circuit current and the open-
circuit voltage change with temperature, the maximum power point changes accordingly
[16]. Therefore, the PV system of each satellite must be designed according to the orbit,
temperature, and power load. The KOMPSAT-3A satellite consists of three solar wings.
Each wing is connected in parallel with 19 strings, and each string has 31 cells connected
in series. The minimum efficiency for each cell is 27.5%. Moreover, the generated power
is designed to be 1726 W or more at 28 °C based on BOL.

On the other hand, the KOMPSAT-5 satellite has two wings, and each wing has 29
strings connected in parallel. One string is designed with 31 cells connected in series.
Accordingly, the minimum generated power is designed to be 1740 W or more at 28 °C
based on BOL.

The power generated from the solar array is converted to primary power using a
SAR. The design includes a maximum power tracking mode for maximum power
production of the solar array, a constant voltage mode to prevent overcharging of the
battery, and the direct energy transfer mode to prevent damage to the converter by
excessive power production of the solar array. The primary converted voltage output is
used for loads that include their own power conversion and loads with a wide input
voltage range. However, the output voltage of the SAR is converted according to the SOC
of the battery, power generation, and load. Therefore, a secondary power conversion
device is included in order to supply a voltage suitable for a load whose input voltage
range is specified or that does not include its own power conversion device. The
secondary power conversion consists of a low-voltage converter and the regulated
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converter. The low-voltage converter supplies 5 V, +15 V, and -15 V power, and the
regulated converter supplies a 28 V load.

Next, the battery is designed to have a charge and discharge balance based on one
day in order to respond to a load exceeding the power generated during the eclipse
duration and mission performance. The charging and discharging current of the
KOMPSAT-3A,5 battery system is not directly controlled using a converter. The charging
current of the battery is determined according to the SOC of the battery, solar array
temperature, sun orientation angle, MPPT algorithm, and load. In addition, the discharge
current of the battery is indirectly controlled according to the expression section based on
the orbit of the satellite, the change in the load in accordance with the mission
performance, and the amount of power generated according to the satellite attitude.
Therefore, charge and discharge current prediction is essential for mission feasibility
analysis, fault management design, and satellite simulator development.

The methods and results for predicting battery current and voltage in orbit are
analyzed in order to examine the possibility of applying this prediction method proposed
in this study to various satellites, using the two KOMPSAT-3A and KOMPSAT-5 satellites
with different load characteristics during the mission orbit and mission performance.

2.2. Bi-LSTM Modeling

The LSTM model solves the vanishing gradient problem and long-term
dependencies that occur as the sequence increases in the RNN. That is, the LSTM model
can be memorized for a long period of time through memory extension, and read, write,
and delete functions are performed to overcome the disadvantages of RNN [17-19]. The
memory of such an LSTM is defined as a gate cell and is responsible for the preservation
or deletion of information. Therefore, in the case of important information, it is possible
to preserve it for a long duration, and the weight value for preservation or deletion is
determined through the training process [20].

In general, the LSTM model consists of a forget gate, input gate, and output gate. The
forget gate layer is the process of selecting information retention and removal, the input
gate adds new information to the memory, and the output gate controls the value
contributing to the output. The forget gate removes information from the memory using
the values of previous hidden state and input, and it outputs 0 or 1 using the sigmoid
function. In the case of 1, information is preserved; in the case of 0, information is deleted,
and it is calculated as

fe = U(Wf[ht—uxt]'bf)' (1)

where f; is the forget gate, o is the sigmoid function, W, represents the weight matrices,
h¢_y is the previous hidden state, x; is the input, and b, is a constant bias value.

Next, the input gate layer (i;) determines whether new information is added to the
LSTM memory and is generally composed of a sigmoid layer and a tanh layer. The
sigmoid layer receives the input and the previous hidden state, and determines the
updated value. It is expressed as

i = o(Wilhe—1, xc], by), (2)

where i, is the input gate, and b; is a constant bias value.

Next, the network is updated using the forget gate layer, input gate layer, tanh layer,
and cell state before t — 1 is calculated in the above process. That is, a new candidate value
is created to be added to the LSTM memory, and whether the existing value is maintained
is expressed as a product of the forget gate. The formula for the updated cell state is
expressed as:

Ct = f; * Co—q+iy - tanh (W,[he_y, x¢], b) (3)
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where C, is the updated cell state, C,_; is the previous cell state, W, represents the
weight matrices, and b, is a constant bias value.

Finally, in the output gate, the part contributing to the output is determined by
Equations (4) to (5).

0p = o(Wp[he—y, %], bo) 4)

h; = o, - tanh(C;) 5)

where o, is the output value, W, represents the weight matrices, b, is a constant bias
value, and h, is the updated hidden state.

The overall concept of one LSTM model is shown in Figure 2. Bi-LSTM is a model
that extends the LSTM model and learns input data from two LSTM models in the forward
and backward directions. It is known that this application of LSTM twice has the effect of
reducing long-term dependency and improving performance. In particular, it shows more
accuracy for cases when a pattern in the reverse direction is meaningful, i.e., where the
next time value affects the previous time value [18,19]. The patterns of the LEO satellite
are also meaningful in the forward and reverse patterns in the battery charge and
discharge profile according to the attitude, orbit, mission, etc. Therefore, Bi-LSTM was
used to construct the network owing to its improved estimation accuracy.

(= C.

hiy

\/

LSTM

X

Figure 2. LSTM structure.

2.3. SARIMA Modeling

We compare the prediction performance of the proposed Bi-LSTM model to the
probability-based SARIMA model, which is widely used for power demand prediction.
The ARIMA model considers the probability structure of observational values over time,
including both an AR model and an MA model [21]. The ARIMA model has an auto
regression order p, a difference order d, and a moving average order g. It has the advantage
of deriving a model from past observations and error terms alone and is suitable for short-
term prediction because it assigns greater weight to observations close to the most recent
time point. However, the ARIMA model cannot consider the seasonality or periodicity of
time series data. Accordingly, the SARIMA model is a forecasting technique that
complements the ARIMA model. The SARIMA model can overcome these limitations by
adding the SAR and SMA terms to the existing ARIMA model [21,22]. The time series Y;
has a seasonal period s, non-seasonal and seasonal autoregressive orders (p,P), non-
seasonal and seasonal differential coefficients (d,D), and non-seasonal and seasonal
moving deviation orders (g, Q). When (p,d,q)(P,D,Q)s is followed, the model is expressed
as Equations (6)—(10) [23]:

®,(B9)$p(B)(1 — B)P(1 - B)Y, = 0,(B*)6,(B)e, ©)
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0o(B5) =1—0,B — - 0,(B?) 9)

64(B) =1—06,B — - 6,(BY) (10)

where B is the backshift operator, and €, is independent and identically distributed
N(0,a2).

For the SARIMA model, 80% of the monthly battery current data in the dataset are
used as the training dataset until one year after the launch. The remaining 20% are used
as a validation dataset for parameter selection. Figure 3 shows the dataset used for
training and parameter selection. In addition, for the comparison with the data-based
learning results, the value that minimizes the implementation complexity and the BIC of
the validation dataset is selected through the trial-and-error process and used in
KOMPSAT-3A and KOMPSAT-5. The resulting values are (2,1,1)(2,1,3)12 and
(2,1,2)(2,1,1)12, respectively.

Training data Training data Training data Training data
(80%) (80%) (80%) (80%)
Validation Validation Validation Validation
data data data data
(20%) (20%) (20%) (20%)
—r r —r “—rr 4“—>
Launch after Launch after Launch after Launch after
1 month 2 month 11 month 12 month

Figure 3. Dataset for SARIMA model training for battery current.

3. Proposed Method

Because the battery-related profile of a LEO satellite has a nonlinear characteristic
that depends on the SOC of the battery, the solar array temperature, the attitude of the
satellite, the orbit position, the satellite bus and payload temperature, and the degradation
effect of each unit, mathematical modeling has limitations. Therefore, it is necessary to
consider data-based modeling methods [24-26], for which a preprocessing stage is
required to prevent overfitting and to optimize the learning time. In the case of LEO
satellite data, preprocessing is required because the data are of various types and multiple
periods. In addition, for a successful data-based learning, it is necessary to select input
features, a network configuration, and a parameter selection method related to the
prediction output. In this section, the proposed Bi-LSTM learning model configuration,
the satellite data specificity, the process for each step (including preprocessing), and the
parameter selection for learning are described.
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3.1. Features and Bi-LSTM Network

The features used for estimating the current profile of the LEO satellites are the sat-
elite’s orbital position, attitude quaternion, mission mode of the satellite, eclipse state,
week and date information for one year, the week information after launch, and the solar
array angle. These features are closely related to the battery charging/discharging current
and correspond to values that can be accurately predicted on the ground or determined
through mission design.

Figure 4 shows the framework for Bi-LSTM-based battery current prediction. The
whole process for prediction is carried out in three steps. First, preprocessing is per-
formed to prepare the data for learning. For the preprocessing process, the raw data of
both of the features for prediction and battery current among the house keeping data of
two years after launch are collected for each satellite. Afterwards, outlier rejection,
interpolation, and normalization processes are performed to suit the characteristics of the
satellite’s raw data. Each preprocessed feature is divided into training and validation sets
for learning and optimization. Additionally, a test set for performance evaluation is
selected. In this paper, similarly to the SARIMA, 80% of the data for one year after launch
are classified as a training set and 20% as a validation set. In addition, data from one to
two years after launch are used as the test set.

Next, a learning process for Bi-LSTM model selection is performed. The Bi-LSTM
network consists of a fully connected layer, a Bi-LSTM layer, a dropout layer, and a fully
connected layer. The Bi-LSTM layer is selected because the data of the battery current of
the low-orbit satellite are meaningful in that both forward and backward time series have
a causal relationship in the prediction. In addition, a dropout layer is added to prevent
overfitting. In addition, since the battery current is predicted using multiple inputs, the
fully connected layer is used for the input and output. As parameters for the Bi-LSTM
network model, the initial learning rate, bi-layer number, training epoch, and dropout
factor are selected. After that, training is performed using each randomly selected initial
value, and the MAE, a cost function, is calculated using the validation dataset. Next, by
using Bayesian optimization, the next model parameter is selected and learning is
repeated until the cost function converges or reaches a specified number of times. The Bi-
LSTM network model is selected using the parameters chosen through this process.
Finally, performance evaluation is performed using the selected test dataset. When
evaluating the performance, the prediction period is selected by considering the contact
period of the ground station of KOMPSAT-3A and 5. In this paper, 12 hours is selected by
assuming the worst condition of the contact period with the ground.

Figure 5 shows the battery prediction technique proposed in this study. Pretraining
is performed using preprocessed features. Prediction is performed using the best Bi-LSTM
network selected through the process in Figure 4. The input features for predicting the
battery current are factors that are predictable or designed on the ground, and
normalization is performed to input them into the learning model. Then, the processed
input features are input into the pretrained model to verify the output value. Finally, the
features selected as input/output in this paper undergo a process to restore the predicted
battery current value while going through the normalization process.
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Figure 5. Proposed on-orbit battery current prediction based on Bi-LSTM network.

3.2. Preprocessing for Bi-LSTM Network Training

Satellites operate in harsh environments with radiation compared to the ground.
Therefore, a SEU may occur on account of these radiation conditions, and instantaneous
noise may occur when satellite data is stored and transmitted. Therefore, noise occurs
independently of the physical correlation, as shown by the values in the blue circles in
Figure 6. The noise must be removed because it can damage the accuracy of the learning
model. In this study, the IQR method is used to remove outliers, as shown in Equations
(11) and (12). The IQR is a powerful method for detecting outliers in data. It arranges the
data in ascending order and divides them into quadrants to determine the normal range.
The IQR refers to the value obtained by subtracting the 25% quartile from the value of the
75% quartile and by assigning a weight to this value. The low and high limits are set as in
Equations (11) and (12), and the data between these values are estimated to be normal.
Generally, a weight of 1.5 is used for the IQR. However, when this is used for the
KOMPSAT satellite, some normal data are judged as outliers. Therefore, because the
frequency of occurrence of KOMPSAT-3A and 5 satellites data noise is low, it is necessary
to select a weight other than 1.5. In this paper, while changing the weight of the IQR from
1.5 to 3 in the raw data of the satellite, 2.5, which was a value from which outliers were
appropriately removed, is selected as shown in Equations (11) and (12).

lower limit = Q; — 2.5+ (Q3 — Q1) (11)

upper limit = Q5 + 2.5 (Q; — Q,) (12)

where Q1 and Qs are the 25% and 75% quartiles, respectively.
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Figure 6. KOMPSAT-5 housekeeping data noise.

Because of the limited access time with the ground station, the LEO satellite transmits
housekeeping data over several cycles within the downlink budget. Therefore, the gap
time of housekeeping data and the time at which they are saved are also different, as
shown in Figure 7. In addition, an empty information section is created when outliers are
removed.

Therefore, to use different period information and empty sections for learning,
synchronization through interpolation of these data is required. In this study,
synchronization is performed by conducting a linear-based interpolation [27,28].
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Figure 7. KOMPSAT-5 on-orbit current, position, and attitude data.

There are various types of data for the satellite features that are used for training, as
shown in Figure 7. That is, data of various scales and ranges, such as trajectory, attitude,
and current, are used. It also contains categorical data such as mission mode. An example
of categorical data includes the date of the month between 0 and 31, the satellite attitude
quaternion between 0 and 1, the position of the orbit in kilometers, and the eclipse mode
between 1 and 4. The data are collected in various ranges and units. Therefore, if these
data are directly used for learning, it may be difficult to optimize them according to the
local minimum.

There are two commonly used generalization methods: min-max and z-score. Min-
max normalization can process all features at the same scale; however, it has the
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disadvantage of being sensitive to outliers. In this study, because outliers are eliminated
by the IQR method, all features are normalized using the min-max method, as shown in
Equation (13).

Xdata — min (Xdata)
maX(Xdata) — min (X data)

(13)

3.3. Bi-LSTM Network Parameter Selection for Training

Data-driven learning requires parameter selection. In this study, we optimize the
parameters using a Bayesian optimization based on probability estimation [29]. Each
value is selected using the initial learning rate, number of Bi-LSTM layers, number of
epochs, and dropout factors as optimization variables. The overall order is as follows [30]:
1. Randomly select an initial value

((ilry, nbg, ney, dfy), (ilry, nby, ney, df;), -+ (ilrg, nby, neg, dfy));

2.  Estimate the surrogate model probability based on the results of

((iIry, nby, ney, df,),£(ilry, nby, neq, dfy) «+- (ilrg, nbg, ney, df;),£(ilrg, nby, ne;, dfy);

3. Select (ilr;yq,nbsyq, ne yq+, dfpy 1), which is the maximum cost function based on
the result of Step 2, and calculate f(ilry 1, nb; 44, ne 1+, dfyiq);

4.  Re-perform the probabilistic estimation in surrogate mode including
(ilrpyq,nbpyg, neppq+, dfpy 1) £(1lrey g, nbyy g, nepy g +, dfiyq);

5.  Repeat a predefined number of 1 times or until the cost function converges.

where ilr is the initial learning rate, nb is the number of Bi-LSTM layers, ne is the number
of epochs, and df is the dropout factor.

The cost function for optimization in this study considers the periodic characteristics
of the satellite data and the LEO satellite battery power simulator. Therefore, the error of
the average concept is more important. Thus, the optimal parameter is selected through
Equation (14). In addition, 80% of the data for each month from the one-year dataset are
used as the training dataset. Similar to the SARIMA model, the remaining 20% are used
as the validation dataset for optimization:

1
f(X) . ) |Yvrification - predictionl (14)

where 7 is the number of verification data, Yyerification is the actual verification data
value, and Yp,egiction is the Bi-LSTM model predicted data.
Table 1 lists the parameters used for the Bi-LSTM network training.

Table 1. Parameters of the Bi-LSTM network.

Parameter KOMPSAT-3A KOMPSAT-5
Initial learning rate 0.095 0.083
Number of Bi-LSTM layers 75 61
Number of epochs 860 920
Dropout factor 0.4 0.4

4. Experiments and Results

As mentioned in Section 1, in order to develop a ground-based power simulator, it is
necessary to predict the charge and discharge current profile of a battery. Therefore, we
utilize the data features of one year after the launch of each satellite to train the Bi-LSTM
network and SARIMA. Subsequently, the battery current prediction results for the
following year are comparatively analyzed. The configurations of the training PC are i7-
7700 CPU, 128 GB memory, and two 2080-Ti GPUs connected in parallel. The designed
Bi-LSTM network takes approximately 180 to 300 seconds per epoch.
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Figure 8 shows the actual battery current of the KOMPSAT-3A satellite, as well as
the Bi-LSTM network and SARIMA prediction results. In the figure, the solid red line
represents the actual value, and the blue dashed line shows the predicted value. Data for
approximately one year after launch are used for training and validation. Then, we
compare the prediction results for approximately one year. The prediction period is 12
hours in consideration of the ground contact period, and this is applied equally to
KOMPSAT-3A and 5. The orbit of the KOMPSAT-3A satellite has a periodic eclipse period
for one year, and the maximum discharge and charge current vary depending on the
change in the eclipse period, the sun irradiation, and the temperature, depending on the
season.

Regarding the discharge current of the KOMPSAT-3A satellite, the maximum
discharge current occurs in the summer season. This is because in summer, the distance
to the sun is the furthest, which reduces the power generated, which in turn increases the
battery charging and discharging current. As shown in Figure 8a, SARIMA seems to
estimate the seasonal change in which the maximum discharge current occurs in the
summer season; however, it shows an error in the maximum discharge current value of
the entire season. As shown in Figure 8¢, the prediction result estimated through Bi-LSTM
can estimate the trend in which the maximum discharge current occurs in summer. In
addition, it can be observed that the prediction error of the maximum discharge current
for one year is also relatively reduced compared to SARIMA.

The charging current is causally generated according to the discharge current, and
slow charging is performed from the maximum charging current section to the tapering
charging section according to the charging state. Accordingly, the amount of charging
current increases in summer as does the discharge current. As shown in Figure 8b,d, the
trend of the peak charging current in summer is estimated by both SARIMA and Bi-LSTM;
nevertheless, the prediction error is relatively small for Bi-LSTM. In general, an increase
in the maximum discharge current occurs on account of the aging of the satellite.
However, in the case of the KOMPSAT-3A satellite, there is no significant change in the
maximum charge and discharge current within the operating period of two years.

Figure 9 shows the enlarged discharge and charge current prediction results of the
KOMPSAT-3A satellite, including the mission duration of 20 May 2016. Discharge occurs
periodically and non-periodically by the power demand that exceeds the amount of
power generated in the eclipse and mission duration. As shown in the Figure 9a, discharge
usually occurs in the periodic eclipse section. It is evident that charging is performed in
the sun section. In the case of Bi-LSTM, it has an error in terms of the maximum discharge
current. However, it can be confirmed that it is possible to reproduce the fluctuation of
the discharge current that can occur due to the attitude change and mission mode. On the
other hand, in the case of the SARIMA estimation, it is not possible to reproduce the actual
current fluctuation in the discharge section.

In the case of the charging current, as shown in Figure 9b, after the eclipse period has
passed, charging takes place for the duration of the sun irradiation. In the case of the
KOMPSAT-3A satellite, charging is performed under the allowable charging current
range of the battery, and tapering charging is performed according to the state of charge.
As shown in the figure, the Bi-LSTM-based charging current is similar to the actual value
compared to SARIMA. However, as shown in the estimation results from 8:30 to 9:30 in
Figure 8b, a charging current prediction independent of the previous discharge amount
and satellite state occurs in SARIMA, whereas in the case of Bi-LSTM, such predictions do
not occur.

As observed in Figure 9, it is possible to estimate the trend in both the Bi-LSTM
network and SARIMA prediction for the discharge current that occurs periodically in the
eclipse section. However, the SARIMA model cannot accurately estimate the discharges
that are not periodic and that cannot be specified, such as mission performance and
posture changes In addition, although the charging current has a physical characteristic
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that varies with the discharge current, SARIMA has a prediction error with a large amount
of charge current regardless of the discharge current.
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Figure 8. KOMPSAT-3A battery charge and discharge current prediction results: (a) SARIMA results for discharge current;
(b) SARIMA results for charge current; (c) Bi-LSTM results for discharge current; (d) Bi-LSTM results for charge current.
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Figure 10 shows the actual battery current of the KOMPSAT-5 satellite, as well as the
Bi-LSTM network and SARIMA prediction results. Similar to the KOMPSAT-3A results,
the red solid line represents the actual value and the blue dashed line depicts the predicted
value. Similarly to the KOMPSAT-3A battery current prediction, data for one year after
launch are used for learning and verification. Data from one year to two years after launch
are used for prediction performance analysis, and the prediction period is selected as 12
hours.

The KOMPSAT-5 satellite has an eclipse duration only in the winter season, which
causes an extreme change in the charge and discharge current profile according to the
season. Unlike KOMPSAT-3A, where periodic eclipses occur in all seasons, a large
discharge occurs in the winter season. Furthermore, in the case of the charging current, as
shown in Figure 10b,d, the winter section has a higher value than other seasons. Moreover,
as shown in the figure, unlike KOMPSAT-3A4, it is evident that the maximum discharge
current gradually increases according to the operating period of two years.

As for Bi-LSTM estimation, the change in maximum discharge and charge current for
the seasonal and operating period is similarly estimated. However, SARIMA cannot
estimate the discharge current according to the mission at the correct time. Thus, an error
occurs in the maximum discharge and charge current. As shown in Figure 10b,d, the
charge current in the winter section is predicted to have a higher value in both SARIMA
and Bi-LSTM, whereas the Bi-LSTM prediction shows a consistent and superior
performance than the SARIMA .

Figure 11 shows an enlarged discharge and charge current prediction results of the
KOMPSAT-5 satellite, including the mission duration of 7 January 2015. In the winter
section, periodic discharge occurs due to the eclipse, and the maximum discharge current
appears due to the mission operation. As shown in Figure 11a, for Bi-LSTM estimation, it
is possible to predict the discharge current during the non-periodic mission operation in
a short time. On the other hand, with SARIMA prediction, such aperiodic discharge
current prediction is not accurate, and the discharge current generated during the eclipse
shows a large error compared to that of the Bi-LSTM estimation.

As for charging current prediction, charging is performed in the solar section after
the eclipse section has passed. Although there is a difference in accuracy, both the
SARIMA model and the Bi-LSTM model predicted the shape of the waveform in which
the charging current decreased according to the battery SOC. However, as found in Figure
10b, the charge current fluctuated due to the discharge current that occurred during a
short period in the mission performance section, and only the Bi-LSTM model predicts
this change. Thus, with Bi-LSTM model, if the maximum discharge period is estimated
during the mission, the charging current is predicted utilizing the causal relationship.
However, with SARIMA model, the estimation performance is poor due to the mission
operation and attitude change. Therefore, through the enlarged picture, it is confirmed
that the Bi-LSTM model is excellent in predicting the maximum charging and discharging
current values and the predicted reproduction of the waveform.
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Figure 10. KOMPSAT-5 battery charge and discharge current prediction results: (a) SARIMA results for discharge current;
(b) SARIMA results for charge current; (c) Bi-LSTM results for discharge current; (d) Bi-LSTM results for charge current.
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To numerically analyze the performance of the estimation results reported in this
study, we use the RMSE, MAPE, and correlation coefficient, as shown in Equations (14)
to (16). The performances of the KOMPSAT-3A and KOMPSAT-5 satellite charge and
discharge current simulators are examined through three indicators.

1
RMSE = \[;Z(sz — Ypreaiction)? (14)

MAPE

_ 100 Z |Yrear — Yereaiction|
n Yreal

(Yreal - ?real) ) (YPrediction - YPrediction)] (16)

Correlation coef ficient = Z\/ZZ[

(Yreal - Yreal)z ' (YPrediction - YPredictt’on)2

where n is the number of test data, Y. is the actual data, Yp,eqiceion is the predicted
data of each model, ¥, is the mean of the Y,.,, and Ypreqiction is the mean of the

Yprediction
The performance is verified by classifying it into the charging and discharging

duration of each satellite since the pattern repeats. Table 2 shows the seasonal
performance analysis results for the battery discharge and charging current in a 12 hours
ahead of forecasting. As mentioned in Section 3, the prediction results for 12 hours ago
are analyzed considering the ground contact period of KOMPSAT-3A,5 satellites. For
KOMPSAT-3A satellite, discharging and charging are performed as the eclipse duration
and attitude maneuvers occur periodically. Thus, the error difference between the RMSE
and MAPE of the Bi-LSTM and SARIMA is relatively small compared to that of the
KOMPSAT-5 satellite. In addition, because the charge current does not change
significantly with the KOMPSAT-3A satellite, there is no significant variation in the error
of one year with the SARIMA model. Correlation coefficient analysis results also show
that similar to RMSE and MAPE, the Bi-LSTM-based estimation results for one year are
more accurate to the actual ones. For the KOMPSAT-3A satellite, the Bi-LSTM
outperforms in all seasons compared with the SARIMA model, and even in the summer
section where the maximum discharge current occurs.

In the prediction comparison for KOMPSAT-5 satellite, the SARIMA estimates
seasonal fluctuations; however, the maximum charge and discharge current prediction
error is larger than that of the Bi-LSTM model. In addition, with the SARIMA model, a
more accurate estimation can be made in winter, when periodic expression intervals
occur, but it is observed that larger prediction errors occur in the remaining seasons. This
is because, under the assumption that the current trend would continue into the future, it
does not reflect the aperiodic externalities caused by SARIMA’s limitations in predicting
the future mission performance and posture change. On the contrary, with the Bi-LSTM
model, it is demonstrated through the RMSE analysis result that it shows a low error than
the SARIMA model in all four seasons because it could include all external variables. In
addition, the similarity between the actual value and the predicted value is observed with
the MAPE and correlation coefficient analysis that the Bi-LSTM prediction is superior to
the SARIMA prediction.

Table 2. The 12 h ahead prediction results.

lati
Satellite Season Model Output RMSE (A) MAPE (%) Corre.aflon
Coefficient
Discharge duration 7.4 13.12 0.884
2016 SARIMA Charge duration 6.8 12.11 0.891
KOMPSAT-3A . . .
April to June Bi-LSTM Discharge duration 2.3 6.21 0.971

Charge duration 1.9 6.52 0.979
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Discharge duration 7.9 13.04 0.898
2016 SARIMA Charge duration 7.2 12.88 0.892
July to August . Discharge duration 2.2 6.51 0.981
BI-LSTM Charge duration 19 6.01 0.982
Discharge duration 8.1 13.01 0.895

201 ARIMA
Oct(?be6r to 5 Charge duration 6.8 12.35 0.892
December Bi-LSTM Discharge duration 2.0 6.82 0.982
Charge duration 1.8 6.41 0.979
Discharge duration 7.9 13.64 0.889
2017 SARIMA Charge duration 6.9 13.01 0.888
January to March Bi-LSTM Discharge dure}tlon 2.1 6.12 0.978
Charge duration 2.0 6.23 0.979
Discharge duration 12.5 12.13 0.861

ARIMA
2014 December to 5 Charge duration 3.4 12.83 0.885
2015 February . Discharge duration 2.2 5.52 0.978
Bi-LSTM Charge duration 1.2 6.54 0.981
Discharge duration 16.4 17.51 0.831
2015 SARIMA Charge duration 29 17.11 0.821
March to May Bi-LSTM Discharge durétlon 2.3 6.19 0.989
Charge duration 1.1 6.89 0.975

KOMPSAT-5 . .

SARIMA Discharge duration 16.7 17.92 0.819
2015 Charge duration 2.1 17.11 0.817
June to August . Discharge duration 2.1 6.11 0.985
Bi-LSTM Charge duration 12 5.82 0.986
Discharge duration 18.9 16.91 0.814

201 ARIMA
Se te?xjer to 5 Charge duration 2.4 15.99 0.821
s pilsmy  Discharge duration 23 6.95 0.989
Charge duration 1.1 7.09 0.988

5. Conclusions

LEO satellites have limitations in continuous status monitoring due to access
restrictions in the orbit. Therefore, the development of a simulator for predicting satellite
events has been undertaken. However, it is difficult to predict the state of satellites in
general, because of their environmental characteristics. In particular, the power system is
difficult to model mathematically because it fluctuates depending on the environment and
operating conditions, such as the operating period, orbit, operating plan, and season.

In this paper, we have proposed and comparatively analyzed a technique to predict
the charge and discharge current of a LEO satellite battery, which is the most important
information for mission- and power-related analysis and simulator development among
power systems. To confirm the validity of the proposed data-based learning technique,
the on-orbit charging and discharging current prediction errors have been compared, for
which training has been performed with data from one year and an evaluation has been
conducted using data from the subsequent year. The performance has been demonstrated
an accurate and reliable performance with real satellite data.

It is expected that data-based prediction in this study of the charging and discharging
current of the satellite enables the development of a LEO satellite power simulator.
Moreover, it will facilitate the development of guidelines for satellite battery
management. In addition, it is anticipated that the energy balance analysis of the satellite
power system can be utilized by applying the charge and discharge current predictions in
this study to multiple satellites.
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In the future, we plan to expand the LEO satellite battery current prediction to
conduct a study on the degradation prediction of satellite power consumption and the
battery SOC estimation method.
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Abbreviations
M lut t
AR Autoregressive MAPE ean absolute percentage
error
ARIMA Auto.regresswe integrated MPPT Max1.mum power point
moving average tracking
BIC Bayesian information criterion PV Photovoltaic
Bidirectional 1 hort-t
Bi-LSTM rdirectionat Iong - ShOr-terMpnisE Root mean square error
memory
BOL Birth of life RNN Recurrent neural network
IQR Interquartile range SAR Solar array regulator
1 aut i
LEO Low Earth orbit SARIMA ~ easonal autoregressive
integrated moving average
LSTM Long short-term memory SEU Single event upset
MA Moving average SOC State of charge
MAE Mean absolute error
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