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1 INTRODUCTION AND OBJECTIVES 
This work addresses the problem of how to deal with missing values in a monitoring and predicting model for 
satellites solar arrays performance degradation.  The monitoring and predictive tool, based on Neural Networks, was 
developed for a case study, selected by the European Space Agency, based on the XMM satellite. 

Most Satellites have solar arrays in their power subsystem. Solar arrays are made of several solar panels with 
photovoltaic cells and are used for electrical power generation [2], using sunlight as the source of energy. Solar arrays 
are a critical component of the spacecraft and their lifetime degradation is a constraint of the mission total duration.  

Currently there are no real options to protect the solar array in case of hazardous environments. The solar array 
attitude or position cannot be dynamically altered; it is fixed for the entire mission duration. Nevertheless, during 
mission operations, the current performance must be constantly monitored (e.g. is the power resource reaching a 
dangerous margin?) and when the mission reaches its official end, an important decision must be made: can the 
mission be prolonged beyond the initially planned date? how much long?  

The developed software tool is capable of analysing solar array telemetry, mission orbit, environmental data and 
estimation of the degradation rate of solar panels. The architecture of the software is divided into three main blocks: 
a data warehouse, a pre-processing block for the input data and a predictive model(providing 2 or 4 days prediction) 
based on a specific Neural Network [8]. In this paper we focus on the pre-processing, specifically in the 
transformation phase, because this is where the question of missing values (i.e. uncertainty in the input data) is dealt 
with. Detailing the other two software blocks is out of scope in this work.  

This work is structured as follows: first we provide a brief description of the scope on which the Solar Array 
Monitoring Tool (SAM) was designed and implemented (section 1). Then we introduce a general decision support 
architecture from which the SAM tool was instantiated (section 2). Afterwards, we introduce the general modelling 
process of the monitoring and predictive tool (section 3). On the fourth section, we discuss in detail the pre-
processing of the input data to show how the imprecision on the input data was dealt with and we also describe our 
defined naïve performance index based on the MSE and MAD concepts. On the fifth section we provide a thorough 
description of the input data codification process before feeding it to the Neural Network during training and testing 
phases – the process of model creation and achieved results. Finally we present the conclusion (section 6). In addition 
we also have an acknowledgment section where we provide details about this ESA project and the consortium 
involved. 

2 THE SAM TOOL�S ARCHITECTURE 
Before detailing the data modelling process performed by the Model Manager application, we will firstly provide an 
insight on a general architecture as the one used for the Solar Array Monitor (SAM) Tool: 
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Figure 1 - A generic Decision Support architecture for space missions. 

 

This general architecture relies on the availability of several services, as follows: 
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! Service Providers, which act as suppliers of relevant data to the system. 

! A data extraction and transformation package, which is also responsible for the loading of data into the 
main database. 

! A database storage server. 

! A Data Mining server (on this case, our Model Manager application, responsible for the creation and 
general management of predictive Neural Network models based on Elman Networks architecture, fits into 
this category). 

! A client application, providing visualization capabilities for both real and forecasted data in the system. 

3 THE MODELLING PROCESS 
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Figure 2 - Modelling process 

The process of building a new solar array predictive model, based on a specific Neural Network architecture [8], starts 
by the creation of a feature table (which may be manually or automatically built) from the stored data on the Mission 
Control Data Warehouse. The created feature table (Table 1) contains data aggregated according to three different 
methods (average, minimum, maximum) for each of the selected features (on our case, only one feature was used as 
both input and output).  This feature table (created through a MS SQL Server 2000 stored procedure [9] – see Table 
1) is then used by the Model Manager in the cleaning and creation of the data set, which will be used by the 
predicted process. 

The missing values’ problem is addressed by the Model Manager application. Afterwards, the dataset creation 
process takes place (after the user has chosen some dataset coding options). Finally, the dataset is split into two 
different sets (a train set used to train the model and a test set to test its accuracy) and its performance is measured 
through three different metric computations: MSE – Mean Squared Error of the simulation; I-Performance index of 
the resulting model when in comparison with the Naïve model; MAD – Mean Average Deviation. 

3.1 PRE-PROCESSING: DATA PREPARATION 
Preparing Data for Neural Network model training (Feature Table Generation) 

After several experiences with different available features [10] [1] we arrived to the conclusion that using a single 
input feature would produce a satisfactory prediction. Once the available relevant data has been gathered we 
selected a single input feature, denoted Maximum Available Full Normalized Power [5]. After all gathered values have 
been normalized, a transformation was applied to the data [5]. We picked up each set of consecutive values 
(representing a time window) and aggregated them according to three time-periods: maximum time window value; 
minimum time window value; average time window value. Several time window sizes for the aggregation were 
considered and then we selected two representative sizes (half-days and quarter-days). 
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Time 
(h) TS1  

Time 
(h) Max Avg Min 

1 112      
2 112      
3 113  5 114 113 112 
4 114      
5 114      
6 114      
7 114      
8 114  10 115 114.4 114 
9 115      
10 115      

   

Table 1– Feature table created using the aggregation method 

 

Let us considered the following example: a time series TS1, three aggregation methods (max, min, average); a time 
window aggregation size of five values; and we also consider that the variable TS1 has a sample rate period of 1h. 
Table 1 depicts the original time series variable, and using the time window aggregation size of 5 values, three new 
different time series are created, each one with a different aggregation method. These three new columns form the 
feature table for variable TS1 in Table 1. 

Given the sample period of 1h for the variable TS1, each value of the max, avg and min columns would represent an 
aggregation time span size of 5 hours, with a corresponding timestamp equal to the timestamp of the last sample for 
each aggregated set of TS1 samples. 

On our particular case, the time window of aggregation had a half-day size (meaning that each set of consecutive 
values covering a time span of 12h would be transformed in a single value for each of the aggregation methods). 

The Missing Values´ Problem 

Before being able to use the features, we first have to deal with the problem of missing values, which might 
compromise the predictive model generation process. Our uncertainty is neither of the type fuzzy or vague (imprecise 
concepts) nor of the probabilistic type (outcomes estimation based on probability distributions or prior probabilities). 
In general, our type of uncertainty can be found in time series for forecasting, where the objective is:  “how to 
estimate missing values given some existing neighborhood information”.  

To deal with our type of uncertainty we defined three simple algorithms that solve the types of missing values: 
missing values at the beginning of the series, missing values in the middle and missing values in the end. Further, a 
smoothing filter was implemented to deal with irregular time series. With this approach we were able to train the 
neural network and enhance our predictions. 

Currently, the three algorithms implemented in our tool, to handle missing values are:  

Missing Values at the Beginning 

When the first n values from time series (TS) are missing, i.e. not available (Na), they will be replaced with the first 
known found value after these missing values (interpolated): 

 1 2 3 4 5 6 7 8 
Before Na Na 125 126 130 144 140 135 
After 125 125 125 126 130 144 140 135 

 

Missing Values at the End 

When the last n values from time series variable TS are missing, they will be replaced with the value of the last known 
value before these missing values: 

 1 2 3 4 5 6 7 8 
Before 199 205 207 235 240 250 255 Na 

After 199 205 207 235 240 250 255 255 
 

Missing Values on the Middle 

For this type of missing values, linear interpolation is applied. Through the first known values found next to each of 
the sides of the set of missing values, the line equation, which passes through those two points, is inferred. Then the 
previous missing values are replaced with the probable point value, which overlaps the line. 
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For the linear interpolation method, several equations are used: 

( ) ( )1 0 1 0y y m x x b− = − +  

Equation 1– Line equation, given two points 

The slope of the line can be calculated according the following equation: 
( )
( )

1 0

1 0

y y
m

x x
−

=
−

 

Equation 2– Line slope 

The value of b on (Equation 3) is computed according: 

1 1b y m x= − ⋅  

Equation 3– b value when the line intersects point (0,0) 

Let us consider another example: 

x0 - position of last known value before the first missing values 

x1 - position of the first known value after the last missing value 

y0 - last known value (position x0) 

y1 - first known value (position x1) 

  x0    x1   
x (position) 118 119 120 121 122 123 124 125 
y (TS values) 120 122 Na1 Na2 Na3 130 135 128 

  y0    y1   
 

Table 4– Linear interpolation example 

On Table 4 one can observe the existence of three consecutive missing values. For this set of consecutive missing 
values, first we compute the slope of the line equation and its b value: 

1161232130

2
4
8

119123
122130

−=⋅−=

==
−
−

=

b

m
 

Then, by replacing these values in the generalized line equation (see Equation 1), we obtain the straight line equation 
which passes through both points  (x0, y0) and (x1, y1): 

2 116y x= ⋅ −  

Equation 4– Linear equation 

With the computed line equation, we can now replace the missing values (Na1, Na2, Na3), by their equation value: 
Na1 = 124; Na2 = 126; Na3 = 128. The final result is: 

         
x (position) 118 119 120 121 122 123 124 125 
y (TS values) 120 122 124 126 128 130 135 128 

   Na1 Na2 Na3    
Table 5– After Linear Interpolation 

Moving Average Filter 

After solving all data inconsistencies related with missing values, the user has the choice of applying, or not, a 
smoothing filter – moving average filter. 

The moving average is a simple mathematical technique used primarily to eliminate aberrations and reveal the real 
trend in a collection of data points. The algorithm accomplishes this by taking two or more of data points from the 
signal, applying them weights (weighted time window), finding their average, replacing the last data point of the 
data points used to calculate the average, with the average just computed, and repeating the steps with other data 
points until the end of the signal is reached. 
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4 TRAINING AND TESTING 
The generated dataset can be built from one or more input features and accepts a single output. For example, Table 
6 depicts a partial data set using all alphabet letters from A to Z, a input time window of size eight and a forecast 
horizon window size of four. 

Ex: Input Window  

E1 A B C D E F G H  L 
E2 B C D E F G H I  M 
E3 C D E F G H I J  N 
E4 D E F G H I J K  O 
E5 E F G H I J K L  P 
E6 F G H I J K L M  Q 
E7 G H I J K L M N  R 

Each line forms an example, which, will be presented to the Neural Network during the training phase to predict the 
target value. The Neural Network is composed by two distinct phases. The first phase is dedicated to the training of 
the Neural Network model whilst the second phase corresponds to the testing of the previously created model. For 
both phases, two disjoint datasets are necessary. The decision about the percentage for each dataset was achieved 
after several tests [5] and the final result was: 

! Training set – Composed by 84% of the original dataset 

! Test set – Composed by 16% of the original dataset 

In the process of training and testing, Elman Neural Network [8] architecture was used. This Neural Network was 
selected because it has feedback from the first-layers output to the first layer input. This recurrent connection allows 
it to both detect and generate time-varying patterns, which was important for the problem at hand. 

4.1 PERFORMANCE MEASUREMENT INDEXES 
The assessment of the solar array predictive model is done through the analysis of three main performance indexes: 
Mean Square Error; Naïve Performance index and Mean Absolute Deviation.  

a. Mean Square Error 

This is one of the most common metrics found on statistical problem analysis. It is calculated through the sum of the 
squared difference of real and predicted values. This value is automatically computed by the training/simulation 
MatLab [11] algorithm, during the model’s training phase, whose goal is to minimize it. The following equation 
describes the method of computing the MSE value: 

( )2

1

n
i i

i

x y
MSE

n=

−
=∑  

Equation 5- Mean Squared Error 

Where 

xi, - represents real values. 

yi  - represents predicted values. 

The values provided by the MSE, should be taken into careful consideration, since the MSE value is directly affected 
by the absolute real and predicted values. 

b. Mean Absolute Deviation 

This performance index results from the need of explicitly measuring the deviation of the prediction when comparing 
with true real values. This new metric was requested by the users because they felt that expressing the performance 
of a model in terms of: “how may times it outperforms the naïve model – Naïve Performance Index ?“ was not clear 
and intelligible enough. 

By using the MAD (Mean Absolute Deviation) performance, one could absolutely say that a certain prediction had an 
average absolute deviation of x watts, over a given period of time. 

Next equation shows how the MAD performance index is computed: 

 



Cod. FUZZY_333_006_1-0 Ed. 1-0 Date 25.05.02 Pag. : 7/ 9 
 

1

n
i i

i

x y
MAD

n=

−
=∑  

Equation 6- MAD (Mean Absolute Deviation) 

c. Naïve Performance Index 

The naïve prediction index estimation is performed through the computation of the ratio between the MSE of the 
MatLab model and the MSE of the naïve prediction. The main aim of naive prediction is to assume that the last 
known value will remain the same for the forecast horizon period. For example, assuming we want to predict how 
the weather would be on the next day, we will assume it’s state will remain the during the time interval between the 
whole forecast period (since the time, where the prediction was done, until the predicted time). Therefore, assuming 
today is a sunny day, we will assume tomorrow will also be sunny, and if it is snowing, probably tomorrow will be a 
snowy day as well. Applying the same logic to our problem, we will assume that the predicted available power will be 
the same as the last known available power, which will remain constant through the whole forecast horizon period, 
typically, 2 days or 4 days on our case. This index functions as means of measuring, the number of times, the MatLab 
model is better than the naïve model. The index is computed by the following equations: 

( )

( )

NaiveModel

MatLabModel

MSE
I
MSE

=  

Equation 7- Performance index 

Where, 

( )
( )2

1

n
i i

MatLabModel
i

x y
MSE

n=

−
=∑  

Equation 8 - Mean Squared Error for the MatLab model 

And  

( )2

( )
1

n
i i d

NaiveModel
i

x x
MSE

n
+

=

−
=∑  

Equation 9 - Mean Squared Error for the naïve model 

The interpretation for the Index, I, is: 

I = 1: The MatLab model has the same performance as the naïve model. 

I < 1: The MatLab model provides a worse prediction than the naïve model. 

I > 1: The MatLab model provides a better performance than the naïve model. 

During the development process of predictive models, the user should of course try to maximize this value (I). During 
the long predictive model development process, we found that typical optimal values for I, in the ]1.0, 1.3] interval 
are expected. 

4.2 RESULTS 
After the training and testing two different predictive models were selected to be included in the software tool: a 
predictive model for a 2-day forecast horizon and a 4-day forecast horizon. Both models were built with input time 
windows of eight half-days. 

We now present a small table, which summarizes some of the resulting model performance achieved (using an Elman 
Network recurrent architecture with a 2-days forecasting horizon): 

Model 
Numb.

Naïve 
Performance

Index 
MSE MAD 

1 1,20092500 101,80000000 8,26726800 

2 1,18204300 103,43000000 8,41026800 

3 1,21509100 100,61000000 8,20219400 

4 1,17596700 103,96000000 8,36573100 

5 1,17797600 103,78000000 8,39196900 
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6 1,23104400 99,31000000 8,15606100 

7 1.19939800 101,93000000 8,28267900 

8 1,19468600 102,33000000 8,28892900 

9 1,17808500 103,77000000 8,32911400 

10 1,17238200 104,28000000 8,38316200 

Table 7 –Performance measurement indexes’ table. 

For the readers reference, optimal values for the performance indexes found on the previous table (see Table 7), 
would be higher than 1 for the Naïve Performance index (see section 5.1.), lower than 110 for the MSE and lower 
than 10 for the MAD. 

 

Figure 4 – Prediction model output for a two-day forecasting horizon 

In Figure 4, we can see the output produced by model number 7 (see Table 7). The darker line represents real data 
points (each data point accounts for the maximum delivered solar array power during consecutive 12 hours), while 
the lighter line represents the forecast based on the previous past 8 half-day values (last four days). As can be seen 
the neural network model, responsible for the forecast generation, produces very similar results when compared with 
the real solar array performance. In short, our models’ forecasts are able to follow the trend of a solar array 
outputted performance, thus providing a valid estimation value of the expected solar array outputted power within 
two days distance, given the past 8 days. 
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5 CONCLUSION 
The Solar Array Monitoring System combines a new state of the art Decision Support approach (Data Warehousing & 
OLAP) with added value Data Mining model management services (Model Manager component, providing solar array 
performance degradation estimations based on Recurrent Neural Network prediction models) for maximum data 
navigation capabilities and increased data monitoring awareness. 
The Solar Array Monitor System has just been successfully installed at the ESA/ESOC operation facilities (Darmstadt). 
The results produced by the prediction component, look promising, when analysed in conjunction with the whole 
developed DSS, which provides data exploration capabilities. The benefits from system usage is expected to 
considerably improve as soon as feedback from radiation experts is received. 

The tool interface is depicted below. 

1 2

The Solar Array Monitor System is formed mainly by  3 components (the third 
component provides back-end data storage and retrieval and is not shown). The 
depicted software (OLAP client), provides the graphical interface with the user to the 
data stored on the Data Warehouse (back-end component). On this particular case, 
several pre-designed reports with the relevant information were created.

1

2

The Model Manager component, 
provides management services of solar 
array performance degradation models 
based on Neural Networks. Totally 
developed on MatLab, it assists the user 
in the complex task of creation, update 
and deletion of predictive models 
through easy-to-use wizards. 
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