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Abstract: In this work we explore the application of Neural Networks to Space Domain Awareness (SDA) by 

modeling light curve predictions from historical data. This is done using a variety of models, including Feed 

Forward/Deep Neural (DNN) [1] and Long Short-Term Memory (LSTM) [2] Networks. Our current results serve as 

a strong indication that this type of approach will yield new advantages towards light curve anomaly and Pattern of 

Life (PoL) detection when used with ground-based sensor measurement data. 

 

1. INTRODUCTION 

 

With levels of technology increasing rapidly world-wide, space has become an increasingly contested domain in 

defense. It is imperative that the United States continues to grow and improve upon its current Space Domain 

Awareness (SDA) capabilities.  Having greater knowledge of one’s environment leads to safer and improved 

decision-making while operating inside of it. In this study we focus on improving SDA by characterizing satellites 

and their patterns of life (PoL) through analyzing historical data to forecast Visual Magnitude and light curve 

patterns. In previous work [3, 4], we have been successful in showing the application of Machine Learning (ML) to 

SDA data gives rise to improved detection of satellite maneuvers as a function of time. In this study we take a 

similar approach and apply ML techniques to satellite observational data to predict future trends in Visual 

Magnitude/light curves for a single satellite. We create models that characterize light curves based on a finite input 

window of observable measurements and output possible patterns the light curve may exhibit. We explore how these 

patterns can be used to alert analysts of anomalous activity when compared to the real-time data. Here we apply ML 

and Neural Networks to time series forecasting, focusing more on the application of these tools than delivering a 

fundamental background and derivation of Deep Learning. In Section 2 we introduce the data set we will be using, 

Section 3 we set up the feature space for future modeling, Section 4 we perform model experiments and 

benchmarking, and in Section 5 we give our conclusion. 

 

2. LIGHT CURVE DATASET AS A NON-UNIFORM TIME SERIES 

 

The data used in our study comes from EchoStar 7, a GEO satellite with Norad ID 27378. It was gathered over 

a period of roughly nine months, between August 2016 to April 2017. The data strongly resembles the challenges in 

using current Electro-Optical (EO) data and has a large number of samples (nearly 519 thousand time points) to add 

robustness to future modeling approaches.  

Before we apply Machine Learning (ML) models to the data, we preprocess the data, performing general 

cleaning and feature engineering tasks. The first challenge we face in using light curve observational data typical to 

that in EO data is the observational data can be locally dense around small time scales but globally sparse in nature 

depending on sensor tasking and settings. Thus, the first step in our preprocess procedure is to gain general 

understanding of basic characteristics of the dataset, and how to handle the non-uniform sampling of the data.  

Irregular time steps complicate what it means to predict/forecast the Visual Magnitude at the next time step. 

Much of the irregularity comes from the nature of satellite observation and how the majority of optical sensors 

observe them at night only. Other reasons may be due to specific sensor tasking or hardware challenges like 

individual differing sensor sampling rates. Due to these irregularities in the light curve data the model may be able 

to speak to the magnitude of a given measurement, but unless handled carefully will not be able to associate “when” 

the measurement occurred. If the difference in time between measurements becomes too large, the relevance 

between samples is drastically decreased.  
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The data we use for EchoStar 7 is not uniform in sampling and has many gaps between nightly visibility. This 

trend can be seen in Fig. 1. Several large gaps can be seen in the 519K data points (Fig. 1, top), while over shorter 

time periods we can see the nightly cycle of Visual Magnitude values shown in “v” shapes (Fig. 2, bottom) as the 

satellite travels near a given sensor separated by time values of less than a day. A major challenge arises even 

amongst the nightly data, as every night does not always guarantee uniform sampling or the same number of 

measurements taken.  

 

 
Fig. 1. EchoStar 7 light curve observations. Top: This figure shows the raw observations for EchoStar 7 between 

August 2016 and April 2017. The x-axis is date and the y-axis is Visual Magnitude measurements in Mv. The color 

of the scatter point corresponds which ground-based sensor a given measurement was taken from. Bottom: A 

zoomed-in view of the light curve data, showing the nightly periodicity of Visual Magnitude PoL.  

 

It will help guide our future analysis if we can systematically characterize both these gaps in measurements as 

well as the density of samples. In this scenario density refers to the number of samples/measurements taken under a 

set time frame (points per time). To do so we focus on the timestamp of when an observation was made on an 

individual basis, and group/cluster the data based on a selectable threshold (i.e., 15 mins). We do this instead of 

aggregating samples, since the gap in time between nightly sequences would still introduce many missing 

values/unobserved sections for short duration aggregation and a coarse aggregation would drastically limit the 

sensitivity to light curve trends over a meaningful time period. 

To cluster our measurements, we group samples together into sections that have a gap less than 15 minutes 

apart. As an example, if we began taking measurements over an hour period, all measurements would be assigned 

group 1. If at 35 minutes into collecting data we did not receive another observation for 15 minutes, we would begin 

labelling the data in a new group. The samples collected from timestamp 50 minutes and on would be put into group 
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2. We would then repeat this process for all collected data, continuing for as many observations as we had and 

updating groups for gaps greater than 15 minutes.  

This is the process we follow for our EchoStar 7 data, grouping and clustering by gaps in time. We are then able 

to analyze how many observations belong to a given cluster and quantify the complex nature of the dataset’s 

temporal density. Results of this procedure for the training/cross-validation data (described in Section 4) are shown 

in the histograms displayed in Fig. 2.  

 

 
Fig. 2. In these figures we display the density of the data, described through clustering the observations around gaps 

in measurements greater than 15 minutes. The x-axis is the number of observations within a given cluster, and the y-

axis is the number of clusters. A) This shows the full range of the density. We can see that most clusters have less 

than 1000 samples. B) We show the small range, casting the histogram with clusters between 0 and 150 observations 

within. C) This shows clusters between 100 and 8,000 observations.    

 

This type of clustering is beneficial in characterizing large gaps in time existing in the data, as well as the 

temporal density around the non-uniform sampling. The histograms in Fig. 2 express the extreme challenges light 

curve analysis faces when the data temporal density is quite complex. There is a large number of clusters that have 

less than 200 observations/measurements, meaning this dataset contains many very small clusters of observations 

that are separated by more than 15 minutes from the rest of the data on either side. Other sections of the dataset have 

sections of time where there is no gap greater than 15 minutes for 1,000 to 5,000 observations in a row. These 

sections of the time series are much denser. Since we have nightly optical measurements this would make sense, as 

most nights we obtain relatively steady data. At the tail we observe several sections of data where 5,000+ samples 

are taken without a 15-minute break. We use this understanding of the EchoStar 7 temporal density to motivate 

future historical window parameter choices when searching for the optimal window size, as seen in Section 4.3. 

We stress this globally sparse/locally dense nature to preface our approach for Visual Magnitude forecasting. In 

most forecasting approaches uniform sampling is required so that common frequency/regression/convolution 

approaches can be taken. Without uniform sampling there is no way for a method to tell when the forecasted 

measurements take place. Many basic methods do not allow non-uniform sampling in the input data for the 

algorithm to perform. We approach this problem from an abstract sense. Time is typically an independent variable in 

a forecasting problem that drives the rest of the solution. However, due to the stochastic nature of when optical 

measurements are made from the ground-based sensors, we cannot in this instance treat it as such to say how many 

or when a measurement(s) will come. In these first iterations of this work, we only tackle forecasting the magnitude 

of the light curve, and not when the values actually arrive. We will describe the models we use in greater detail in 

the beginning of Section 4, but for now we focus purely on the series generation aspect of the problem. 

In doing so, we formulate a solution that forecasts the very next light curve measurement as to avoid multiple 

predictions into the future at once. Working under these assumptions, we could think of the samples being of 

uniform sampling in some abstract space, but not seek conversion between that reference time and the original time 

frame. Framing the problem in this fashion then naturally lends itself to Neural Networks, where the model and its 
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hidden layers can learn from the sequence of values unburdened by the human aspect of when a measurement is 

from. This idea of teaching Neural Networks about sequences, especially cyclical sequences, leads us to applying a 

Long Short-Term Memory (LSTM) Network [2] as our solution of choice. 

 

3. TIME SERIES ROLLING WINDOW PREPARATION FOR NEURAL NETWORKS 

 

In this section we prepare the data for machine learning. We do so by cleaning the data, performing feature 

creation, and formatting the data in a way that is most beneficial for a model to learn the intricacies of the sequential 

nature of the light curve data. As a result, we cover what numerical features we have/can calculate, and what we 

encode into relevant numerical information from categorical features included in the data set. The feature 

engineering is done to mitigate characteristics in the raw data that may weaken the prediction power of our final 

model. We also describe and show examples of the rolling window approach we took to give temporal 

understanding to our data and to prepare it as inputs in an LSTM Neural Network [2]. Doing so allows us to connect 

the past nature of the data to current measurements. 

Before explaining the rolling window process, it is best to step back and briefly look at the problem from a very 

basic level. We apply Deep Learning to model and predict Visual Magnitude values, but at its core this is an ML 

supervised learning regression style problem. Supervised learning is the idea of teaching a computer through 

algorithms and data pairs of samples and targets. In regression problems we have a set of independent data we wish 

to use to model the values of a dependent variable. In the case of a single independent variable, this argument 

simplifies to the idea of a “best-fit line”, where the equation of a line can be modeled and used on unseen data to 

give a better understanding of what its dependent value might be. We have been referring to the independent 

variables as our features, and the dependent variable we wish to predict as the target. If one were to think of the data 

as a table, such as Fig. 3, we could separate the target and features as seen in Fig. 4. In this way, each row is a 

sample consisting of features and a single target value. If we give the model enough samples, we hope that we can 

learn the behavior between feature and target to predict on previously unseen feature data with high accuracy. 

 

 
Fig. 3. Example data from Satellite EchoStar 7. In the orange box we see numeric data we wish to use to model the 

behavior of the Visual Magnitude. Here “Observation Time” is the timestamp of the measurement coming from a 

specific ground sensor. 

 

 

Copyright © 2021 Advanced Maui Optical and Space Surveillance Technologies Conference (AMOS) – www.amostech.com 



 
Fig. 4. In supervised learning we use features and target variables to build models and algorithms to predict new 

target values for unseen features. Here the blue box shows an example of the features we use, and the red is the 

target. In this way a model is trained to predict “Visual Magnitude” values for unseen feature data. 

 

To build a strong model capable of predicting unforeseen data (measurements from the future) it will be 

important to teach the model using only historical data. Our data includes previous measurement fields such as 

Visual Magnitude, Solar Phase Angle (SPA), Solar Declination, and Brightness. Both Solar Phase Angle and Solar 

Declination are given in degrees, while the units of the Visual Magnitude are Mv. Not included in our approach is a 

column for a range estimate of the satellite. We take this approach due to missing range measurements in future data 

and is supported by the small variation in distance between a GEO satellite and ground-based sensor pairing. We 

currently use astronomical calculations to populate the Solar Phase Angle and Solar Declination columns. The 

Brightness is a transformation to ‘relative brightness’ between the flux density of the measured Visual Magnitude 

and the flux density of the average Visual Magnitude seen over the data set. It takes the form 

 

3.1 𝑏𝑟𝑖𝑔ℎ𝑡𝑛𝑒𝑠𝑠 = 10^[0.4(𝑚𝑎𝑔̅̅ ̅̅ ̅̅ − 𝑚𝑎𝑔)] 
 

where the overbar denotes an average over all Visual Magnitude values in the current data set and the factor of 0.4 is 

scaled appropriately to return a unitless value. 

Even with non-uniform sampling we keep the data in chronological order, so that the model learns that 

sequencing is important, and create window samples for our feature/target pairs. This rolling window sample 

technique is standard in ML time series regression today, but we found inspiration for this method using TensorFlow 

[5]. The window moves over the samples in chronological order, stepping forward one sample at a time. An example 

of two rolling window samples can be seen in Fig. 5, where after the windowing process the blue box shows a single 

window sample, and the red is a single Visual Magnitude target. The model then learns from a large number of these 

feature/target window samples in order to predict future behavior. Opposed to the flat arrays that made up the data in 

Fig. 4, both feature and target variables will be multi-dimensional and consist of this sliding window in time. The 

dimension size is given as the number of window samples by the feature/target window size by the number of 

features/targets (or number of columns used). As an example, if the data in Fig. 4 had 100 measurements and we 

performed the windowing process as in Fig. 5 (window length of 5), the resultant dimensions would be (sample size, 

window size, number of columns) = (95,5,4) for the features, and (sample size, window size, number of columns) = 

(95,5,1) for the targets. Specifically, the number of window samples given to the model for training will be equal to 

the difference between number of raw observations and the window size. The size of the rolling window for the 

features can be adjusted, and later we will use it as a parameter to be tuned in the model to improve accuracy of our 

predictions.  
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Fig. 5. An example of creating time series windowed data, where our feature window has a length of five 

(number of rows used, blue box) and the target window a length of one (red box). We can see from the first sample 

to the second sample both windows have shifted forward one measurement. This process would be done for the 

whole data set, resulting in a new windowed multi-dimensional feature and target data set. 

 

In this analysis we focus on a target window of size one, which we call a single time step prediction. The single 

step prediction is limited for future prediction, given that using historical data only allows the model to predict one 

sample into the future. We are careful here to discuss predictions by sample size and not by time frame due to the 

irregular time steps we discussed earlier. If we had regular time steps, we could reframe the problem in a way to 

predict an exact period into the future, but due to our constraints the best we can say is to predict one future sample 

from the model for a given rolling window sample. 

After the windowing process we also perform several other feature engineering tasks to aid the success of the 

model. The first step is to normalize the previous numerical data to zero mean and unit variance, as is typically done 

for Neural Network applications. We then build in knowledge of the categorical sensor ID information via one-hot-

encoding/dummy variables. One-hot-encoding is a process of creating new columns that hold binary numerical 

values and signify what sensor a measurement came from. This process can be seen in Fig. 6. Our current data limits 

us on numerical sensor information, so we take the one-hot-encoding approach [6]. In the future we hope to have 

greater access to a variety of providers and use geographical data (longitude/latitude) of the sensor location over this 

categorical encoding. In Fig. 6 the data was limited to 3 sensors, but the data for EchoStar 7 spanning our 9-month 

dataset has 24 sensors. The same process can be followed for the EchoStar 7 dataset, the major difference being the 

column space will grow from four (the original numerical) to 28 (24 sensor columns). The one-hot-encoding process 

also assumes that future data will not include a new sensor, as data input shape must remain the same once a model 

is trained on a given set of data. There are ways around this, such as pre-network feature encoding similar to Natural 

Language Processing techniques  (e.g.,Word2vec) [7, 8], but this approach is out of scope for our current analysis. 
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Fig. 6. We capture the categorical nature of which sensor a measurement was taken from through a process 

of one-hot-encoding. Here, for a list of Sensor IDs, we create new columns that serve as true/false if a measurement 

came from that specific sensor. The last three columns in the orange box would be these sensor columns, wherein 

this example all measurements are from Sensor 02. 

 

Finally, to aid against our irregular time steps for every windowed sample, we create new columns that aid in 

the model learning about the time constraint through the difference between measurement values. This is done by 

taking the difference between the first value in a window sample for a given feature and all later values, creating 

columns that begin at zero and track the change in that value as the measurement evolves in time. Every time the 

window is moved forward the process is reset; an example is shown in Fig. 7. In our analysis we do not combine 

multiple satellites but handle a satellite separately with its own model. 

In this section we described what features our model will use, and how the rolling window sampling will 

improve the model’s ability to learn temporal dependencies in a non-uniform dataset. We also augmented the data 

by feature engineering numerical values to describe both categorical sensor information inside of the data and the 

rolling difference between measured values. Preparing the data this way will allow us to use Neural Networks to 

input a rolling window of data and output a single prediction (per sample) to forecast the Visual Magnitude. 

 

 

Copyright © 2021 Advanced Maui Optical and Space Surveillance Technologies Conference (AMOS) – www.amostech.com 



Fig. 7. In this image we share the current feature data used in our models. The original 4 columns can be seen to 

be scaled, followed by the one-hot-encoding sensor columns. The final 4 columns are the rolling difference, reset 

every time a new window is considered. The two blue boxes make up two samples of the multi-dimensional data set 

(samples, window length, features) we will use to train a model. Note how the difference columns reset inside of the 

blue box that is an example window. 

 

4. NEURAL NETWORK EXPERIMENTS USING SATELLITE DATA 

 

The goal of this work is to validate that Neural Networks are useful in the application of time series forecasting 

for satellite light curve analysis. We do this to improve SDA by identifying anomalous behavior when a light curve 

time series shows uncharacteristic behavior when compared to models framed from historical data. To this end, this 

section describes the experiments we performed to choose an accurate model, explored the ideal rolling window size 

for the EchoStar 7 dataset, and tested different feature sets all in the effort to produce a single model that will be 

used against hold-out data to test accuracy. 

 

4.1 MODEL CHOICES AND FIRST PASS ACCURACY 

 

So far, we have focused heavily on the raw data and the processing we used to prepare for modeling. The 

formatting is useful not only to avoid the traditional “looking ahead” bias that comes in time series analysis, but also 

in the approach we will take in using Recurrent Neural Networks (RNN) in the form of an LSTM [2] to model the 

Visual Magnitude behavior. We will use both LSTM and standard Feed Forward/ Deep Neural Networks (DNN) to 

analyze our data, exploring the results of networks and their ability in making future predictions. LSTM models are 

popular for time series due to their ability to analyze complex sequential data while capturing characteristics that 

may not occur frequently. We test these two types of networks against our current data after preprocessing and 

cleaning. To ensure the networks are worth the effort of development and future work, we also test their accuracy 

compared to that of a basic baseline model based on moving averages. 

We input a sample consisting of a previous window of data and output a single Visual Magnitude value that is 

likely to come next in the sequence. The baseline does this by taking the average of the Visual Magnitude values 

given in the historic window and outputting it as the next best measurement. For most time series cases this 

approach is standard and typical under the assumption that the output is slow changing. It is a stretch to say our 

dataset fits this assumption well given the gaps in measurements, irregular sampling, and stochastic nature of when 

observations are made for a given ground-based sensor. However, the majority of the data fits the assumption well 

enough that we still chose this as our baseline to compare accuracy for future complex models involving Neural 

Networks. 

We focus on two Neural Network models here, one being a Feed Forward DNN network with two hidden layers 

of 32 dense neurons each (sometimes referred to as Dense in our figures), and an LSTM model with a single layer 

and 32 LSTM cells. It is not in the scope of this discussion to delve into the exact inner workings of the LSTM cells, 

only to know we are taking advantage of the networks properties at learning and “remembering” unique trends in the 

sequenced data. Both networks have a final output layer with a single neuron to output the Visual Magnitude, while 

the DNN includes a flatten and reshape layer in its architecture to appropriately use the rolling window samples [5]. 

The two major parameters we can tune in this type of analysis are the number of neurons/cells in the given hidden 

layers and the size of the moving window we use on our feature data. We do not currently optimize for number of 

neurons/memory cells, but instead begin with simple networks. By using simple networks in the beginning stages to 

outperform the baseline averaging, we can be fairly confident that future and more complex models should perform 

the same, if not better. 

As is typical in ML research and experiments, we split our data into a set of training data and a set of test data. 

It is important to set the test data aside for later, never training or changing parameters to the model after testing its 

accuracy. We do this to test as best we can the scenario of having new and unseen data by the model, avoid biases to 

the data, and to create a network that generalizes well to new data. We will refer to our training data as the cross-

validation set (explained shortly), and the test data as the blind set. The cross-validation set is the first 90% of the 

total EchoStar 7 data, and the blind data is the remaining 10%. The training samples are only rearranged by shuffling 

the rolling window samples, but not by shuffling the entire time series, as the windowed samples are not created 

with shuffled data. The order of the windowed data is important to leave intact for the models to learn about time 

series sequencing. The data sets can be seen in Fig. 8. We do not predict on the blind set until the very end of the 

analysis once we have a chosen set of parameters. For this study our parameters will focus on the number of samples 

included in the rolling window, and what features given in Section 3 will be used for training. 
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Fig. 8. Our data set for EchoStar 7 split into two sets: the cross-validation for training (blue) and the blind set 

(orange) for future accuracy testing. The x-axis is the timestamp, and the y-axis is the Visual Magnitude value in 

Mv. In this condensed view it is difficult to see the nightly cycles, but zooming in to a day view would reveal the 

trends shown in the bottom of Fig. 1. It is typical in ML research to set aside data for later use to remove bias while 

training a Neural Network/model by keeping unseen data for accuracy evaluation. 

 

The first experiment we perform is taking the cross-validation set and training the network on the first 90% of 

the set and computing the accuracy on the remaining 10% for all three methods described above using basic 

parameters. This translates to 420,047 observations used for training and 46,672 observations used for accuracy 

validation before the windowing process is performed on the data. In this analysis we use Mean Squared Error 

(MSE) as our accuracy metric to compare actual measurements to predicted model values [9]. The MSE is defined 

by 

4.1.1 𝑀𝑆𝐸 =  
1

𝑛
 ∑(𝑝𝑖 −  �̂�𝑖)

2

𝑛

𝑖=1

 

where it is found by taking an average over 𝑛 data points, where the true value 𝑝 is compared to the model predicted 

value of  �̂�. The lower the MSE score, the better the model has done at forecasting values. We choose the MSE to 

compare the continuous nature of Visual Magnitude values, as well as being a little more aggressive in penalizing 

incorrect predictions inherent in the quadratic nature of this metric. 

 Visual Magnitude observations for a portion of the 10% validation set can be seen in Fig. 9. This portion of the 

data looks uncharacteristic and anomalous, but we still move ahead with predicting the observations one sample at a 

time given our three methods.  
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Fig. 9. A nightly view of the 10% validation portion of the cross-validation set. We again have the timestamp on 

the x-axis and the Visual Magnitude in Mv on the y-axis. This section of the data shows challenging data aspects, as 

the light curve is exhibiting a line directly in the middle of its typical “v” shape. This could be due to many things. 

Possibly in this case, the satellite was spinning causing the light curve to take on this unique pattern. 

 

The rolling window size is initially set to a length of 10 (so that the past 10 samples are used to predict the next 

sample) and the features used are Visual Magnitude, Solar Phase Angle, Solar Declination, and Brightness. Our 

experiments were done in Python using the TensorFlow [5] and Keras [10] libraries, where the Neural Networks 

used the ADAM [11] optimizer and early stopping when accuracy gains slowed for training. We used early stopping 

in an effort to best reach model weight convergence, instead of training for a set number of Epochs/iterations for the 

DNN and LSTM models. Results for this first pass can be seen in Fig. 10, where we show predictions for a portion 

of the back 10% of the cross-validation set (the total set contains nearly 47,000 observations). Of the three networks 

the LSTM performs best with an MSE of 0.0223 Mv squared, followed by the DNN with a score of 0.0247 Mv 

squared, and last is the baseline model performing at 0.0359 Mv squared. In terms of MSE, lower scores are better, 

as we wish the predictions to lie closer to the actual measured values. We can see some challenged fits around the 

nightly gaps, but in the current state of the data this seems to be expected and normal behavior since drastic changes 

between samples cannot be smoothed without aggregation of some type. This is a good sign that both Neural 

Networks outperform the averaging baseline, and that the LSTM does best. 
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Fig. 10. Model prediction results for the first pass test using the three models of interest. For each figure, the x-

axis shows the data while the y-axis shows the Visual Magnitude in Mv. We can see positive results through not 

only limiting the MSE score but can also visually tell model accuracy and success through the way the predicted line 

closely overlays the actual observations. Top: This is the baseline averaging model, taking the average of the 10 

historical Visual Magnitude measurements that appear in the rolling window to predict the next sample (red lines are 

predictions, black lines are actuals). Middle: The DNN using multiple hidden layers and fully connected neurons to 

predict the Visual Magnitude (blue lines are predictions, black lines are actuals). Bottom: The LSTM network 

predicting the Visual Magnitude using a rolling window of size 10 (green lines are predictions, black lines are 

actuals). All three plots share the MSE on the 10% validation set, with the LSTM network performing best. 

 

4.2 CROSS-VALIDATION APPROACH AND FINDING THE BEST PERFORMING MODEL 

 

To ensure that the LSTM network truly is the best performer we use our cross-validation set to perform an 

iterative analysis over different data stretches. In ML this is called cross validating the data, hence our name for the 

training set. As we have stated previously, it is important in time series data and time series regression style 

problems to not shuffle the raw data to avoid the model learning about the future at the wrong time and becoming 

biased. Instead of shuffling for cross-validation, we take the cross-validation set and split it into 10 equal sections, 

each section having 10% of the data. We then iteratively perform training and prediction testing by increasing the 

amount of training data 10% at a time and predicting on the next 10% for validation until the data is exhausted. In 

other words, the amount of data used for training follows the sequence 10%, 20%, 30%, 40%....,90% of the cross-

validation data. We can refer to the amount of training data as “Training Set Percentage Size”. This process can be 

seen visually in Fig. 11 for the first 5 iterations. This process is done until the final iteration where we use 90% of 

the cross-validation set to train and 10% to validate model MSE results. 
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Using this method of dividing our data for multiple tests we can now use each iteration to compare the 3 

models. We again keep the rolling window parameter set at 10 samples and compare the models over the cross-

validation set. For comparison we again use the MSE as our metric and show results of this test in Fig. 12. 

 

 
Fig. 11. First 5 cross-validation subsets used to test robustness of model outcome. For each figure, the x-axis 

shows the data while the y-axis shows the Visual Magnitude in Mv. Here we cannot truly see the shape or trend of 

the Visual Magnitude but use this to simply show the 10% iterative cross-validation plan. For each new subset we 

add 10% to the training data (blue) and predict the model outcome on the next 10% (orange). We do this recursively 

until we reach training with 90% and testing on the final 10%. 

 

 
Fig. 12. Cross-validation results comparing the MSE score between the three models of interest. For both 

figures, the x-axis is the percentage of the cross-validation set used for training, while the y-axis is the MSE for the 

points found in the next 10% in units of Mv squared. The lower the MSE, the better the model has done at predicting 

future Visual Magnitude values. Left: Here we share the results over all 9 cross-validation splits, noting the 
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extremely high score for the DNN (orange). Right: A rescaled view of the results, capturing the set splits from 20%-

80% to better show the MSE comparisons (baseline in blue, LSTM in green) that are closer in scale. 

 

We can see in Fig. 12 that the most consistently performing model for the EchoStar 7 cross-validation data set is the 

LSTM network. At times the DNN performs slightly better but appears to struggle with consistency. This variation 

could also be due to the large gaps in the early parts of the data set, where the baseline and DNN will suffer from 

larger gaps in data. In the early stages the Neural Networks struggle with outperforming the baseline, but once they 

have access to a sizeable amount of training, data quickly perform better. This is typical of Deep Learning, 

reconfirming that these types of models need access to a large amount of training data to perform well. The best 

performing at predicting single step Visual Magnitude values, and most consistent model, is the LSTM network. 

Due to this, subsequent experiments will focus on using the LSTM only. 

 

4.3 SEARCHING FOR THE OPTIMAL ROLLING WINDOW PARAMETER 

 

Now that we have narrowed our model choice down to the LSTM, we wish to focus on other parameters that 

will affect the accuracy of the predictions. Namely, the rolling window size and the number of features used during 

training. For both cases we use the same 9 subset iteration process (Fig. 11) to test the cross-validation set and see 

what parameters perform best. 

First, we examine the window size parameter. We begin by choosing two sizes by hand, 10 and 50 samples. For 

larger window sizes (and future work) it will be better to have an automated approach to choosing a window size. 

Not all satellites and light curve data will have the same density and gap characteristics as EchoStar 7 in this 

timeframe. Currently our solution is to return the cluster/grouped data from Fig. 2. By analyzing the density and 

focusing on the number of samples in the majority of clusters we can systematically choose a range of values from 

that information. In this analysis we found our other sizes to be: 97, 146, 194, 243, and 292. In Fig. 13 we share our 

cross-validation results for all windows and subsets, except for the final subset with the window size set at 292. The 

data shapes and sizes in these tests begin to get quite extreme, training on over 400,000 windowed samples in the 

case of the final subset. Due to this and its large window size the final window test ran into resource complications, 

so we currently leave its score empty as Not-A-Number (NaN). Despite this, we can see in Fig. 13 as we train with 

more and more of the cross validation set the MSE becomes less sensitive to the window size chosen over the 

explored parameter space. Due to the large nature of the dataset we would expect this, as the rolling window may 

not be as large, but the model has still been exposed to many Visual Magnitude samples. 

 

 
Fig. 13. Cross-validation results comparing the MSE score between different rolling window sizes. For both 

figures the x-axis is the percentage of the cross-validation set used for training, while the y-axis is the MSE for the 

points found in the next 10% in units of Mv squared. The lower the MSE, the better the model has done at predicting 

future Visual Magnitude values. Left: Here we share the results over all 9 cross-validation splits, where we see the 

most variation in the first subset of 10% training (first grouping of columns on far left). After this the scores tend to 

be comparable to each other. The outliers may be due to a window falling directly on a gap in the data. Right: A 
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rescaled view of the results, capturing the set splits from 20%-80% to better show the MSE comparisons that are 

closer in scale. 

 

4.4 FINE TUNING FEATURE SELECTION 

 

The final parameter space we explore is the choice in features used during training of the model. Given the 

choices from Section 3, we test the cross-validation data against three distinct choices. We will refer to them as Base 

Features, Base Plus Sensor Features, and All Features. For Base Features we include the four columns: Visual 

Magnitude, Solar Phase Angle, Solar Declination, and Brightness. In Base Plus Sensor Features we include the 

previous four but add the one-hot-encoded numerical sensor columns (see Fig. 6). For EchoStar 7’s data this will 

result in a total of 28 features for base-plus-sensor features. The All Features set will include all previous features, 

with the addition of the cumulative difference columns added per window given towards the end of Section 3 and 

seen in Fig. 7. This gives a size of 32 features for the full feature set. 

We again use the percentage split cross-validation subsets to test each of these three feature sets, training an 

LSTM network for each and calculating the MSE accuracy on that subset’s validation data (the next 10% of data). 

For the rolling window size parameter, we chose a smaller value to save on computational resources and training 

time. In an ideal world we would perform a more rigorous cross-validation test comparing all combinations of 

networks, the differing window sizes, and the feature sets considered. Under current constraints, time, and 

computational resources, we have opted to test them separately, changing only one parameter at a time. Given this 

and the closeness in scores shown in Fig. 13, we set the rolling window size to 10. Shown in Fig. 14 we see the 

results of feature selection. From these results we can see that for the third validation split the Base Plus Sensor 

Feature set had quite a large error compared to the rest of the trials. This could be for several reasons, but we suspect 

the sparsity of the one-hot-encoded rows and the gaps in data create a situation for the accuracy to diminish here. 

After that subset the rest of the cross-validation splits settle to values close to each other.  

We can see though that the Base Features do not always perform the best (e.g., Training Set Percentage Size set 

at 80% of total cross validation set) but performs quite well for the other subsets. Given these results, and the future 

complication of needing an exhaustive list of sensors used in both training and blind data, we opt to say the best 

choice is Base Features. There could be a situation where new unseen data has a different sensor configuration, and 

this would make the Base Plus Feature or All Feature trained model incompatible if those extra features were to be 

used as model inputs. For our final model used on the blind data we will choose Base Features. 

 

 
Fig. 14. Cross-validation results comparing the MSE score between different features selected for training. The 

three options range from Base Features all the way to Full Features which include categorical encoded sensor data 

and sample difference data. For both figures the x-axis is the percentage of the cross-validation set used for training, 

while the y-axis is the MSE for the points found in the next 10% in units of Mv squared. The lower the MSE the 

better the model has done at predicting future Visual Magnitude values. Left: Here we share the results over all 9 

cross-validation splits, where we see the most variation in the third subset of training. After this the scores tend to be 

closer in accuracy. The outliers (orange spike) may be due to a window falling directly on a gap in the data. Right: 
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A rescaled view of the results, lowering the y-axis limits to better show the MSE comparisons that are closer in 

scale. 

 

4.5 FINAL MODEL AND PERFORMANCE ON BLIND DATA 

 

In the previous sections we have explored several model choices, as well as the LSTM model space defined by 

the data features and rolling window size. We have found the LSTM model to perform the best, and out of the tested 

parameters the Base Features give the best and most consistent result. There was no strong indication under current 

data and window size parameters that any one given window size performed better than the other, so for evaluation 

on the blind data we will use a size of 100 samples for the rolling window. Given we are only training a single 

model, and not multiple cross-validation experiments, we can use a slightly larger size as opposed to Section 4.4. 

We also use the full cross-validation set for training, and this time predict on the unseen blind data. The MSE metric 

will again be used to benchmark how accurate our predictions are. For the blind data we get an MSE of 0.0158 Mv 

squared, and visual results can be seen in Fig. 15. Remember, even though there are multiple predicted points in Fig. 

15, the way the model works is to use the previous 100 features to predict the very next Visual Magnitude value. In 

a real-world application of this model this would require the data to be at least 100 samples before you could begin 

making future forecasts. 

We can see in Fig. 15 that the LSTM (green line) does a good job following the trend of the light curve (black 

line). There are portions of the time series that have gaps between nights, as well as behavior in the middle of the 

“v” trends typical with a satellite getting occluded by the Earth. The behavior is exhibited through the spikes and 

dips similar to those shown in Fig. 9 (resulting in the triangle shape in Fig. 15 left and the diamond shape in Fig. 15 

right). Other sources of noise and anomalies not shown directly are light curve noise due to ground-based sensor 

ability and out-of-pattern time series from spin instability. Given these challenges, we can see the LSTM is still able 

to pick up on the light curve trend from its training data. The model is able to follow the light curve PoL closely, 

taking advantage of previously seen historical behavior. Overall, we are quite pleased with the LSTM performance 

and the results shown in Fig. 15. 

 

 
Fig. 15. Final LSTM model performance on our set-aside blind data from EchoStar 7. It achieves an MSE of 

0.0158 Mv squared. The lower the MSE, the better the model has done at predicting future Visual Magnitude values. 

Both figures have the timestamp on the x-axis and the Visual Magnitude in Mv on the y-axis. Left: This is a 

zoomed-in view of the blind data, showing the first several nights of raw data (black) compared to the LSTM single 

step prediction (green). Right: A rescaled view of the results, zooming in on a single night. 

 

5. CONCLUSIONS 

 

In this analysis we have explored forecasting light curve data using Neural Networks. We were successful in 

showing that LSTM networks are capable of capturing the cyclic and repeated trends found in nightly light curve 

data. This was done by training an LSTM model on data from EchoStar 7 and predicting a single sample into the 

future based on a historical window of ground-based sensor data. Shown above we achieved an accuracy MSE of 

0.0158 Mv squared while forecasting future Visual Magnitude values. The problem is not trivial, as the data can be 

Copyright © 2021 Advanced Maui Optical and Space Surveillance Technologies Conference (AMOS) – www.amostech.com 



locally dense and globally sparse at times. Inclusion of daylight tracking for Visual Magnitude observations may 

help reduce the sparsity as seen in this current data set. The difficulty is compounded by the non-uniform sampling 

of observations that make up light curve data. However, we are confident that LSTM networks can improve 

forecasting these complex time series while outperforming basic models and working around sampling challenges. 

While this work has been successful, it is our hope to continue to explore LSTM applications to light curve 

data. Given the right dataset, we could expand our method to forecast Visual Magnitude values at set time intervals. 

Following the success here, we also hope to begin benchmarking this method against a variety of satellites we can 

access on the Unified Data Library (UDL) [12] to produce light curve anomaly analysis. Future scenarios of interest 

include identifying measurements as mis-tagged satellites and irregular light curves caused by changes in rotational 

state. In both cases, the light curve can exhibit deviations from previously exhibited patterns and comparing to an 

accurate forecast may distinguish these anomalies. 
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