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Abstract— Data collection and processing, while not new, have benefited in recent years from significant improvements in computer hardware, network speed, and multi-processing ability in particular. Concurrent improvements in software applications for data analysis and visualization have taken advantage of this increased capability. However, a new problem of having too much data to analyze completely or efficiently arises. Satellite systems have a variety of sensors on board, each recording data multiple times per second. The entire volume is rarely seen by human eyes, except following total system failure. While this provides vital information for the future, it would of course be ideal to utilize mission data in real time to fix mechanical failures, or perhaps avoid them entirely. The datasets collected from the Ice, Cloud, and land Elevation Satellite (ICESat) sensors are large and numerous enough to be considered big data, and are stored raw with little structure. Additionally, the datasets have been thoroughly reviewed by National Aeronautics and Space Administration (NASA) engineers, and therefore provide a verifiable basis on which to conduct big data experiments. Moreover, the primary instruments on board the satellite are known to have failed, and its sensors will provide potentially rich data for mining and analysis. 
I. Introduction

T

HE purpose of this paper is to summarize the use of big data analytics tools and techniques in the analysis of data collected by satellite sensors—a project which took place over the summer of 2016 in collaboration with Stinger Ghaffarian Technologies (SGT) Inc. in Greenbelt, Maryland, and the Configurable Space Microsystems Innovations & Applications Center (COSMIAC) at University of New Mexico in Albuquerque.  Special consultation was also provided by NASA Goddard Space Flight Center in Greenbelt, including members of the original ICESat engineering team. We would also like to acknowledge José Martínez Heras, Alessandro Donati, and Alexander Baumgartner, and all of their colleauges and coauthors at European Space Agency (ESA) for their work in the field of satellite big data analytics. Their Mission Utility & Support Tools (MUST) system, though not open source, is a software platform for performing processing and visualization of satellite data that largely accomplishes the goals described in this paper. However, with the exception of Microsoft Windows and Office, our analysis uses only free software tools available online, as well as Amazon Web Services (AWS) cloud infrastructure. The MUST system has been supporting spacecraft performance assessment, anomaly investigation, and mission data analysis since 2005.13, 14, 15
After this introduction, section II will briefly describe the notion of big data analysis and the motivation for its application to satellite data.  Section III will provide a synopsis of NASA’s ICESat mission, which serves as our data source, including a short review of the primary instrument failure. Section IV will describe the data products collected by the ICESat, to provide reference for the nature of the mission and scope for the actual size of the data. Section V will outline our data acquisition and analysis, and in particular the tools utilized. Section VI will discuss our findings as well as our ongoing work.   
II. Motivation
Two decades ago, the large problem with satellite data was in obtaining enough data from space to be able to perform analysis. At the 2016 Small Satellite (SmallSat) Conference, it was announced that 26 countries are currently building and launching a class of nanosatellites called CubeSats.1 Each CubeSat has its own suite of sensors. In addition, NASA announced that they would continue to provide free launches through their Educational Launch of Nanosatellites program (ELaNa).2 What this will achieve is a transition within the space sensor community from a data scarce situation to a data saturated environment over the next few years. Developers of satellites, especially of the growing fleets of small and cube satellites, should be able to harness these expanding pools of data to their advantage. Also, the ICESat-2 mission is underway with a planned launch during 2018. This follow-up satellite, already in production at NASA Goddard Space Flight Center, has approximately four times the capability as the original.3 
Big data analytics implies two things: 

1.  An extremely large number of records being created (perhaps in real time) and stored without traditional database organization or a dedicated management system.  

2.  The efficient analysis and transformation of those records into meaningful intelligence (perhaps via an automated, self-improving process).  

Traditional methods for validation, sorting, classification, and reporting break down when the number of records becomes too large for a person to examine line by line, even using a modern computer. Datasets can easily exceed Microsoft Excel’s built-in limits of 1,048,576 rows and 16,384 columns per single spreadsheet—in the case of ICESat, hundreds of spreadsheets were examined and each spreadsheet only comprised a fraction of the total data product. Traditional databases also require significant upfront organization and structure, and the analysis of the data requires additional processing time after events of interest may have occurred.  

Modern big data analytics can be applied in real time as data is collected, and though it goes beyond the scope of our experiments for this paper, the work can be automated and continually self-optimized by applying machine learning algorithms to classify incoming data and make predictions for future data values. In an ideal configuration, a big data operation should be able to run continuously with minimum manual interventions, securely sending results to authorized persons and systems. The most provocative aspect always is the potential to reveal correlations, trends, or otherwise interesting information that would remain unknown because of an inability or lack of time to properly analyze the volume of collected records. Very often the likelihood of striking gold while data mining is as rare as in mineral gold mining; however, both events could be very profitable if executed properly. 
But before more complex processes can be applied, it must be ensured that our basic analyses are at least as accurate and fast as methods utilized previously.  Our approach is to perform data acquisition and processing, including statistical analysis and visualizations, on large sets of NASA satellite sensor data (i.e. big data). The tools we use could theoretically be applied to any set of big data, and it is our concurrent research into NASA satellite and laser technology, and in particular the ICESat mission history itself,  that provides context for this application. We will examine sensor data collected from NASA’s ICESat mission. Our primary goal is to apply big data techniques and tools to historically recorded satellite sensor data. This allows for verification of the accuracy of our calculations, and comparison of their efficiency to the methods originally employed. Additionally, given that the ICESat’s primary components failed prematurely,4 our secondary goal is to examine specific sensor parameters within the records whose data trends may indicate or predict this component failure. Finally, a third overarching goal is to limit our programs and tools to open-source software as much as possible and assess the capability of each.
III. Background
The the first Ice, Cloud, and land Elevation Satellite (ICESat) was operated by NASA from launch in January 2003 until its scientific payload lost functionality in October 2009; the satellite was officially deactiviated during February 2010. The satellite provided an orbital platform for the Geosciences Laser Altimetry System (GLAS), a type of light imaging, detection, and ranging (LIDAR) device—the first LIDAR altimetry device of its kind deployed in Earth orbit. The scientific mission was to make detailed measurements of ice sheet elevation, cloud height, and land topography, and in particular their changes over time.5 According to NASA documentation written during and after the mission, the primary scientific data was successfully collected despite the malfunction of the primary GLAS instruments.6 This malfunction caused the GLAS lasers to expend energy more rapidly than anticipated, and thus have a much shorter mission lifespan than expected. This led to a tradeoff between energy-levels (and by association the likelihood of acquiring accurate results) and mission life, which NASA engineers evidently were able to balance.7 Specifically, the scientific data could still be gathered even with the laser operating at energy levels much less than total; however, more accurate measurements for greater areas of the earth surface would naturally have been enabled by the capability to expend more energy. A malfunctioning GLAS laser was not unlike an incandescent bulb, with greater illumination coming from higher energy levels, but growing dimmer as material dissipates with frequent use.    
The ICESat sensors only collected data during active scientific mission time frames, which were vernacularly referred to as “Laser Campaigns” or “Campaigns”.8 Furthermore, the GLAS LIDAR contained three individual laser instruments, and only one laser was utilized per campaign. Therefore, each scientific campaign’s name became associated with the particular laser being fired—Laser #1 was used for the first two campaigns, so they were designated as Campaign 1A and Campaign 1B. 
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Figure 1.
Laser Campaign operation history; number of records equals number of LIDAR shots per campaign. 

Laser #1 became nonoperational after only nine days into Campaign 1B, and much of the data collected was used directly to inform subsequent campaigns: 

 “To maximize its duration, the ICESat mission was re-planned to operate the remaining two GLAS lasers for three 33-day campaigns per year. This reduced the GLAS measurement duty cycle from 100% to 27%. Laser #2 was used for Campaigns 2A – 2C. Laser #2’s energy decline during Campaigns 2B and 2C is thought to be caused to a slow process associated with 532-nm photons and trace levels of material out-gassing. To mitigate this, Laser #3 was operated at a lower temperature and has experienced a slower energy decline rate than Lasers #1 and #2.” 8  

Laser #3 was operated at much lower energy levels than the others, which allowed its life to be extended for 11 consecutive campaigns (designated Campaigns 3A – 3K) before it went offline. Laser #2 was then brought back online for the final three campaigns of its life (Campaigns 2D, 2E, and 2F). 

The sequence and timeline of laser campaigns, with numbers of days and records, can be seen in Fig. 1.
In the case of the ICESat mission, NASA engineers were largely able to ascertain the causes and reasons for the premature instrument failure, and were even able to apply corrective and life-extending measures mid-mission while the satellite functionally orbited. We do not seek to upend the analysis that has already been done, nor do we claim to have discovered results that were previously unknown to anyone. However, we learned that much of the data analysis during the original ICESat mission was performed over the course of weeks and months using FORTRAN, pen and paper, and traditional albeit still very useful spreadsheets (per original ICESat team member account).
According to NASA’s Independent GLAS Anomaly Review Board: 

“The most likely cause of failure of GLAS Laser #1 was an unexpected failure mechanism in a pump diode array that resulted in excessive power degradation and catastrophic failure. Manufacturing of the laser diode arrays introduced excessive indium solder that resulted in a metallurgical reaction that progressively eroded the gold conductors through the formation 
of 
a non-conducting gold-indium intermetallic, gold indide.” 4   
Furthermore:

“The problem was in an inaccessible area in a commercial part and was latent in its effects, so its symptoms were not evident in the earlier prelaunch part life-tests or in flight laser tests. Since all flight lasers used the same part types, all were impacted by this issue.” 8
IV. Understanding the Dataset
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The ICESat’s sensors collected a variety of data, including engineering information such as condition-based maintenance readings of the satellite’s components, in addition to the primary scientific altimetry measurements. These datasets are stored at the National Snow and Ice Data Center (NSIDC) in Boulder, Colorado, are not classified, and are made publicly available on their website NSIDC.org. The raw data files exist in both binary and hierarchical data (HDF5) formats, and are separated by mission day with each day having at least one corresponding data file. Figure 2 shows how the ICESat data is arranged on the NSIDC website.
The data files for the days are then more broadly grouped into 15 folders called GLAH01 – GLAH15. Each GLAH (GLobal Altimetry HDF5) folder contains lists of each days’ readings, which are themselves further lists of parameters, subsequently followed by the lists of sensor readings (data records) themselves. The 15 folder names  and their sizes can be seen in Fig. 3.
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The lines of records contained within the data files are simply time-series lists of integers and floating-point numbers, with each record labelled only by a parameter variable. The variables’ definitions and units are stored in 15 accompanying data dictionary files. Knowing that there were malfunctions in the satellite’s primary laser instruments, particular attention was directed to the decline of laser energy over the course of mission campaigns. Much of our work involved combing the data dictionaries searching for sensor parameters (e.g. component temperatures, currents, voltages) that could be correlated with the target parameter of laser energy percentage (NRG%). Laser energy percentage (NRG%) was used as a proxy for overall laser life, as a laser operating at 0.0% energy level is functionally dead.  

Because we were most interested in the parameters related to laser energy, we acquired the GLAH03: Engineering Data set first. From this collection, we identified and parsed out the specific data points we wanted to examine in more detail. As the lasers were used one at a time according to campaign, we placed the parsed data points of interest into CSV files which were named by laser and campaign—that way we could quickly analyze each laser separately according to the dates when they were being used. Having separate files for each campaign also allowed us to transfer, open, and navigate through the data much more quickly than from a single massive file.
V. Data Acquisition & Analysis

Data had to be acquired by downloading entire GLAH folders, which could then be mined for the specific data points we were interested in. A typical work flow went as follows:    
A. Acquisition

GLAH03: Engineering Data was downloaded from NSIDC.org, which resulted in a folder containing a number of .h5 files (at least 582—one file for each active mission campaign day) The Python script timed out occasionally due to the relatively large size of the GLAH folder, but was flexible enough to allow us to edit the code to resume the download at the place where it timed out, without having to start over from the beginning of the folder. 

We manually sorted the HDF5 files into separate folders according to mission campaign date, which didn’t take long since we labelled the files according to date, and the mission campaign day information is also available on NSIDC.org. Still, we had to specify the exact format of the date and time labels. Furthermore, we had to verify their accuracy based on the UTC and J2000 standards.
B. Preprocessing

Before performing statistical analysis, the parsed data needed to be visualized so that preliminary analysis could be done. In order to visualize the data, we utilized a software suite called Elasticsearch, Logstash, and Kibana (ELK) from Elastic,9 a relatively new open-source data analytics company. These three packages work together to index data, perform searches on the data, and finally visualize the data. We deployed this software stack on Amazon Web Services Elastic Cloud Compute (AWS EC2).  The parsed data was stored on AWS Simple Storage Service (S3). This workflow can be seen in Fig. 4.
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The ELK stack, being a distributed technology, required multiple compute instances to form a cluster to optimize performance. Logstash and Kibana were allocated on their own single instances, while the Elasticsearch component was deployed onto three instances to form an Elasticsearch sub-cluster. Elasticsearch was the most resource intensive out of the three technologies, so having a dedicated sub-cluster of processors and memory was needed for best performance.  
Creating Elasticsearch in a cluster configuration has two main benefits: First, the cluster allows for more computing power and memory, so operations are completed much faster compared to a single instance. Second, utilizing a cluster provides the benefit of added redundancy. In the event that a node fails due to power loss or any anomaly, the data will not be lost because the index of data is broken into smaller pieces called shards. The shards are distributed randomly among the nodes, with backups, and the data in a shard is always duplicated on at least two different nodes. The caveat to redundancy is that there is inherent performance loss.
To mitigate this loss, several shard configurations were tested to see which configuration optimized performance, while still allowing for redundancy. The conclusion reached was that seven shards yielded an  
  index rate of 7,000 to 8,000 logs per second, with standard duplex. A string of data or row in the text file is referred to as a log in the ELK stack. Logstash parses a log into a JavaScript Object Notation (JSON) object that is added to an index where search operations could be performed. The search operations would yield results that Kibana can visualize. Kibana has the additional ability to form a dashboard, where all searches are saved and neatly organized in a central place.

In addition to using the standard ELK stack, several third-party and first-party server plugins were added and used. These plugins include Marvel, Head-plugin, Timelion, and Sense. The Marvel plugin displayed statistics on the health and performance of the whole ELK cluster. The Head-plugin displayed characteristics of the Elasticsearch cluster, which included where shards were allocated and specifically which shard was on which node. The Timelion plugin was designed for time series data, which appropriately worked well with the historical data form ICESat. Finally, the Sense plugin allowed for the implementation of Elasticsearch commands and search patterns, which utilize the RESTful API in order to interact with the Elasticsearch 

cluster.10 

Once the data was visualized using Kibana, the graphs and preliminary analysis indicated specific timelines where deeper analysis should be conducted. The deeper analysis involved using R and RStudio to perform the statistical analysis.11 Eventually, Microsoft R Open was utilized due to R’s limitation on memory and lack of multi-core processing.12 

C. Analysis and Visualization

After the HDF5 files were organized into folders by campaign, a Python script converted each folder into a CSV file, so that we had one CSV file for each mission campaign’s data. To verify that the data collected was true, we parsed out the Latitude and Longitude datasets, and plotted them in RStudio—we quickly realized that the points were plotting the ICESat’s flight path, as seen in Fig. 5.
We then made RStudio plots of the energy usage (NRG%) data for each of the 19 laser campaigns. We noticed that energy levels steadily decreased over the course of the campaigns. During the first campaigns of both lasers 2 and 3, the energy levels were intentionally much lower than for Laser 1 in order to conserve power. But during the last campaigns of a laser’s life the energy levels dwindled to zero, until finally the instrument went offline, as seen in Fig. 6 and Fig. 7.
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Figure 6 shows, from left to right, Laser Campaigns 1A, 2A, and 3A, the first campaign of each laser’s life. Notice first that Laser 1A’s higher maximum and overall energy. Second, notice how energy at the end of Laser 2A and during the entirety of Laser 3A is dramatically less than Laser 1A. Finally, the preponderance of blue in 2A and 3A is indicative of the increased number of negative and zero readings during those campaigns.
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Now, Figure 7 shows (left to right) Campaigns 1B, 3K, and 2F—the final campaigns of each laser’s life, in the order in which they were utilized. Notice that the maximum and overall energy levels are significantly less than in Fig. 6. For Campaigns 3K and 2F, the readings are almost entirely zero or negative.
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VI. Results and Discussion
A summary of our analysis of portions of the data collected from ICESat is presented in Fig. 8. After determining that high energy levels caused the lasers to fail more quickly, it indicates that the operators kept the laser energy as low as they could until each instrument eventually went unresponsive. This can be seen in the steady decline to zero of the NRG% Max column (right of center, bold). Our analysis of each campaign’s sensor readings shows that as lasers drew nearer to the end of their mission campaign life, the statistical measures of the readings (mean, max, quartiles, etc.) also trend more rapidly to zero. This trend is seen by the negative values (in red) steadily overwhelming the means and quartiles as the campaigns progress. Furthermore, the percentage of negative counts, compared to the total readings per campaign, also steadily increases, which can be seen in the %negatives column (center, bold). During Laser Campaign 2F, the final campaign of the ICESat mission, the entire dataset of NRG% readings are either negative or zero, and the maximum energy level reading is 0.00%. The true relationship between laser energy decline and the increase in negative readings is still unclear, but according to the numbers, as laser energy decreases (and by association laser life), the number of negative-value records for energy increases.
The primary goal of analyzing big data collected by satellite sensors was successful. We collected very large datasets, mined though the data for specific parameters, and produced visualizations of the statistical analysis performed. However, the majority of the data remains unseen as we only examined a fraction of the total collected by ICESat. The secondary goal of finding parameters correlated was laser energy was partially fulfilled—a relationship between laser energy and laser life certainly exists, but whether that relationship is causal or otherwise remains uncertain. Also, more significant parameters are likely to exist in the unseen remainder of the datasets. Our third and final goal of utilizing open source technologies for data acquisition, processing, and visualization was very successful. We were able to utilize a variety of both open-source (ELK, R/RStudio) and proprietary (AWS, MS Excel) over the course of the project.

As a final note, the moment Laser #1 became nonoperational is described as follows: 
“On Saturday March 29th, 2003…the GLAS laser transmitter stopped emitting laser pulses; the two 40 Hz laser monitors…indicated that this occurred over a single shot. Ground controllers at the Laboratory for Atmospheric and Space Physics (LASP) subsequently turned off the power to Laser #1. Following turn off, review of the housekeeping telemetry showed that the final laser [image: image9.png]1 | Date&Time _%NRG Temp°C
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pulse had been accompanied by a sudden rise in temperature of ~9○ C in the oscillator, and the shutdown of the Boost Converter (main laser power supply).” 4
This narrative of Laser #1’s life coming to an end is perhaps evidenced in the following spreadsheet snippet (Fig. 9) of the time interval described above. Notice that the %NRG values suddenly drop to negative (red) just an instant before the peak of an 8.9○ C increase in Laser #1 oscillator temperature (bold). We consider this to be the precise moment of the laser’s end of life.

VII. Conclusions

Our analysis indicates that a laser’s remaining energy life is indeed indicated by the energy levels recorded in the ICESat’s data files during mission campaigns. However, the causality of energy loss to end-of-life or vice-versa remains unclear. The lasers, whose finite lifespans were made shorter from active use, each eventually succumbed and became nonoperational. This demise, though unavoidable, was discovered early during the first campaign to be occurring much more rapidly than mission requirements originally called for. The acceleration was exacerbated by defects in the composition of laser materials which were themselves known prior to launch but discovered too late in testing to be corrected without scrapping the entire mission. Since this laser degradation was occurring faster at higher energy levels, the operators had to determine that they would be able to fulfill their mission goals even with dramatically reduced energy levels.
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In the specific case of the ICESat mission, the defects and problems were known about and planned for both before launch and during the first mission campaign. The mission operators were able to apply many similar analysis techniques as utilized during this project in order to determine their situation and mitigate it. However, as mentioned previously, the original analysis was performed with FORTRAN, pen and paper, and spreadsheets over the course of months after the anomalies occurred. For future missions, improved data analysis tools would certainly allow NASA engineers to continue everything they’re doing, only faster and in higher volume.

An interesting image processing potential revealed itself over the course of this project: the ICESat data products included image data for the GLAS lasers’ energy footprint on the Earth’s surface. These heatmaps fluctuate as energy levels vary and laser life declines. Figure 10 shows laser footprint snapshots for all three lasers, and the fluctuating energy levels over time are apparent (images generated by NASA).8 These images could be compared to the energy usage data (and other parameters) to create predictive models useful for future missions—satellites could utilize image data in real time, and adjust energy automatically as they approach end of life.
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   Figure 2.	Data source hierarchy and acquisition steps. 
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Figure 3.	Individual GLAH dataset names and sizes..
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Figure 4.	ELK stack distributed across AWS instances.
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Figure 5.	Longitude and latitude position data shows the ICESat’s known flight path..
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Figure 6.	NRG% readings for the first campaign of each laser’s life. 
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Figure 7.	NRG% readings for the last campaign of each laser’s life. 
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Figure 8.	Statistics for each campaign—notice how the percentages of negative energy values (%negatives) steadily increase with subsequent laser campaigns, while the laser energy levels (NRG%) steadily decrease. Additionally, negative values (in red) overwhelm the statistics in later laser campaigns. 
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Figure 9.	Laser #1 energy going to negative i.e. laser dying (line 187140), and associated ~9° temperature spike (line 187142). 
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Figure 10.	GLAS energy footprint images for Laser #1 (top), Laser #2 (middle), and Laser #3 (bottom), displaying shift and change over time. 
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