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Abstract 

Atmospheric drag is one of the most significant disturbing forces in the orbit determination 

process for satellites in low-Earth orbits. Subsequently, the prediction of atmospheric density is 

one of the largest sources of error within the calculation of atmospheric drag. Thus, the accuracy 

of the orbit determination process for satellites in low-Earth orbits, which affects the mission 

operations of such satellites, is limited by the accuracy of atmospheric density predictions. 

Atmospheric density models, such as the Mass Spectrometer Incoherent Scatter (MSIS) models 

and the Jacchia models, provide global predictions of atmospheric density, but such models can 

have large errors due to the complex relationship between atmospheric density and space weather 

phenomena. Now, artificial neural networks have been proven to be a valid method for atmospheric 

density predictions with accuracies meeting or, in most cases, exceeding the accuracies of 

atmospheric density models. However, previous research on the use of artificial neural networks 

for atmospheric density predictions has focused on localized, not global, predictions of 

atmospheric density. In other words, rather than being used to develop a global model, artificial 

neural networks have been used to forecast atmospheric density along the orbit of a particular 

satellite. Thus, this research focused on the development of a global model for atmospheric density 

using artificial neural networks, particularly artificial neural networks with long short-term 

memory (LSTM) units, trained and tested on data from the Challenging Minisatellite Payload 

(CHAMP) and the Gravity Recovery and Climate Experiment (GRACE). Overall, for higher solar 

and geomagnetic activity, the LSTM artificial neural networks were more accurate than 

NRLMSISE-00 and JB2008 more consistently when tested on shorter timespans. For lower solar 

and geomagnetic activity, the LSTM artificial neural networks were consistently more accurate 

than NRLMSISE-00 and JB2008, regardless of the length of the timespan for the testing data.  
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1 Introduction 

The objective and motivation of this research, which was on the use of long short-term 

memory (LSTM) artificial neural networks for the global prediction of atmospheric density, as 

well as an outline of this thesis will be discussed in more detail. 

1.1 Objective 

The objective of this research was the development of a global model for atmospheric 

density using artificial neural networks. To complete this objective, artificial neural networks with 

LSTM units were implemented in Keras with TensorFlow as the backend engine. These artificial 

neural networks were trained, validated, and tested on data consisting of atmospheric density 

estimates from the Challenging Minisatellite Payload (CHAMP) and the Gravity Recovery and 

Climate Experiment (GRACE) as well as indices for solar and geomagnetic activity.  

1.2 Motivation 

Atmospheric drag is the most significant disturbing force in the orbit determination process 

for satellites in low-Earth orbits, after the gravity field and oblateness of Earth. However, in some 

cases, such as re-entry, the effects of atmospheric drag can exceed the effects of the oblateness of 

Earth. The prediction of atmospheric density, which is dependent on spatial information as well as 

solar and geomagnetic activity, is one of the largest sources of error within the calculation of 

atmospheric drag. Thus, the accuracy of the orbit determination process for satellites in low-Earth 

orbits, which affects the mission operations (e.g. rendezvous, collision avoidance, and re-entry) of 

such satellites, is limited by the accuracy of atmospheric density predictions. 

Atmospheric density models, such as the Mass Spectrometer Incoherent Scatter (MSIS) 

models and the Jacchia models, provide global predictions of atmospheric density. However, due 
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to the complex relationship between atmospheric density and space weather phenomena, such 

models can have a large level of error. This level of error is dependent on the assumptions and 

limitations present in every atmospheric density model. Thus, the improvement of atmospheric 

density models is an on-going area of research which, typically, has been approached through 

investigations on the calibration of existing atmospheric density models, rather than investigations 

on the development of new atmospheric density models. 

Artificial neural networks, which model the human brain, are ideal for predictive modeling 

(i.e. function approximation). In other words, artificial neural networks are a valid method for 

atmospheric density predictions, as the prediction of atmospheric density is a multivariate and 

nonlinear regression problem for which numerous and extensive sets of data from low-Earth 

satellites exist. In fact, artificial neural networks have been proven to be a more-than-valid method 

for atmospheric density predictions with accuracies meeting or, in most cases, exceeding the 

accuracies of the atmospheric density models used for comparison. However, previous research 

on the use of artificial neural networks for atmospheric density predictions has focused on 

localized, not global, predictions of atmospheric density. In other words, rather than being used to 

develop a global model, artificial neural networks have been used to forecast atmospheric density 

along the orbit of a particular satellite, such as CHAMP or GRACE. Thus, the objective of this 

research, unique from previous research, was the development of a global model for atmospheric 

density using artificial neural networks, particularly artificial neural networks with LSTM units. 

LSTM artificial neural networks, not commonly used in previous research, are a type of recurrent 

artificial neural network that save and carry information across elements in a sequence of data, 

which prevents the loss of long-term dependencies for long sequences of data. 
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1.3 Outline 

In this thesis, Chapter 2 provides information on atmospheric drag with an emphasis on 

atmospheric density and atmospheric density models. Chapter 3 provides information on artificial 

neural networks with an emphasis on LSTM artificial neural networks and any previous research 

on the use of artificial neural networks for atmospheric density predictions. Chapter 4 describes 

the data used to train, validate, and test the LSTM artificial neural networks as well as the 

implementation and design of these LSTM artificial neural networks in Keras with TensorFlow as 

the backend engine. Chapter 5 discusses the results from the LSTM artificial neural networks 

implemented in Keras while Chapter 6 presents the conclusions from these results.  
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2 Atmospheric Drag 

The most common disturbing forces in the orbit determination process for satellites 

orbiting around a central body include the gravity field of the central body, which considers the 

oblateness of the central body as well, atmospheric drag, third-body perturbations, and solar-

radiation pressure. Atmospheric drag is the most significant disturbing force in the orbit 

determination process for satellites in low-Earth orbits, after the gravity field and oblateness of 

Earth. However, in some cases, such as re-entry, the effects of atmospheric drag can exceed the 

effects of the oblateness of Earth. 

Atmospheric drag results when a satellite encounters an atmosphere. During the encounter, 

momentum and energy is exchanged between the satellite and particles in the atmosphere. The 

exact nature of the encounter between a satellite and an atmosphere is dependent on the geometry 

and characteristics of the surface of the satellite as well as the characteristics of the atmosphere. 

Also, the duration of the encounter is important, as the duration of the encounter must be greater 

than the time between particle collisions in the atmosphere to ensure equilibrium is achieved after 

the encounter. Overall, atmospheric drag decreases the energy of a satellite which, subsequently, 

decreases the semimajor axis and eccentricity of the orbit of the satellite. Also, for other orbital 

elements, atmospheric drag results in periodic effects. 

As provided in Chapter 8.6 of Vallado [1], the acceleration on a satellite due to atmospheric 

drag (�⃗�𝑑𝑟𝑎𝑔), shown in Equation 2.1, is dependent on the atmosphere as well as the interaction of 

the surface of the satellite with the atmosphere. 

 �⃗�𝑑𝑟𝑎𝑔 = −
1

2

𝑐𝐷𝐴

𝑚
𝜌𝑣𝑟𝑒𝑙

2 �⃗⃗�𝑟𝑒𝑙

|�⃗⃗�𝑟𝑒𝑙|
  Equation 2.1 [1] 

In Equation 2.1, 𝑐𝐷 is the coefficient of drag, 𝐴 is the cross-sectional area of the satellite projected 

on the plane perpendicular to �⃗�𝑟𝑒𝑙, which is the velocity of the satellite relative to the atmosphere, 



5 

𝑚 is the mass of the satellite, and 𝜌 is the atmospheric density. Out of all the parameters in Equation 

2.1, atmospheric density is the largest source of error. Atmospheric density is discussed in more 

detail in Chapter 2.1. 

When considering the other parameters in Equation 2.1, the coefficient of drag, which is a 

non-dimensional number that describes the interaction of the surface of the satellite with the 

atmosphere, has been investigated extensively [1-3]. The coefficient of drag is dependent on the 

shape of the satellite, as shown in Figure 2.1, as well as the interaction of the surface of the satellite 

with the atmosphere. Subsequently, the interaction of the surface of the satellite with the 

atmosphere is dependent on the material, temperature, and orientation of the surface of the satellite 

as well as the temperature and composition of the atmosphere. Thus, despite being investigated 

extensively, the exact nature of the coefficient of drag remains complex and hard to derive. For 

satellites with simple shapes, such as spherical and cylindrical satellites, the coefficient of drag 

can be determined analytically. However, due to the complexity of gas-surface interactions, these 

analytical values for the coefficient of drag can have large uncertainties. For satellites with 

complex shapes, the coefficient of drag must be determined numerically. 

The projected cross-sectional area of the satellite, which is dependent on the velocity of the 

satellite relative to the atmosphere, will vary without precise attitude control. In some cases, such 

as tumbling satellites, the projected cross-sectional area of the satellite is nearly impossible to 

determine. For the velocity of the satellite relative to the atmosphere, a first-order approximation 

considers the co-rotation of the atmosphere while a second-order approximation considers 

thermospheric winds as well. The mass of the satellite is the only parameter in Equation 2.1 which 

is not dependent on the atmosphere. However, in some cases, the mass of the satellite is not 

constant. 
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Overall, research on atmospheric drag can be divided into three areas: orbit determination, 

orbital lifetime estimates, and the determination of atmospheric properties. This research fell 

within the third area, the determination of atmospheric properties. To be more specific, this 

research focused on the determination, or prediction, of atmospheric density. 

2.1 Atmospheric Density 

The density and pressure of the atmosphere are determined, primarily, by the gravitational 

field of Earth. Thus, the density and pressure of the atmosphere can be modeled using hydrostatic 

principles. The ideal-gas law, shown in Equation 2.2, relates atmospheric density (𝜌) to the 

absolute pressure (𝑝𝑜), the mean molecular mass of all atmospheric constituents (𝑀), the 

acceleration due to gravity (𝑔𝑜), the universal gas constant (𝑅), and the absolute temperature (𝑇). 

 

Figure 2.1: Coefficients of Drag for Various Shapes [2] 
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 𝜌 =
𝑝𝑜𝑀

𝑔𝑜𝑅𝑇
 Equation 2.2 [1] 

Also, the hydrostatic equation, shown in Equation 2.3, relates the change in pressure (∆𝑝) to the 

atmospheric density (𝜌), the acceleration due to gravity (𝑔), and the change in altitude (∆ℎ). 

 ∆𝑝 = −𝜌𝑔∆ℎ Equation 2.3 [1] 

However, though atmospheric density can be modeled using hydrostatic principles, the 

result is a simplistic model that is incapable of representing reality with a high degree of accuracy, 

as atmospheric density is not dependent, solely, on the gravity field of Earth. In addition to the 

gravity field of Earth, atmospheric density is dependent on a multitude of other factors, which are 

static as well as time-varying. Static factors are simpler to integrate into atmospheric density 

models, as such factors do not consider the effect of time on atmospheric properties. Time-varying 

factors are more complex to integrate into atmospheric density models, but such factors are more 

representative of reality. Information on the dependency of atmospheric density on static and time-

varying factors is provided in Chapter 8.6 of Vallado [1]. Overall, the static factors on which 

atmospheric density is dependent include latitudinal variations and longitudinal variations. 

1. Latitudinal Variations. Due to the oblateness of Earth, the altitude of a satellite changes 

with respect to latitude which, subsequently, changes the atmospheric density 

experienced by the satellite. For example, when a satellite passes over the equatorial 

bulge of Earth, the altitude of the satellite decreases which, subsequently, increases the 

atmospheric density experienced by the satellite. 

2. Longitudinal Variations. Due to the multitude of physical, geographical features on 

Earth (e.g. a mountain range versus an ocean), the atmospheric density experienced by 

a satellite changes with respect to longitude. 
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The time-varying factors on which atmospheric density is dependent include diurnal variations, 

the 27-day solar-rotation cycle, the 11-year sunspot/solar cycle, semi-annual/seasonal variations, 

cyclical variations, the rotating atmosphere, winds, magnetic-storm variations, irregular short-

periodic variations, and tides. 

1. Diurnal Variations. Due to the rotation of Earth, a diurnal bulge (i.e. a maximum in 

atmospheric density) occurs. Latitudinally, the diurnal bulge is dependent on solar 

declination which, due to the axial tilt of Earth, varies throughout the year. 

Longitudinally, the diurnal bulge is located near the sub-solar point, around the local 

solar time of 2:00 to 2:30 PM. Overall, due to the diurnal bulge, atmospheric density is 

dependent on latitude, local solar time, and time of year. 

2. 27-Day Solar-Rotation Cycle. Active solar regions, which follow the 27-day solar-

rotation cycle, result in variations in solar extreme ultraviolet (EUV) radiation. 

Atmospheric density is highly dependent on these variations. Overall, the patterns of 

growth, stability, and decay for active solar regions as well as the effect of active solar 

regions on the atmosphere of Earth are complex and difficult to predict. 

3. 11-Year Sunspot/Solar Cycle. The 11-year sunspot/solar cycle, which correlates with a 

polar reversal in the magnetic field of the Sun, results in variations in solar EUV 

radiation. Again, atmospheric density is highly dependent on these variations. The 22-

year sunspot/solar cycle is the time required for the magnetic field of the Sun to return 

to the original configuration (i.e. two polar reversals). Also, during the height of the 

11-year sunspot/solar cycle, the effects of the variations in solar EUV radiation on the 

solar-radiation pressure experienced by a satellite can exceed, depending on the altitude 

of the satellite, the effects on the atmospheric drag experienced by the satellite. 
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4. Semi-Annual/Seasonal Variations. Semi-annual/seasonal variations are dependent on 

the revolution of Earth around the Sun (i.e. the distance from Earth to the Sun) as well 

as solar declination. Usually, the effects of semi-annual/seasonal variations on 

atmospheric density are small. 

5. Cyclical Variations. Cyclical variations are the result of another 11-year cycle, which 

lags the 11-year sunspot/solar cycle by a few years. In this 11-year cycle, minima do 

not occur halfway through two maxima as the recovery from a maximum lasts six to 

seven years. Overall, the exact nature of this 11-year cycle is unknown, but the cause 

of this 11-year cycle is thought to be related to sunspot activity. 

6. Rotating Atmosphere. The atmosphere of Earth rotates with the planet, resulting in 

variations in atmospheric density. Due to friction, the velocity of the rotating 

atmosphere increases as altitude decreases. 

7. Winds. Atmospheric winds result in temperature variations which, subsequently, result 

in variations in atmospheric density. Overall, the patterns of atmospheric weather as 

well as the effects of atmospheric winds on atmospheric density are complex and 

difficult to predict. 

8. Magnetic-Storm Variations. Disturbances in the interplanetary magnetic field result in 

disturbances in the magnetic field of Earth which, depending on the severity of the 

disturbances, are known as geomagnetic substorms or geomagnetic storms. 

Atmospheric density is highly dependent on variations in geomagnetic activity. 

9. Irregular Short-Periodic Variations. Irregular short-periodic variations correlate with 

transient disturbances in the magnetic field of Earth, which occur more frequently near 
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maxima of the 11-year sunspot/solar cycle. Usually, the effects of irregular short-

periodic variations on atmospheric density are small. 

10. Tides. Usually, the effects of ocean and atmospheric tides on atmospheric density are 

small. 

2.2 Atmospheric Density Models 

Throughout the history of space flight, an active area of research has been the development 

of atmospheric density models. The first estimate of atmospheric density was determined from the 

rate of change of the orbital period of Sputnik 1 [3]. This same technique was applied to succeeding 

satellites, and a multitude of atmospheric density models were developed from the 1960s onward. 

Figure 2.2 shows the development of atmospheric density models throughout the history of space 

flight. The more common atmospheric density models, most of which are shown in Figure 2.2, are 

discussed in more detail in Chapter 2.2.1 to Chapter 2.2.7. Information on atmospheric density 

models is provided in Chapter 8.6 of Vallado [1] and AIAA [4]. 

Overall, there is not a single atmospheric density model shown in Figure 2.2 that can be 

considered the “best” for every mission or application. Due to the complex relationship between 

atmospheric density and space weather phenomena, every atmospheric density model has some 

level of error. This level of error, which is on the order of 15% to 20% for one standard deviation, 

is dependent on the assumptions and limitations present in every atmospheric density model [4]. 

These assumptions and limitations include incomplete datasets, which result in extrapolation 

errors, and inadequate proxies for space weather phenomena, which are ground-based 

measurements with a limited sampling [3, 4]. The proxies for space weather phenomena are 

discussed in more detail in Chapter 4.1.4. 
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2.2.1 Exponential Model 

As shown in Equation 2.4, the exponential model, valid for altitudes ranging from 0 to 

1000 km, is a static model which assumes atmospheric density decreases exponentially as altitude 

increases. 

 𝜌 = 𝜌𝑜𝐸𝑋𝑃 [−
ℎ𝑒𝑙𝑙𝑝−ℎ𝑜

𝐻
] Equation 2.4 [1] 

In Equation 2.4, 𝜌𝑜 is the reference atmospheric density, ℎ𝑒𝑙𝑙𝑝 is the actual altitude above the 

ellipsoid, ℎ𝑜 is the reference altitude, and 𝐻 is the scale height. Also, as shown in Equation 2.5, 

the exponential model can be used to determine atmospheric pressure as well by using a formula 

similar to atmospheric density. 

 

Figure 2.2: Development of Atmospheric Density Models [1, 2] 
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 𝑝 = 𝑝𝑆𝐿𝐸𝑋𝑃 [−
ℎ𝑒𝑙𝑙𝑝

𝐻
] Equation 2.5 [1] 

In Equation 2.5, 𝑝𝑆𝐿 is the sea-level pressure, ℎ𝑒𝑙𝑙𝑝 is the actual altitude above the ellipsoid, and 𝐻 

is the scale height. 

As previously mentioned, the exponential model is a static model. Thus, this model, though 

simple, does not consider the time-varying factors on which atmospheric density is dependent. 

Since the effects of these factors on atmospheric density are not considered by the exponential 

model, this model lacks the accuracy required for the orbit determination process for satellites in 

low-Earth orbits. 

2.2.2 Standard Atmosphere 

The Standard Atmosphere, valid for altitudes ranging from 0 to 1000 km, was published in 

1962 [5], revised in 1966 [6], and re-published in 1976 [7]. This model assumes the atmosphere 

of Earth follows the ideal-gas law as well as the hydrostatic equation and rotates with the planet. 

However, the Standard Atmosphere does not consider winds. Also, this model assumes mid-

latitude conditions, specifically the conditions at a latitude of 45° N, and averages the effects of 

diurnal variations and semi-annual/seasonal variations as well as the effects of variations in solar 

and geomagnetic activity. 

2.2.3 CIRA Models 

The Committee on Space Research (COSPAR) developed the family of COSPAR 

International Reference Atmosphere (CIRA) models. The first model in the family was developed 

in 1961 and, thus, is denoted as CIRA-61 [8]. CIRA-65 [9], valid for altitudes ranging from 30 to 

300 km, was based on the Harris-Priester model [10]. The Harris-Priester model, valid for altitudes 

ranging from 120 to 2000 km, is a static model which averages several of the time-varying factors 

on which atmospheric density is dependent. Later models in the family were based on the Jacchia 
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models as well as the Mass Spectrometer and Incoherent Scatter (MSIS) models, which use 

measurements of the atmospheric drag experienced by satellites as well as ground-based 

measurements. The Jacchia and MSIS models are discussed in more detail in Chapter 2.2.4 and 

Chapter 2.2.6, respectively. CIRA-72 [11] and CIRA-86 [12, 13] are valid for altitudes ranging 

from 25 to 2000 km while CIRA-12 [14] is valid for altitudes ranging from 0 to 4000 km. Also, 

the CIRA models are not reliable during large atmospheric disturbances. 

2.2.4 Jacchia Models 

The Jacchia models, valid for altitudes ranging from 70 to 2500 km, were initially 

developed by Luigi Jacchia. The first model in the family still in use was developed in 1970 and, 

thus, is denoted as J70 [15]. J70, a static model, was based on measurements of the atmospheric 

drag experienced by satellites, which were derived from ground-based tracking. In 1971, J70 was 

revised using mass-spectrometric and EUV-absorption data [16]. J77 [17], a revision of J71, 

considered the deviations resulting from the time-varying factors on which atmospheric density is 

dependent. Also, in 1971, the Jacchia-Roberts model was developed [18]. The Jacchia-Roberts 

model, based on J70, used partial fractions for integration as well as more-integrable functions to 

increase the computational efficiency of J70. The Jacchia-Bowman model, denoted as JB2006 

[19], was developed in 2006. JB2006 was based on CIRA-72, but included new solar indices for 

far-ultraviolet and EUV radiation as well as correction factors for high altitudes. Also, by including 

correction equations for the effects of latitudinal, diurnal, and semi-annual/seasonal variations, 

JB2006 was more representative of the time-varying factors on which atmospheric density is 

dependent. JB2006 was revised in 2008. JB2008 [20] included additional solar indices as well as 

replaced the geomagnetic index, ap, with Dst. Note, the Jacchia models assume the atmosphere of 
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Earth is well-mixed at altitudes below 100 km. At altitudes above 100 km, the Jacchia models 

assume the atmosphere of Earth is in diffusive equilibrium. 

2.2.5 DTM 

The Drag Temperature Model (DTM), valid for altitudes ranging from 200 to 1200 km, 

was developed in 1978 [21] and revised in 1994 [22], 2000 [23], and succeeding years. The DTM 

is semi-empirical, based on measurements of atmospheric density, exospheric temperature, and 

mass spectrometry from satellites as well as ground-based measurements of incoherent scatter 

radar. Overall, to execute, the DTM requires less code than the Jacchia models. However, the DTM 

does not model longitudinal variations. 

2.2.6 MSIS Models 

The MSIS models, valid for altitudes ranging from 0 to 2000 km, were initially developed 

in 1974 and revised in 1977 [24], 1983 [25], 1986 [26], and 1990 [27]. The MSIS models were 

based on the DTM and measurements of atmospheric density, temperature, and composition from 

satellites and rockets as well as ground-based measurements of incoherent scatter radar. Overall, 

the MSIS models are relatively accurate and have been successful in a variety of applications. In 

fact, the Naval Research Laboratory Mass Spectrometer and Incoherent Scatter Extended 

(NRLMSISE-00) [28], which was developed in 2000, is one of the most-used atmospheric density 

models for any application. 

2.2.7 GOST Model 

The Government Standard of the Union of Soviet Socialist Republics (GOST) model, valid 

for altitudes ranging from 120 to 1500 km, was developed in 1984 [29] and revised in 2004 [30]. 

The GOST model is empirical, based on measurements of the orbital motion of Kosmos satellites, 

and considers the effects of diurnal variations and semi-annual/seasonal variations as well as the 
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effects of variations in solar and geomagnetic activity. Also, the GOST model is less 

computationally intensive than other models, such as the Jacchia models.  
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3 Artificial Neural Networks 

Artificial neural networks, known as neural networks, model the human brain. 

Fundamentally, the human brain is an information-processing system which receives, organizes, 

identifies, and interprets sensory information. The human brain has billions of neurons as well as 

trillions of synapses, which are the links between neurons. Due to this considerable structure, the 

human brain processes information in a highly complex, nonlinear, and parallel fashion. As a 

result, the human brain can perform more complex tasks, such as pattern recognition and motor 

control, much faster than a digital computer. Also, the human brain is plastic. Plasticity refers to 

the ability of the human brain to “re-wire” itself by creating new synapses or modifying existing 

synapses. In other words, the human brain can learn from experiences and adapt to the surrounding 

environment. The following definition of a neural network is provided in Chapter I.1 of Haykin 

[31]. 

A neural network is a massively parallel distributed processor made up of simple 

processing units that has a natural propensity for storing experiential knowledge and 

making it available for use. It resembles the brain in two respects: 

1. Knowledge is acquired by the network from its environment through a learning 

process. 

2. Interneuron connection strengths, known as synaptic weights, are used to store the 

acquired knowledge. 

Information on the properties and capabilities of neural networks is provided in Chapter 

I.1 of Haykin [31]. Overall, the properties and capabilities of neural networks include nonlinearity, 

input-output mapping, adaptivity, evidential response, contextual information, fault tolerance, 
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very-large-scale-integration implementability, uniformity of analysis and design, and neurological 

analogy. 

1. Nonlinearity. The neurons of a neural network can be linear or nonlinear. If the neurons 

of a neural network are linear, the neural network is linear. If the neurons of a neural 

network are nonlinear, the neural network is nonlinear. Nonlinearity is a useful 

property, especially if an environment with which a neural network is interacting is 

nonlinear. 

2. Input-Output Mapping. Neural networks can learn to map a set of inputs to a set of 

outputs. This form of learning, known as learning with a teacher, is discussed in more 

detail in Chapter 3.3.1. 

3. Adaptivity. The synaptic weights of the neurons of a neural network can be adapted 

while the neural network interacts with the environment. Adaptivity is a useful 

property, especially if a neural network needs to be retrained or an environment with 

which a neural network is interacting is nonstationary. Also, more adaptivity in a neural 

network can lead to more robustness, provided the stability of the neural network can 

be guaranteed. 

4. Evidential Response. While interacting with an environment, a neural network can 

provide responses as well as the degrees of confidence corresponding to those 

responses. 

5. Contextual Information. Neural networks can handle contextual information because 

every neuron in a neural network can be affected, directly or indirectly, by the activities 

of every other neuron in the neural network. 
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6. Fault Tolerant. Neural networks are capable of robust computation, meaning the failure 

of neural networks can be graceful, instead of catastrophic. 

7. Very-Large-Scale-Integration Implementability. Neural networks are capable of fast 

computation, meaning neural networks are capable of being implemented with very-

large-scale-integration technology. 

8. Uniformity of Analysis and Design. The theory behind neural networks is universal. In 

other words, the theory behind a neural network will not change based on the 

application of the neural network. 

9. Neurobiological Analogy. Since neural networks model the human brain, the research 

in neurobiology is applicable to the research in engineering and vice versa. 

3.1 Model of a Neuron 

Information on the model of a neuron is provided in Chapter I.3 of Haykin [31]. Overall, a 

neuron is the information-processing unit of a neural network. In the model of a neuron, there are 

three elements: a set of synapses, an adder, and an activation function. 

1. A Set of Synapses. Each synapse in a set of synapses, also known as connecting links, 

of a neuron consists of an input signal and a synaptic weight. The synaptic weight for 

an input signal can be negative as well as positive. 

2. An Adder. An adder, also known as a linear combiner, of a neuron sums the input 

signals weighted by the synaptic weights in a set of synapses. 

3. An Activation Function. An activation function, also known as a squashing function, 

limits the amplitude of the output signal to a finite value. 

Mathematically, Equation 3.1 and Equation 3.2 represent the model of a neuron, denoted 

as 𝑘. 



19 

 𝑢𝑘 = ∑ 𝑤𝑘𝑗𝑥𝑗
𝑚
𝑗=1  Equation 3.1 [31] 

 𝑦𝑘 = 𝜑(𝑢𝑘 + 𝑏𝑘) Equation 3.2 [31] 

In Equation 3.1 and Equation 3.2, 𝑥𝑗 are the input signals, 𝑤𝑘𝑗 are the synaptic weights, 𝑢𝑘  are the 

outputs from the adder, 𝜑 is the activation function, and 𝑦𝑘 are the output signals. Not previously 

mentioned is 𝑏𝑘, the bias. The bias is an affine transformation of the outputs from the adder, 

resulting in the induced local fields, 𝑣𝑘. Equation 3.3 represents the induced local fields. 

 𝑣𝑘 = 𝑢𝑘 + 𝑏𝑘 Equation 3.3 [31] 

The induced local field, also known as the activation potential, is the input into the 

activation function. Therefore, if the bias is negative, the input into the activation function will be 

decreased. If the bias is positive, the input into the activation function will be increased. 

Figure 3.1 and Figure 3.2 show different, though mathematically equivalent, block 

diagrams of the model of a neuron. Unlike in Figure 3.1, the bias in Figure 3.2 is modeled as a 

synapse. 

 

 

Figure 3.1: Block Diagram of the Model of a Neuron [31] 
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3.2 Neural Network Architectures 

Information on neural network architectures is provided in Chapter I.6 of Haykin [31]. 

Overall, there are three classes of neural network architectures: single-layer feedforward neural 

networks, multilayer feedforward neural networks, and recurrent neural networks. Each of these 

classes of neural networks will be discussed in more detail. 

3.2.1 Single-Layer Feedforward Neural Networks 

A single-layer feedforward neural network has an input layer, consisting of source neurons, 

and an output layer, consisting of computation neurons. The input layer feeds into the output layer, 

but the output layer does not feed into the input layer. Figure 3.3 shows an example of a single-

layer feedforward neural network. 

 

Figure 3.2: Block Diagram of the Model of a Neuron with Bias Modeled as a Synapse [31] 
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3.2.2 Multilayer Feedforward Neural Networks 

In addition to an input layer and an output layer, a multilayer feedforward neural network 

has one or more hidden layers, consisting of computation neurons.  A hidden layer intervenes 

between the input and the output of a neural network, enabling higher-order statistics to be 

extracted from the input. As with single-layer feedforward neural networks, the input layers feed 

into the output layers, but the output layers do not feed into the input layers. Figure 3.4 shows an 

example of a multilayer feedforward neural network. 

 

 

Figure 3.3: Example of a Single-Layer Feedforward Neural Network [31] 

 

 

Figure 3.4: Example of a Multilayer Feedforward Neural Network [31] 
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3.2.3 Recurrent Neural Networks 

A recurrent neural network has one or more feedback loops. In a feedback loop, an output 

layer feeds into an input layer. A recurrent neural network can have hidden layers. Figure 3.5 

shows an example of a simple (i.e. without a hidden layer) recurrent neural network. 

 

3.2.4 LSTM Neural Networks 

When compared to feedforward neural networks, one advantage of recurrent neural 

networks is the ability to form some resemblance of memory. Feedforward neural networks are 

incapable of memory, as inputs in these neural networks are processed, one by one, without 

maintaining or considering information from previous inputs. This method for processing inputs 

is not ideal for temporal series of data as the entire sequence of data would have to be turned into 

 

Figure 3.5: Example of a Recurrent Neural Network without a Hidden Layer [31] 
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a single input to maintain and consider information from one element in the sequence of data to 

the next. Recurrent neural networks, on the other hand, are capable of memory, as inputs in these 

neural networks are processed in an iterative fashion while maintaining and considering a state 

(i.e. information from previous inputs). 

 LSTM neural networks are a type of recurrent neural network. In 1997, the LSTM 

algorithm was initially developed by Hochreiter and Schmidhuber to solve the vanishing-gradient 

problem [32]. The vanishing-gradient problem is common with recurrent neural networks. Since 

the ability to form some resemblance of memory for a recurrent neural network is limited, the 

sensitivity of the recurrent neural network to inputs will decay over long sequences of data. In 

other words, the recurrent neural network will “forget” information, which will result in the loss 

of long-term dependencies. Eventually, due to the vanishing-gradient problem, the recurrent neural 

network will become untrainable. 

Information on LSTM neural networks is provided in Graves [33] and Chapter 4 of Graves 

[34]. Overall, LSTM neural networks save and carry information across elements in a sequence of 

data, preventing the loss of long-term dependencies for long sequences of data. To do so, LSTM 

neural networks consist of memory units which, subsequently, consist of memory cells as well as 

input, output, and forget gates. The state of an input, output, or forget gate is dependent on the 

activation function of that gate. Usually, this activation function is the logistic sigmoid function, 

which limits the state of the gate from 0 (i.e. closed) to 1 (i.e. open). If the input gate is closed and 

the forget gate is open, the memory cell will “remember” information from previous inputs rather 

than information from new inputs. Thus, as long as the output gate is open, that information will 

be available for future use. Also, if the forget gate is closed, the memory cell will reset and “forget” 

information from previous inputs. 
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Mathematically, Equation 3.4 to Equation 3.8 represent the model of a memory unit for a 

LSTM neural network. 

 𝑖𝑡 = 𝜎(𝑊𝑥𝑖𝑥𝑡 +𝑊ℎ𝑖ℎ𝑡−1 +𝑊𝑐𝑖𝑐𝑡−1 + 𝑏𝑖) Equation 3.4 [33] 

 𝑓𝑡 = 𝜎(𝑊𝑥𝑓𝑥𝑡 +𝑊ℎ𝑓ℎ𝑡−1 +𝑊𝑐𝑓𝑐𝑡−1 + 𝑏𝑓) Equation 3.5 [33] 

 𝑐𝑡 = 𝑓𝑡𝑐𝑡−1 + 𝑖𝑡 𝑡𝑎𝑛ℎ(𝑊𝑥𝑐𝑥𝑡 +𝑊ℎ𝑐ℎ𝑡−1 + 𝑏𝑐) Equation 3.6 [33] 

 𝑜𝑡 = 𝜎(𝑊𝑥𝑜𝑥𝑡 +𝑊ℎ𝑜ℎ𝑡−1 +𝑊𝑐𝑜𝑐𝑡 + 𝑏𝑜) Equation 3.7 [33] 

 ℎ𝑡 = 𝑜𝑡 𝑡𝑎𝑛ℎ(𝑐𝑡) Equation 3.8 [33] 

In Equation 3.4 to Equation 3.8, 𝑖 is the state of the input gate, 𝑓 is the state of the forget gate, 𝑐 is 

the state of the memory cell, 𝑜 is the state of output gate, and ℎ is the output signal from the 

memory cell. Also,  𝜎 is the activation function for the gates, 𝑊 are the weight matrices, 𝑥 are the 

input signals, and 𝑏 are the biases. Figure 3.6 shows a block diagram of the model of a memory 

unit for a LSTM neural network. 

 

 

Figure 3.6: Block Diagram of the Model of a Memory Unit [33] 
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As common with recurrent neural networks, LSTM neural networks are trained to 

minimize a loss function using some variant of gradient descent. In this method of optimization, 

the derivatives of the loss function with respect to the parameters in the model (i.e. the weights in 

the neural network) are found. Then, the parameters in the model are updated such that the value 

of the loss function moves in the direction of steepest descent, which is defined as the negative of 

the gradient. Usually, backpropagation through time (BPTT) is used to calculate the gradient. 

BPTT calculates partial derivatives through a repeated application of the chain rule. 

3.3 Neural Network Learning Processes 

Information on neural network learning processes is provided in Chapter I.8 of Haykin 

[31]. Overall, learning processes for neural networks can be categorized into two sets: learning 

with a teacher and learning without a teacher. Unsupervised learning and reinforcement learning 

are subsets of learning without a teacher. Each of these forms of learning for neural networks will 

be discussed in more detail. 

3.3.1 Learning with a Teacher 

Learning with a teacher, also known as supervised learning, consists of a teacher and a 

neural network. The teacher has knowledge of the environment of interest, represented by a set of 

input-output data, whereas the neural network does not. In this form of learning, the teacher and 

the neural network are exposed to the set of data. The teacher provides the desired response, also 

known as the target response, while the neural network provides the actual response. The error 

signal, which is the difference between the desired response of the teacher and the actual response 

of the neural network, is used to adjust the parameters, the synaptic weights, of the neural network 

until the difference is minimized, meaning the neural network emulates the teacher within an 

acceptable range of error. In other words, during training, knowledge of the environment of interest 
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is transferred from the teacher to the neural network. Such knowledge is stored in the synaptic 

weights of the neural network. Figure 3.7 shows a block diagram of learning with a teacher. 

 

3.3.2 Reinforcement Learning 

Since a teacher is not present in reinforcement learning, the neural network learns through 

interaction with the environment. Figure 3.8 shows a block diagram of a form of reinforcement 

learning. In this form of reinforcement learning, the neural network as well as a critic receives 

stimulus, or an input signal, from the environment. The neural network performs an action, and 

the critic transfers a delayed, heuristic reinforcement signal to the neural network. This 

reinforcement signal is dependent on previous actions as well as the most recent action. The goal 

of reinforcement learning is to minimize a scalar index of performance, or a cost-to-go function. 

Since a cost-to-go function considers the cumulative, not immediate, cost of actions taken by the 

neural network, the reinforcement signal sent by the critic is dependent on every action taken by 

the neural network, up to and including the most recent action. Implementation of reinforcement 

 

Figure 3.7: Block Diagram of Learning with a Teacher [31] 
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learning is difficult due to the absence of a teacher and the presence of delay in the reinforcement 

signal. The absence of a teacher means the parameters of a neural network cannot be adjusted 

using an error signal, and the presence of delay in the reinforcement signal means the neural 

network must solve a temporal credit assignment problem. 

 

3.3.3 Unsupervised Learning 

As seen in Figure 3.9, which shows a block diagram of unsupervised learning, also known 

as self-organized learning, there is not an agent, such as a teacher or a critic, to transfer knowledge 

of the environment of interest to the neural network through reinforcement. Instead, a task-

independent measure is used to adjust the parameters of the neural network. 

 

 

Figure 3.8: Block Diagram of Reinforcement Learning [31] 

 

 

Figure 3.9: Block Diagram of Unsupervised Learning [31] 
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3.4 Previous Research 

Choury et al. [35] used multilayer feed-forward neural networks with one hidden layer 

consisting of ten hidden neurons to forecast exospheric temperature. The input layer and output 

layer of the neural networks used a linear activation function while the hidden layer of the neural 

networks used a logistic activation function. The inputs for the neural networks were the 

exospheric temperatures from the past four days, the gradients of solar activity (F10.7) from the past 

four days, the gradient of geomagnetic activity (Ap) from the past day, geomagnetic activity (Ap), 

and a bias. The data used to train, validate, and test the neural networks were from five satellites: 

GOCE (January 2010 to December 2012), CHAMP (May 2001 to December 2009), GRACE 

(April 2003 to December 2009), Stella (January 1994 to December 2009), and Starlette (January 

1994 to December 2009) [36]. However, from case to case, Choury et al. did not specify, 

consistently and clearly, which subsets of the data were used from which satellites for training, 

validation, and testing. In most cases, the neural networks were trained and tested on data from a 

single satellite or were trained on data from Stella (prior to September 2007) and tested on various 

years, which correlated to varying levels of geomagnetic activity, from the remaining satellites 

(December 2007 to December 2008 from CHAMP, GRACE, and Starlette as well as July 2003 to 

December 2004 from CHAMP, 2004 from GRACE, and 2010 to 2012 from GOCE). Overall, 

Choury et al. found the neural networks to be an adequate method for forecasting exospheric 

temperature. For a forecast period up to 24 hours, the neural networks were 20% to 40% more 

accurate than naïve forecasting. In addition, the forecast errors, expressed in terms of exospheric 

temperature and/or atmospheric density, of the neural networks were smaller than the forecast 

errors of the existing semi-empirical thermosphere models used for comparison (DTM-2009 [36], 

DTM-2012 [4], and JB2008 [4, 20]). 
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Pérez et al. [37] used feed-forward time-delay neural networks with one input (or hidden) 

layer consisting of one neuron to forecast atmospheric density. The inputs for the neural networks 

were past values of atmospheric density, inputted with a delay, as well as present values of 

atmospheric density, solar activity (F10.7), and geomagnetic activity (Dst). The data used to train, 

validate, and test the neural networks were from CHAMP [38], covering periods of low solar and 

geomagnetic activity as well as periods of high solar and geomagnetic activity. To be more 

specific, the neural networks were trained and validated on Day 140 from 2002 while tested on 

Day 141 from 2002 and Day 276 from 2001, trained and validated on Day 140 from 2001 to Day 

140 from 2002 while tested on Day 141 from 2002, trained and validated on 2002 while tested on 

Day 276 from 2001, trained and validated on 2002 while tested on 2003, as well as trained and 

validated on 2006 while tested on 2007. The Levenberg-Marquardt algorithm was used to train the 

neural networks. Overall, Pérez et al. found the neural networks to have significantly better results 

than naïve models, linear models, and the global models used for comparison (JB2006 [4, 19]  and 

HASDM [4, 39]). However, for periods of low activity, Pérez et al. found the neural networks 

seemed to work less accurately for long-term forecasts, which is indicative of the presence of 

unknown dynamics. 

Pérez and Bevilacqua [40] used feed-forward time-delay neural networks and recurrent 

time-delay neural networks to calibrate the atmospheric density estimates from three empirical 

models: DTM-2013 [41], NRLMSISE-00 [4, 28], and JB2008 [4, 20]. The neural networks had 

one input (or hidden) layer with one neuron. The input layers of the neural networks used a sigmoid 

activation function while the output layers of the neural networks used a linear activation function. 

The inputs for the neural networks were the atmospheric density estimates from the three empirical 

models as well as the average speed of the spacecraft. The data used to train, validate, and test the 
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neural networks were from two satellites: CHAMP and GRACE [38]. Data from GRACE was 

used to train and validate the neural networks while data from CHAMP was used to test the neural 

networks. Periods of low solar and geomagnetic activity as well as periods of high solar and 

geomagnetic activity were covered. To be more specific, the neural networks were trained and 

validated on data from January 2003 for GRACE while tested on data from Day 2 to Day 250 from 

2007 and data from 2004 to 2008 for CHAMP. The Levenberg-Marquardt algorithm was used to 

train the neural networks. Overall, Pérez and Bevilacqua found the neural networks provided a 

significant reduction in atmospheric density estimation errors when compared to the empirical 

models, with the recurrent time-delay neural networks providing better results than the feed-

forward time-delay neural networks. This trend is indicative of the recurrent time-delay neural 

networks being more robust than the feed-forward time-delay neural networks. When the average 

speed of the spacecraft was used as an input, the atmospheric density estimation errors were 

reduced for some, but not all, test periods. Therefore, the effect of using the average speed of the 

spacecraft as an input on the performance of the neural networks was not quantified. 

Barton and McLaughlin [42, 43] used LSTM neural networks to forecast atmospheric 

density. Two configurations of LSTM neural networks were tested, each with three sets of inputs. 

The two configurations were a vanilla LSTM neural network and a deep LSTM neural network. 

The vanilla LSTM neural network consisted of an input layer with four or seven neurons 

(depending on the set of inputs), one hidden layer with 50 neurons, and an output layer with one 

neuron. The deep LSTM neural network consisted of an input layer with four or seven neurons 

(depending on the set of inputs), two hidden layers with four neurons, and an output layer with one 

neuron. The three sets of inputs were solar and geomagnetic activity (F10.7, Kp, ap, and Dst), 

positional information (altitude, latitude, and longitude), and solar and geomagnetic activity with 
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positional information. The data used to train, validate, and test the neural networks were from two 

satellites: CHAMP and GRACE [44]. Periods of low solar and geomagnetic activity as well as 

periods of high solar and geomagnetic activity were covered. To be more specific, for both 

satellites, the neural networks were trained and validated on data from October 2001 to December 

2002 while tested on data from 2003 as well as trained and validated on data from 2006 while 

tested on data from 2007. For both configurations, the Adam optimization algorithm, along with a 

mean squared error loss function, was used to train the neural networks. Overall, Barton and 

McLaughlin found the LSTM neural networks provided, in general, more accurate estimations of 

atmospheric density than the empirical models used for comparison (NRLMSISE-00 [4, 28] and 

JB2008 [4, 20] ) with the best performance occurring when solar and geomagnetic activity without 

positional information were used as inputs. For periods of low activity, the LSTM neural networks 

increased in accuracy for increasing intervals of time. However, for periods of high activity, the 

LSTM neural networks decreased in accuracy for increasing intervals of time. Also, for periods of 

high activity, the deep LSTM neural network performed better than the vanilla LSTM neural 

network for short intervals of time.  
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4 Methodology 

As previously mentioned, this research focused on the development of a global model for 

atmospheric density using neural networks, particularly neural networks with LSTM units, trained 

and tested on data from CHAMP and GRACE. This data used to train and test the LSTM neural 

networks as well as the implementation and design of these LSTM neural networks will be 

discussed in more detail. 

4.1 Data 

Overall, the data used to train, validate, and test the LSTM neural networks consisted of 

atmospheric density estimates from CHAMP and GRACE as well as indices for solar and 

geomagnetic activity. 

4.1.1 CHAMP 

Information on CHAMP is provided in Reigber et al. [45], Reigber et al. [46], and Stolle 

[47]. CHAMP was launched on July 15th of 2002 to map the gravitational and magnetic potential 

of Earth as well as profile the atmosphere and ionosphere of Earth. As shown in Figure 4.1, the 

configuration of CHAMP consisted of a trapezoidal body with a deployable boom. Also, as shown 

in Figure 4.1, the payload of CHAMP consisted of a Global Positioning System (GPS) receiver, a 

three-axes accelerometer, a laser retroreflector, a magnetometer instrument package, and a digital 

ion drift meter. CHAMP was launched into a circular, near-polar (87.3°) orbit with an altitude of 

460 km. Due to atmospheric drag, the altitude of CHAMP decreased throughout the mission. To 

combat this loss, CHAMP performed two maneuvers in 2002 and one maneuver in 2006. Though 

designed with a lifetime of five years, CHAMP did not re-enter until September 19th of 2010. 
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4.1.2 GRACE 

Information on GRACE is provided in Tapley et al. [48] and Greicius [49]. GRACE was 

launched on March 17th of 2002 to map the gravity field of Earth. As shown in Figure 4.2, GRACE 

consisted of two identical, trapezoidal satellites with GPS receivers, accelerometers, and an inter-

satellite ranging system. GRACE was launched into a near-circular, near-polar (89.5°) orbit with 

an altitude of 500 km. The two satellites orbited in a leader-follower formation, separated by 220 

km in the along-track direction. To swap positions, the two satellites performed a maneuver in 

2005. Though designed with a lifetime of five years, GRACE was not decommissioned until 

October 27th of 2017. 

 

 

Figure 4.1: Side View of CHAMP [45] 

 

 

Figure 4.2: GRACE [49] 
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4.1.3 Atmospheric Density Estimates 

The atmospheric density estimates used to train, validate, and test the LSTM neural 

networks were the atmospheric density estimates derived by Mehta et al. [50] from the 

accelerometers onboard the CHAMP and GRACE satellites. Overall, depending on solar and 

geomagnetic activity, Mehta et al. found an average difference between their atmospheric density 

estimates, which used advances in physics-based satellite drag coefficient modeling, and existing 

atmospheric density estimates of 14% to 18% for CHAMP and 10% to 24% for GRACE. The 

atmospheric density estimates of Mehta et al. [50] are available online to the public. For the 

purposes of this research, the atmospheric density estimates of Mehta et al. [50] were assumed to 

be representative of the true values for atmospheric density. However, any rows of data from 

Mehta et al. [50] with invalid atmospheric density estimates, such as negative or undefined (i.e. 

NaN) atmospheric density estimates, were removed during data preprocessing. Table I and Table 

II present the intervals over which the invalid atmospheric density estimates occurred during the 

years of 2002, 2003, 2005, 2007, and 2009 for CHAMP and GRACE, respectively. 

4.1.4 Indices for Solar and Geomagnetic Activity 

The indices for solar and geomagnetic activity used to train, validate, and test the LSTM 

neural networks were F10.7 (observed) and the centered 81-day arithmetic average of F10.7 

(observed) as well as Kp, the daily sum of Kp, ap, Ap, Dst, and the daily mean of Dst. Information 

on indices for solar and geomagnetic activity is provided in Chapter 8.6 of Vallado [1] and Chapter 

11.1 of Knipp [51]. Indices for solar and geomagnetic activity are available online to the public 

[52, 53].  
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Table I: Intervals for Invalid Atmospheric Density Estimates (CHAMP) 

2002 

Day of Year Time of Initial Occurrence (s) Time of Final Occurrence (s) 

108 49730 52010 

138 43950 51670 

161 37770 86300 

162 2550 83100 

193 28790 37100 

203 80310 83090 

210 7490 64560 

282 0 86390 

284 0 86390 

310 31380 72550 

343 23540 86390 

344 0 62230 

2005 

Day of Year Time of Initial Occurrence (s) Time of Final Occurrence (s) 

49 73630 79750 

61 10800 86390 

74 0 2630 

76 86320 86390 

77 2790 3740 

83 0 1960 

103 28790 35160 

140 70140 86390 

141 0 - 

148 78470 86380 

149 74140 86390 

151 33860 45060 

152 80 86340 

153 20270 86390 

154 0 66510 

155 40 68040 

156 36300 36600 

157 26970 86390 

158 0 84100 

159 35760 74740 

160 32270 32380 

161 13090 72470 

162 2480 59860 

163 0 86330 

164 60580 86270 

165 24060 73610 

173 19190 86320 

174 64880 65960 

175 24060 73980 

181 0 480 
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Table II: Intervals for Invalid Atmospheric Density Estimates (GRACE) 

2002 

Day of Year Time of Initial Occurrence (s) Time of Final Occurrence (s) 

240 47560 49915 

281 15370 16530 

310 23400 23850 

314 81600 82210 

364 6845 6855 

2003 

Day of Year Time of Initial Occurrence (s) Time of Final Occurrence (s) 

4 9085 12275 

13 35210 57475 

22 34655 35970 

56 80615 80640 

68 44315 84910 

69 2735 55775 

79 64970 66125 

80 49770 58400 

82 21765 44515 

102 13765 13825 

108 27605 27615 

137 11530 11700 

191 24990 25035 

198 29885 29920 

217 56485 56795 

259 270 11580 

264 34955 - 

344 10880 34385 

2005 

Day of Year Time of Initial Occurrence (s) Time of Final Occurrence (s) 

1 60530 77430 

2 2295 53015 

40 50155 50160 

53 33210 39110 

55 12615 63230 

60 39385 - 

119 39025 39395 

246 37470 39245 

278 27860 - 

298 24590 81025 

299 45370 - 

303 51420 - 

306 51990 51995 

325 10820 84180 

326 14690 14720 

343 40945 41005 

345 14510 37385 

2007 

Day of Year Time of Initial Occurrence (s) Time of Final Occurrence (s) 

13 85630 - 

17 61460 86170 

18 2980 83850 

69 67435 67445 
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2007 (Continued) 

Day of Year Time of Initial Occurrence (s) Time of Final Occurrence (s) 

100 13185 14895 

102 21120 21315 

164 17245 86395 

165 0 83545 

166 3120 9285 

177 27345 - 

179 12420 - 

199 66165 - 

253 40970 40980 

269 17685 19110 

290 41635 41640 

322 69640 - 

323 339801 56530 

324 9595 - 

326 22840 86395 

327 0 85135 

328 1510 75550 

329 11700 56805 

331 53135 64410 

332 28750 62575 

333 55105 83295 

334 8170 75825 

335 23250 73990 

336 10140 83435 

337 2670 81600 

338 23390 85405 

339 77935 - 

340 14085 64825 

341 6615 74270 

342 10420 - 

343 31140 - 

2009 

Day of Year Time of Initial Occurrence (s) Time of Final Occurrence (s) 

8 69405 69545 

24 81180 81200 

26 19885 20025 

28 10005 83335 

29 2560 81525 

30 12040 85360 

32 36615 81735 

33 34805 79920 

34 16070 72470 

35 19895 - 

38 48265 59540 

39 18245 85910 

40 38975 84085 

41 76610 - 

42 57865 57870 

43 16570 84225 

45 1630 - 

49 84480 - 

57 64100 - 
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2009 (Continued) 

Day of Year Time of Initial Occurrence (s) Time of Final Occurrence (s) 

58 79165 - 

60 41650 81110 

61 345 84900 

62 49230 - 

64 73715 - 

65 83140 - 

66 13650 81290 

68 66315 - 

69 70100 81375 

77 79935 83515 

78 665 675 

87 79760 79770 

120 75235 82505 

121 90 86395 

122 0 71815 

184 59945 - 

191 69760 81040 

192 39745 73580 

193 4085 83035 

194 7895 69925 

195 6065 73725 

196 4235 83175 

197 2400 81335 

198 565 85140 

199 4365 83310 

200 2530 81465 

201 690 85260 

202 4490 83420 

203 2650 2775 

204 40270 85370 

205 4610 77890 

206 2760 81680 

207 6550 85475 

208 4705 83630 

209 2860 81785 

210 190 85575 

211 4800 83725 

212 680 81870 

213 1100 85660 

214 4890 83810 

215 3035 81950 

216 1185 85735 

217 4970 83885 

218 3115 82030 

219 690 85810 

220 5045 83960 

221 3190 82105 

222 1335 85885 

223 5115 84030 

224 3260 82170 

225 7045 85950 

226 5185 84095 

 



39 

  

2009 (Continued) 

Day of Year Time of Initial Occurrence (s) Time of Final Occurrence (s) 

227 3330 82240 

228 1470 86015 

229 5250 84160 

230 3390 82300 

231 1535 46625 

232 22220 78580 

233 42905 48540 

234 18500 69225 

235 5370 67365 

236 26055 76775 

237 12920 18555 

241 76610 - 

242 80380 - 

243 72880 78515 

244 71015 - 

245 24065 74785 

246 10930 67285 

247 9065 59785 

248 7200 86100 

249 5335 84235 

250 3470 82370 

251 7240 80505 

252 5375 84275 

253 3510 82410 

254 1645 35460 

255 11055 56140 

256 9190 54275 

257 46775 86225 

258 39275 73090 

259 14870 54320 

260 18640 46820 

261 5505 84405 

262 3640 82540 

263 1775 80675 

264 16820 - 

265 9320 14955 

266 69450 75085 

267 16865 28135 

268 82630 - 

269 24410 35680 

284 67590 78820 

285 20640 20655 

311 73310 84605 

312 3820 37610 

360 58405 58420 

361 41920 53195 

362 40070 68260 

363 4400 83320 

364 255 81470 

365 705 85260 
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F10.7 is an Earth-based measurement of radio waves with lengths of 10.7 cm. EUV radiation 

cannot be measured from the surface of Earth. However, EUV radiation and radio waves with 

lengths of 10.7 cm originate in the same layers of the chromosphere and corona of the Sun. Thus, 

the relative strength of EUV radiation can be inferred from F10.7. The range of typical values for 

F10.7 is from less than 70 to more than 300. F10.7 can be observed (i.e. the raw measurement) or 

adjusted for 1.0 astronomical unit. 

 Kp is the geomagnetic planetary index, which is a quasi-logarithmic average of 

measurements for geomagnetic activity below the auroral zones. Geomagnetic activity is measured 

every three hours, and Kp is determined from these measurements after latitude corrections are 

applied. Integer values for Kp range from 0 (i.e. low geomagnetic activity) to 9 (i.e. extreme 

geomagnetic activity) and can be categorized with a positive or a negative. 

ap is the geomagnetic planetary amplitude, which is a linear equivalent of Kp. Similar to 

Kp, ap is measured every three hours and is averaged to determine Ap, which is the daily planetary 

amplitude. Values of Ap range from 0 to 400, though values greater than 100 are rare. 

A geomagnetic storm can be categorized by the disturbance storm time (Dst) index, which 

categorizes the variation of the strength of the magnetic field of Earth at low latitudes. Dst measures 

the density of energetic particles moving from the magnetotail to the inner magnetosphere. As 

these energetic particles approach the inner magnetosphere, ions are directed westward by the 

magnetic field of Earth while electrons are directed eastward. This process creates a ring of current 

at high altitudes with a polarity opposite to the magnetic field of Earth at low latitudes. Thus, 

during geomagnetic storms, this ring of current decreases the strength of the magnetic field of 

Earth at low latitudes. The more negative Dst, the more intense the geomagnetic storm. To 
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determine Dst, data from four stations (Honolulu, San Juan, Hermanus, and Kakioka) in the form 

of hourly scalings of the surface horizontal magnetic field of Earth are analyzed and averaged. 

4.2 Data Preprocessing 

The stability of the learning process in a neural network is highly dependent on data 

preprocessing. The data used to train, validate, and test the LSTM neural networks were 

preprocessed using feature-wise normalization and the sliding window method. 

4.2.1 Feature-Wise Normalization 

For the input data matrix, using numerical data with relatively large values compared to 

the weights of the neural network or values in relatively different ranges will, usually, result in 

problems. These problems, such as vanishing or exploding gradients, can prevent the neural 

network from converging. Chollet [54] and Brownlee [55] recommend using feature-wise 

normalization since feature-wise normalization is a widespread best practice. In feature-wise 

normalization, each feature (i.e. each column in the input data matrix) is subtracted by the mean 

and divided by the standard deviation. As a result, each feature has a mean of zero and a standard 

deviation of one. Note, to prevent information from the test data leaking into the neural network, 

only the training data should be used to calculate the mean and standard deviation. In Python, 

feature-wise normalization can be done with the “MinMaxScaler” class in the “scikit-learn” 

library. To obtain the results shown in Chapter 5, the outputs of the LSTM neural networks (i.e. 

the scaled values of the actual estimates for atmospheric density) were inverted to the original 

scale to obtain the actual estimates for atmospheric density. 

4.2.2 Sliding Window Method 

In addition to feature-wise normalization, Brownlee [55] recommends converting a time 

series dataset (i.e. a sequence of numbers) to a supervised learning dataset (i.e. a pair of inputs and 
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outputs) using the sliding window method. In the sliding window method, data at the previous 

timestamp (t – 1) is used to predict data at the next timestamp (t). Equation 4.1 represents an 

example of the sliding window method. 

 

𝑇𝑖𝑚𝑒 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 (𝑡)
1 100
2
3
4
5

110
108
115
120

𝑦𝑖𝑒𝑙𝑑𝑠
→    

𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 (𝑡 − 1) 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 (𝑡)
100 110
110
108
115

108
115
120

 Equation 4.1 [55] 

In Python, the sliding window method can be done with the “shift” function in the “pandas” library. 

Overall, the “shift” function creates columns consisting of the past and future data, which is shifted 

by a specified number of periods. For this research, the number of periods was specified as one 

(i.e. one-step forecasting). 

4.3 Neural Network Implementation 

The LSTM neural networks were implemented in Keras [56] with TensorFlow [57] as the 

backend engine in Python 3.6 [58] with Visual Studio Code [59] as the text editor. Information on 

Keras and TensorFlow is provided in Chapter 3.2 of Chollet [54]. 

4.3.1 Keras 

Keras is a high-level, user-friendly, deep-learning framework compatible with Python 2.7-

3.6. Initially, Keras was developed by François Chollet as part of the ONEIROS (Open-ended 

Neuro-Electronic Intelligent Robot Operating System) project to enable fast experimentation 

during research. Keras supports almost any class of neural network architectures, including 

convolutional neural networks used for computer vision and recurrent neural networks used for 

sequence processing. Keras can be run on the CPU or the GPU and is distributed under the MIT 

License. 
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4.3.2 TensorFlow 

Since Keras does not handle low-level operations, such as tensor manipulation, Keras uses 

a tensor library as a backend engine. Keras can work with several backend engines, including 

TensorFlow developed by Google, Theano developed at the University of Montreal, and the 

Cognitive Toolkit developed by Microsoft. Chollet [54] recommends TensorFlow as the backend 

engine for Keras since TensorFlow is widely accepted, scalable, and production ready. When 

running on the CPU, TensorFlow uses Eigen, a low-level library for tensor operations. When 

running on the GPU, TensorFlow uses the NVIDIA cuDNN (CUDA Deep Neural Network) 

library. 

4.4 Neural Network Design 

The design of the LSTM neural networks implemented in Keras, which includes 

information on layers, the loss function, and the optimizer as well as other parameters, will be 

discussed in more detail. 

4.4.1 Anatomy of Neural Networks in Keras 

Information on the anatomy of neural networks in Keras is provided in Chapter 3.1 of 

Chollet [54]. In Keras, a neural network, known as a model, is defined by layers, the loss function, 

and the optimizer. 

1. Layers. A layer is the fundamental, data-processing structure in a model, which is a 

directed, acyclic graph of layers defining a hypothesis space, also known as a space of 

possibilities. The inputs and outputs of a layer are sets of tensors, and the weights of a 

layer store the knowledge of the model. Subsequent layers in a model must be 

compatible, meaning the shape of the output of the previous layer must match the shape 

of the input of the following layer. Layer compatibility is built into Keras. By default, 
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the following layer will infer the input shape as being the output shape of the previous 

layer. 

2. Loss Function. The loss function, also known as the objective function, compares the 

predictions of the model to the targets, producing a loss value which is minimized 

during training. In other words, the loss function is the measure of success for the 

model. 

3. Optimizer. The optimizer implements a variant of stochastic gradient descent to update 

the weights of the model based on the loss value from the loss function. 

4.4.2 Anatomy of LSTM Neural Networks Implemented in Keras 

The anatomy of the LSTM neural networks implemented in Keras was selected in 

consideration of the recommendations in Chollet [54] and Brownlee [55] as well as the effects of 

manual tuning on performance and computational efficiency. The LSTM neural networks were 

trained for five epochs (i.e. iterations over the training data) with a batch size of 100 and a 

validation split of 15%. 

1. Layers. The LSTM neural networks consisted of one input (or hidden) layer, which was 

an “LSTM” layer with 50 units, and one output layer, which was a “Dense” layer with 

one neuron. As required in Keras, the input shape for the “LSTM” layer was a three-

dimensional tensor in the form of (batch size, timesteps, input features). 

2. Loss Function. The loss function used for the LSTM neural networks was the mean 

squared error (MSE), which is commonly used for regression problems with arbitrary 

values. 

3. Optimizer. The optimizer used for the LSTM neural networks was Adaptive Moment 

Estimation, known as Adam, which is a variant of stochastic gradient descent [60]. 
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4.4.3 Tuning of LSTM Neural Networks Implemented in Keras 

As previously mentioned, the tuning of the LSTM neural networks implemented in Keras 

was manual. In Keras, the defaults for the parameters and hyperparameters of neural networks are 

robust, which prevents extensive manual tuning. Extensive tuning, manual or not, allows 

information from the validation or test data to leak into the neural network. While tuning the LSTM 

neural networks implemented in Keras, the trade-off between performance and computational 

efficiency was considered. In consideration of the recommendations in Chollet [54], the capacity 

of the LSTM neural networks was increased until the point at which diminishing returns were 

observed. In other words, at this point, the performance of the LSTM neural networks was not 

improved by a significant factor.  
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5 Results 

The results for the LSTM neural networks implemented in Keras, which includes 

comparisons to NRLMSISE-00 and JB2008, will be discussed in more detail. In all cases, the 

results for NRLMSISE-00 were calculated from the “atmosnrlmsise00” function in MATLAB and 

the results for JB2008 were calculated from the “jb2k8” function in MATLAB [61]. The inputs 

required to initialize these functions were the same as the data used to test the LSTM neural 

networks. Note, some of the indices for solar and geomagnetic activity used by the “jb2k8” 

function in MATLAB [61] were not discussed in Chapter 4.1.4. However, this function does not 

require, as inputs, these indices for solar and geomagnetic activity. Rather, this function extracts 

these indices from directories using the inputs related to spatial information, which are provided 

by the user. 

5.1 Including Atmospheric Density as an Input 

Due to the conversion of a time series dataset to a supervised learning dataset, data at the 

previous timestamps can be used as inputs to predict data at the next timestamps. Thus, the 

atmospheric density at a previous timestamp can be used as an input to predict the atmospheric 

density at the next timestamp. Figure 5.1 shows the results for the LSTM neural network when 

atmospheric density was used as the sole input. For this case, the LSTM neural network was trained 

on one year of data from CHAMP (2002) while tested on one day of data from CHAMP (January 

1st, 2003). Table III presents the root mean squared error (RMSE) for this case, averaged over ten 

runs. 

As seen in Figure 5.1, the results for the LSTM neural network when atmospheric density 

was used as the sole input were excellent. For the most part, the predictions from the LSTM neural 

network could not be distinguished from the measurements. Again, the results seen in Figure 5.1 
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were the results for the LSTM neural network when atmospheric density was used as the sole 

input. Including additional inputs, such as inputs related to spatial information as well as inputs 

related to solar and geomagnetic activity, had a minimal effect on these results (i.e. an effect similar 

to the effect of the randomization of the weights during the initialization of the LSTM neural 

network). 

 

 

Overall, it is not valid to assume the atmospheric density at previous timestamps would be 

available in real time, especially with timestamp differences of seconds. Thus, atmospheric density 

was excluded as an input. Rather, inputs related to spatial information as well as inputs related to 

solar and geomagnetic activity were used. 

 

Figure 5.1: Results for LSTM Neural Network when Trained on 2002 and Tested on 

January 1st, 2003 with Atmospheric Density as Sole Input (Data from CHAMP was used.) 

Table III: Average RMSE (Figure 5.1) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network 7.0995E-15 

Prediction from NRLMSISE-00 2.9076E-13 
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5.2 Excluding Atmospheric Density as an Input 

Numerous inputs related to spatial information as well as solar and geomagnetic activity 

were tested to determine the optimal combination for the LSTM neural networks. These inputs 

were altitude, latitude, longitude, local solar time, and day of year as well as F10.7 (observed), the 

centered 81-day arithmetic average of F10.7 (observed), Kp, the daily sum of Kp, ap, Ap, Dst, and the 

daily mean of Dst. To summarize, the following trends were observed throughout testing. For these 

cases, the LSTM neural networks were trained on one year of data from CHAMP (2002) while 

tested on one day of data from CHAMP (January 1st, 2003). 

First, as exemplified in Figure 5.2 and Figure 5.3, including local solar time as an input, 

rather than longitude, improved the results, meaning the pattern of the predictions from the LSTM 

neural network when compared to the pattern of the measurements from CHAMP increased in 

similarity. However, the RMSE (~ 1.85E-12 kg/m3), averaged over ten runs, did increase slightly 

from Figure 5.2 to Figure 5.3. 

 

 

Figure 5.2: Results for LSTM Neural Network when Trained on 2002 and Tested on January 

1st, 2003 with Altitude, Latitude, and Longitude as Inputs (Data from CHAMP was used.) 
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Second, as exemplified in Figure 5.4, when compared to Figure 5.3, including day of year 

as an input worsened the results, meaning the RMSE increased. To be more specific, the RMSE, 

averaged over ten runs, increased from 1.85E-12 kg/m3 (Figure 5.3) to 3.45E-12 kg/m3 (Figure 

5.4). Note, a similar trend was observed when the LSTM neural networks were trained on multiple 

years and tested on multiple days as well. 

Third, as exemplified in Figure 5.5 and Figure 5.6, including the centered 81-day arithmetic 

average of F10.7 (observed) as an input, rather than F10.7 (observed), worsened the results, meaning 

the RMSE increased. To be specific, the RMSE, averaged over ten runs, increased from 8.93E-13 

kg/m3 (Figure 5.5) to 2.70E-12 kg/m3 (Figure 5.6). 

Fourth, as exemplified in Figure 5.7 and Figure 5.8, including the hourly values of 

geomagnetic indices (i.e. Kp, ap, and Dst), rather than the daily values of geomagnetic indices (i.e. 

the daily sum of Kp, Ap, and the daily mean of Dst), improved the results, meaning the pattern of 

the predictions from the LSTM neural network when compared to the pattern of the measurements 

 

Figure 5.3: Results for LSTM Neural Network when Trained on 2002 and Tested on 

January 1st,  2003  with  Altitude,  Latitude,  and  Local Solar Time as Inputs  (Data from 

CHAMP was used.) 
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from CHAMP increased in similarity. However, the RMSE, averaged over ten runs, did increase 

slightly from 6.90E-13 kg/m3 (Figure 5.7) to 7.76E-13 kg/m3 (Figure 5.8). 

 

 

 

Figure 5.4: Results for LSTM Neural Network when Trained on 2002 and Tested on 

January 1st,  2003 with Altitude,  Latitude,  Local Solar Time,  and Day of Year as Inputs 

(Data from CHAMP was used.) 

 

Figure 5.5: Results for LSTM Neural Network when Trained on 2002 and Tested on 

January  1st,  2003 with  Altitude,  Latitude,  Local  Solar  Time,  and  F10.7  (Observed) as  

Inputs (Data from CHAMP was used.) 
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Figure 5.6: Results for LSTM Neural Network when Trained on 2002 and Tested on 

January  1st,   2003  with  Altitude,   Latitude,   Local Solar Time,  and  Centered  81-Day 

Arithmetic Average of F10.7 (Observed) as Inputs (Data from CHAMP was used.) 

 

Figure 5.7: Results for LSTM Neural Network when Trained on 2002 and Tested on 

January 1st,  2003 with Altitude, Latitude, Local Solar Time, F10.7  (Observed), Daily Sum 

of Kp, Ap, and Daily Mean of Dst as Inputs (Data from CHAMP was used.) 
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5.2.1 Using One Year of Training Data 

Figure 5.9, which is the same as Figure 5.3, shows the results for the LSTM neural network 

when altitude, latitude, and local solar time were used as inputs. Figure 5.10, which is the same as 

Figure 5.8, shows the results for the LSTM neural network when altitude, latitude, and local solar 

time as well as F10.7 (observed), Kp, ap, and Dst were used as inputs. For these cases, the LSTM 

neural networks were trained on one year of data from CHAMP (2002) while tested on one day of 

data from CHAMP (January 1st, 2003). Table IV presents the RMSE for these cases, averaged over 

ten runs. 

 

Figure 5.8: Results for LSTM Neural Network when Trained on 2002 and Tested on 

January 1st,  2003 with Altitude, Latitude, Local Solar Time, F10.7  (Observed), Kp, ap, and  

Dst as Inputs (Data from CHAMP was used.) 
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Figure 5.9: Results for LSTM Neural Network when Trained on 2002 and Tested on 

January 1st,   2003  with  Altitude,   Latitude,   and  Local  Solar  Time  as  Inputs  (Data 

from CHAMP was used.) 

 

Figure 5.10: Results for LSTM Neural Network when Trained on 2002 and Tested on 

January 1st,  2003 with Altitude, Latitude, Local Solar Time, F10.7 (Observed), Kp, ap, and 

Dst as Inputs (Data from CHAMP was used.) 
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 As seen in Table IV, the LSTM neural network was more accurate when indices for solar 

and geomagnetic activity were included as inputs in addition to spatial information. However, 

though the LSTM neural network was more accurate with these inputs, the results were volatile. 

This volatility arose from the relatively narrow range of the training data (i.e. one year, 2002). 

Since the range of the training data was relatively narrow, the range of values for the testing data 

could and, in these cases, were outside the range of values for the training data. To broaden the 

range of the training data and, thus, lower the volatility of the results of the LSTM neural networks, 

multiple years which were representative of the 11-year sunspot/solar cycle were used for the 

training data. More specifically, one year during the solar minimum (2009) and one year during 

the solar maximum (2002) were used for the training data as well as one year from the middle of 

the solar cycle (2005). 

5.2.2 Using Multiple Years of Training Data 

Figure 5.11 and Figure 5.12 show the results for the LSTM neural networks when altitude, 

latitude, and local solar time as well as F10.7 (observed), Kp, ap, and Dst were used as inputs. For 

these cases, the LSTM neural networks were trained on three years of data from CHAMP (2002, 

2005, and 2009) while tested on two days of data from CHAMP (January 1st, 2003 and January 

1st, 2007, respectively). Table V presents the RMSE for these cases, averaged over ten runs. 

Table IV: Average RMSE (Figure 5.9 and Figure 5.10) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (without Solar and Geomagnetic Activity) 1.8520E-12 

Prediction from LSTM Neural Network (with Solar and Geomagnetic Activity) 7.7625E-13 

Prediction from NRLMSISE-00 2.9076E-13 
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Figure 5.11: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009    

and  Tested   on   January  1st,  2003  with  Altitude,  Latitude,  Local   Solar  Time,  F10.7  

(Observed), Kp, ap, and Dst as Inputs (Data from CHAMP was used.) 

 

Figure 5.12: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009    

and  Tested   on   January  1st,  2007  with  Altitude,  Latitude,  Local   Solar  Time,  F10.7  

(Observed), Kp, ap, and Dst as Inputs (Data from CHAMP was used.) 
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As seen in Table V, the LSTM neural networks were more accurate, and less volatile, when 

multiple years were used for the training data. However, the results for the LSTM neural networks 

were not more accurate than NRLMSISE-00 for both days. In an effort to increase the accuracy of 

the LSTM neural networks, a correction for NRLMSISE-00 was predicted, rather than the 

atmospheric density. Note, both a correction factor (i.e. the atmospheric density measurement 

divided by the atmospheric density prediction from NRLMSISE-00) and a correction difference 

(i.e. the atmospheric density measurement subtracted by the atmospheric density prediction from 

NRLMSISE-00) for NRLMSISE-00 was predicted. However, the results improved when a 

correction factor for the NRLMSISE-00 was predicted, rather than a correction difference. 

5.2.3 Local Model for Predicting a Correction to NRLMSISE-00 

Figure 5.13 and Figure 5.14 show the results for the LSTM neural networks when altitude, 

latitude, and local solar time as well as F10.7 (observed), Kp, ap, Dst, and the NRLMSISE-00 

atmospheric density predictions were used as inputs to predict a correction factor for NRLMSISE-

00. For these cases, the LSTM neural networks were trained on three years of data from CHAMP 

(2002, 2005, and 2009) while tested on two days of data from CHAMP (January 1st, 2003 and 

January 1st, 2007, respectively). Table VI presents the RMSE for these cases, averaged over ten 

runs. Overall, as seen in Table VI, the LSTM neural networks were more accurate than 

NRLMSISE-00 for both days. 

Table V: Average RMSE (Figure 5.11 and Figure 5.12) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (January 1st, 2003) 4.1197E-13 

Prediction from NRLMSISE-00 (January 1st, 2003) 2.9076E-13 

Prediction from LSTM Neural Network (January 1st, 2007) 6.8117E-13 

Prediction from NRLMSISE-00 (January 1st, 2007) 1.3167E-12 
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Figure 5.13: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

and Tested on January 1st, 2003 with Altitude, Latitude, Local Solar Time, F10.7 

(Observed),  Kp, ap,  Dst,  and  NRLMSISE-00 Atmospheric Density Predictions as Inputs 

(Data from CHAMP was used.) 

 

Figure 5.14: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

and Tested on January 1st, 2007 with Altitude, Latitude, Local Solar Time, F10.7 

(Observed),  Kp, ap,  Dst,  and  NRLMSISE-00 Atmospheric Density Predictions as Inputs 

(Data from CHAMP was used.) 
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Figure 5.15 and Figure 5.16 show the results for the LSTM neural networks when altitude, 

latitude, and local solar time as well as F10.7 (observed), Kp, ap, Dst, and the NRLMSISE-00 

atmospheric density predictions were used as inputs to predict a correction factor for NRLMSISE-

00. However, for these cases, the LSTM neural networks were trained on three years of data from 

GRACE (2002, 2005, and 2009) while tested on two days of data from GRACE (January 1st, 2003 

and January 1st, 2007, respectively). Table VII presents the RMSE for these cases, averaged over 

ten runs. Overall, as seen in Table VII, the LSTM neural networks were more accurate than 

NRLMSISE-00 for both days. 

 

Table VI: Average RMSE (Figure 5.13 and Figure 5.14) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (January 1st, 2003) 2.0733E-13 

Prediction from NRLMSISE-00 (January 1st, 2003) 2.9076E-13 

Prediction from LSTM Neural Network (January 1st, 2007) 5.4619E-13 

Prediction from NRLMSISE-00 (January 1st, 2007) 1.3167E-12 

 

 

Figure 5.15: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

and Tested on January 1st, 2003 with Altitude, Latitude, Local Solar Time, F10.7 

(Observed),  Kp,  ap,  Dst,  and NRLMSISE-00 Atmospheric Density Predictions as Inputs  

(Data from GRACE was used.) 
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Though the LSTM neural networks were more accurate than NRLMSISE-00 for both days 

when trained and tested on data from CHAMP or GRACE, the LSTM neural networks were local 

(i.e. specific) models, not global (i.e. generalized) models, for atmospheric density. In other words, 

when a neural network is trained on data from one satellite, it cannot perform as accurately when 

tested on data from another satellite. In an effort to increase the ability of the LSTM neural 

networks to generalize, the LSTM neural networks were trained and tested on data from both 

satellites, CHAMP and GRACE. 

 

Figure 5.16: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

and Tested on January 1st, 2007 with Altitude, Latitude, Local Solar Time, F10.7 

(Observed),  Kp,  ap,  Dst,  and NRLMSISE-00 Atmospheric Density Predictions as Inputs  

(Data from GRACE was used.) 

Table VII: Average RMSE (Figure 5.15 and Figure 5.16) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (January 1st, 2003) 7.9664E-14 

Prediction from NRLMSISE-00 (January 1st, 2003) 1.3712E-13 

Prediction from LSTM Neural Network (January 1st, 2007) 5.1115E-14 

Prediction from NRLMSISE-00 (January 1st, 2007) 1.4921E-13 
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5.2.4 Global Model for Predicting a Correction to NRLMSISE-00 (One Day) 

Figure 5.17 through Figure 5.20 show the results for the LSTM neural networks when using 

the inputs and training data presented in Table VIII to predict a correction factor for NRLMSISE-

00 while tested on two days of data from CHAMP and GRACE (January 1st, 2003 and January 1st, 

2007, respectively). Table IX and Table X present the RMSE for these cases, averaged over ten 

runs. Note, for further comparison, Table IX and Table X present the RMSE for JB2008 as well. 

Also, Figure 5.21 through Figure 5.24 show graphical comparisons of the results for the LSTM 

neural networks, shown in Figure 5.17 through Figure 5.20, to the results for NRLMSISE-00 and 

JB2008. 

 

 

Table VIII: Inputs and Training Data for Results in Chapter 5.2.4 to Chapter 5.2.7 

Inputs 

Altitude, Latitude, Local Solar Time, F10.7 (Observed), Kp, ap, Dst, NRLMSISE-00 Atmospheric Density Predictions 

Training Data 

2002, 2005, and 2009 (CHAMP and GRACE) 

 

 

Figure 5.17: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st, 2003 from CHAMP with 

Altitude, Latitude,  Local Solar Time,  F10.7 (Observed),  Kp,  ap,  Dst,  and NRLMSISE-00 

Atmospheric Density Predictions as Inputs 
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Figure 5.18: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st, 2003 from GRACE with 

Altitude, Latitude,  Local Solar Time,  F10.7 (Observed),  Kp,  ap,  Dst,  and NRLMSISE-00 

Atmospheric Density Predictions as Inputs 

 

Figure 5.19: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st, 2007 from CHAMP with 

Altitude, Latitude,  Local Solar Time,  F10.7 (Observed),  Kp,  ap,  Dst, and NRLMSISE-00  

Atmospheric Density Predictions as Inputs 



62 

 

 

 

 

 

Figure 5.20: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st, 2007 from GRACE with 

Altitude, Latitude,  Local Solar Time,  F10.7 (Observed),  Kp,  ap,  Dst, and NRLMSISE-00 

Atmospheric Density Predictions as Inputs 

Table IX: Average RMSE (Figure 5.17 and Figure 5.18) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (January 1st, 2003 - CHAMP) 2.1830E-13 

Prediction from NRLMSISE-00 (January 1st, 2003 - CHAMP) 2.9076E-13 

Prediction from JB2008 (January 1st, 2003 - CHAMP) 2.7569E-13 

Prediction from LSTM Neural Network (January 1st, 2003 - GRACE) 7.8132E-14 

Prediction from NRLMSISE-00 (January 1st, 2003 - GRACE) 1.3712E-13 

Prediction from JB2008 (January 1st, 2003 - GRACE) 1.1844E-13 

 

Table X: Average RMSE (Figure 5.19 and Figure 5.20) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (January 1st, 2007 - CHAMP) 5.3301E-13 

Prediction from NRLMSISE-00 (January 1st, 2007 - CHAMP) 1.3167E-12 

Prediction from JB2008 (January 1st, 2007 - CHAMP) 7.1901E-13 

Prediction from LSTM Neural Network (January 1st, 2007 - GRACE) 4.9254E-14 

Prediction from NRLMSISE-00 (January 1st, 2007 - GRACE) 1.4921E-13 

Prediction from JB2008 (January 1st, 2007 - GRACE) 8.5820E-14 
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Figure 5.21: Graphical Comparison of LSTM Neural Network when Tested on January 

1st, 2003 from CHAMP (Figure 5.17) to NRLMSISE-00 and JB2008 

 

Figure 5.22: Graphical Comparison of LSTM Neural Network when Tested on January 

1st, 2003 from GRACE (Figure 5.18) to NRLMSISE-00 and JB2008 
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Figure 5.23: Graphical Comparison of LSTM Neural Network when Tested on January 

1st, 2007 from CHAMP (Figure 5.19) to NRLMSISE-00 and JB2008 

 

Figure 5.24: Graphical Comparison of LSTM Neural Network when Tested on January 

1st, 2007 from GRACE (Figure 5.20) to NRLMSISE-00 and JB2008 
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As seen in Table IX and Table X as well as in Figure 5.21 through Figure 5.24, the LSTM 

neural networks were more accurate than NRLMSISE-00 and JB2008 for both days. However, for 

January 1st, 2003, the performance of the LSTM neural network when trained on data from both 

satellites and tested on data from CHAMP was worse, though barely, than the performance of the 

LSTM neural network when trained and tested on data exclusively from CHAMP. This trend was 

expected, as the ability of the LSTM neural network to generalize, not specialize, was increased. 

Also, for January 1st, 2003, the performance of the LSTM neural network when trained on data 

from both satellites and tested on data from GRACE was better, though barely, than the 

performance of the LSTM neural network when trained and tested on data exclusively from 

GRACE. This trend was unexpected. For January 1st, 2007, the performance of the LSTM neural 

networks when trained and tested on data from both satellites was better, though barely, than the 

performance of the LSTM neural networks when trained and tested on data from one of the 

satellites. This trend was unexpected, but may be due to the unusually “low” minimum of the solar 

cycle near 2007. 

5.2.5 Global Model for Predicting a Correction to NRLMSISE-00 (One Week) 

Figure 5.25 through Figure 5.28 show the results for the LSTM neural networks when using 

the inputs and training data presented in Table VIII to predict a correction factor for NRLMSISE-

00 while tested on two weeks of data from CHAMP and GRACE (January 1st through January 7th 

of 2003 and 2007, respectively). Table XI and Table XII present the RMSE for these cases, 

averaged over ten runs. Figure 5.29 through Figure 5.32 show graphical comparisons of the results 

for the LSTM neural networks, shown in Figure 5.25 through Figure 5.28, to the results for 

NRLMSISE-00 and JB2008. Overall, for both weeks, the LSTM neural networks were more 

accurate than NRLMSISE-00 and JB2008. 
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Figure 5.25: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through January 7th of 2003 from 

CHAMP  with  Altitude,  Latitude,  Local Solar Time,  F10.7  (Observed),  Kp,  ap,  Dst,  and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 

 

Figure 5.26: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through January 7th of 2003 from 

GRACE  with  Altitude,  Latitude,  Local Solar Time,  F10.7  (Observed),  Kp,  ap,  Dst,  and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 
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Figure 5.27: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through January 7th of 2007 from 

CHAMP  with  Altitude,  Latitude,  Local Solar Time,  F10.7  (Observed),  Kp,  ap,  Dst,  and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 

 

Figure 5.28: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through January 7th of 2007 from 

GRACE  with  Altitude,  Latitude,  Local Solar Time,  F10.7  (Observed),  Kp,  ap,  Dst,  and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 
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Table XI: Average RMSE (Figure 5.25 and Figure 5.26) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (First Week of January 2003 - CHAMP) 3.4454E-13 

Prediction from NRLMSISE-00 (First Week of January 2003 - CHAMP) 4.4241E-13 

Prediction from JB2008 (First Week of January 2003 - CHAMP) 3.8932E-13 

Prediction from LSTM Neural Network (First Week of January 2003 - GRACE) 1.2939E-13 

Prediction from NRLMSISE-00 (First Week of January 2003 - GRACE) 2.0104E-13 

Prediction from JB2008 (First Week of January 2003 - GRACE) 1.6446E-13 

 

Table XII: Average RMSE (Figure 5.27 and Figure 5.28) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (First Week of January 2007 - CHAMP) 5.0123E-13 

Prediction from NRLMSISE-00 (First Week of January 2007 - CHAMP) 1.0585E-12 

Prediction from JB2008 (First Week of January 2007 - CHAMP) 7.6740E-13 

Prediction from LSTM Neural Network (First Week of January 2007 - GRACE) 5.1045E-14 

Prediction from NRLMSISE-00 (First Week of January 2007 - GRACE) 1.3158E-13 

Prediction from JB2008 (First Week of January 2007 - GRACE) 1.0251E-13 

 

 

Figure 5.29: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through January 7th of 2003 from CHAMP (Figure 5.25) to NRLMSISE-00 and JB2008 
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Figure 5.30: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through January 7th of 2003 from GRACE (Figure 5.26) to NRLMSISE-00 and JB2008 

 

Figure 5.31: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through January 7th of 2007 from CHAMP (Figure 5.27) to NRLMSISE-00 and JB2008 
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5.2.6 Global Model for Predicting a Correction to NRLMSISE-00 (One Month) 

Figure 5.33 through Figure 5.36 show the results for the LSTM neural networks when using 

the inputs and training data presented in Table VIII to predict a correction factor for NRLMSISE-

00 while tested on two months of data from CHAMP and GRACE (January 1st through January 

31st of 2003 and 2007, respectively). Table XIII and Table XIV present the RMSE for these cases, 

averaged over ten runs. Figure 5.37 through Figure 5.40 show graphical comparisons of the results 

for the LSTM neural networks, shown in Figure 5.33 through Figure 5.36, to the results for 

NRLMSISE-00 and JB2008. Overall, for the month in 2003, the LSTM neural networks were more 

accurate than JB2008, but not NRLMSISE-00. For the month in 2007, the LSTM neural networks 

were more accurate than NRLMSISE-00 and JB2008. 

 

Figure 5.32: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through January 7th of 2007 from GRACE (Figure 5.28) to NRLMSISE-00 and JB2008 
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Figure 5.33: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through January 31st of 2003 

from CHAMP with Altitude, Latitude, Local Solar Time, F10.7 (Observed), Kp, ap, Dst, and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 

 

Figure 5.34: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through January 31st of 2003 

from GRACE with Altitude, Latitude, Local Solar Time, F10.7 (Observed), Kp, ap, Dst, and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 
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Figure 5.35: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through January 31st of 2007 

from CHAMP with Altitude, Latitude, Local Solar Time, F10.7 (Observed), Kp, ap, Dst, and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 

 

Figure 5.36: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through January 31st of 2007 

from GRACE with Altitude, Latitude, Local Solar Time, F10.7 (Observed), Kp, ap, Dst, and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 
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Table XIII: Average RMSE (Figure 5.33 and Figure 5.34) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (January 2003 - CHAMP) 5.1187E-13 

Prediction from NRLMSISE-00 (January 2003 - CHAMP) 4.4100E-13 

Prediction from JB2008 (January 2003 - CHAMP) 5.3933E-13 

Prediction from LSTM Neural Network (January 2003 - GRACE) 2.0207E-13 

Prediction from NRLMSISE-00 (January 2003 - GRACE) 1.6221E-13 

Prediction from JB2008 (January 2003 - GRACE) 2.1452E-13 

 

Table XIV: Average RMSE (Figure 5.35 and Figure 5.36) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (January 2007 - CHAMP) 4.4824E-13 

Prediction from NRLMSISE-00 (January 2007 - CHAMP) 9.8370E-13 

Prediction from JB2008 (January 2007 - CHAMP) 7.2850E-13 

Prediction from LSTM Neural Network (January 2007 - GRACE) 5.3162E-14 

Prediction from NRLMSISE-00 (January 2007 - GRACE) 1.2503E-13 

Prediction from JB2008 (January 2007 - GRACE) 9.9092E-14 

 

 

Figure 5.37: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through January 31st of 2003 from CHAMP (Figure 5.33) to NRLMSISE-00 and JB2008 
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Figure 5.38: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through January 31st of 2003 from GRACE (Figure 5.34) to NRLMSISE-00 and JB2008 

 

Figure 5.39: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through January 31st of 2007 from CHAMP (Figure 5.35) to NRLMSISE-00 and JB2008 
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5.2.7 Global Model for Predicting a Correction to NRLMSISE-00 (One Year) 

Figure 5.41 through Figure 5.44 show the results for the LSTM neural networks when using 

the inputs and training data presented in Table VIII to predict a correction factor for NRLMSISE-

00 while tested on two years of data from CHAMP and GRACE (January 1st through December 

31st of 2003 and 2007, respectively). Table XV and Table XVI present the RMSE for these cases, 

averaged over ten runs. Figure 5.45 through Figure 5.48 show graphical comparisons of the results 

for the LSTM neural networks, shown in Figure 5.41 through Figure 5.44, to the results for 

NRLMSISE-00 and JB2008. 

 

Figure 5.40: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through January 31st of 2007 from GRACE (Figure 5.36) to NRLMSISE-00 and JB2008 
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Figure 5.41: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through December 31st of 2003 

from CHAMP with Altitude, Latitude, Local Solar Time, F10.7 (Observed), Kp, ap, Dst, and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 

 

Figure 5.42: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through December 31st of 2003 

from GRACE with Altitude, Latitude, Local Solar Time, F10.7 (Observed), Kp, ap, Dst, and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 
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Figure 5.43: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through December 31st of 2007 

from CHAMP with Altitude, Latitude, Local Solar Time, F10.7 (Observed), Kp, ap, Dst, and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 

 

Figure 5.44: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st through December 31st of 2007 

from GRACE with Altitude, Latitude, Local Solar Time, F10.7 (Observed), Kp, ap, Dst, and  

NRLMSISE-00 Atmospheric Density Predictions as Inputs 
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Table XV: Average RMSE (Figure 5.41 and Figure 5.42) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (2003 - CHAMP) 9.1892E-13 

Prediction from NRLMSISE-00 (2003 - CHAMP) 9.6879E-13 

Prediction from JB2008 (2003 - CHAMP) 6.5678E-13 

Prediction from LSTM Neural Network (2003 - GRACE) 3.4167E-13 

Prediction from NRLMSISE-00 (2003 - GRACE) 3.0735E-13 

Prediction from JB2008 (2003 - GRACE) 2.1834E-13 

 

Table XVI: Average RMSE (Figure 5.43 and Figure 5.44) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (2007 - CHAMP) 3.6144E-13 

Prediction from NRLMSISE-00 (2007 - CHAMP) 9.5135E-13 

Prediction from JB2008 (2007 - CHAMP) 6.5356E-13 

Prediction from LSTM Neural Network (2007 - GRACE) 3.4659E-14 

Prediction from NRLMSISE-00 (2007 - GRACE) 1.0225E-13 

Prediction from JB2008 (2007 - GRACE) 7.3132E-14 

 

 

Figure 5.45: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through December 31st of 2003 from CHAMP (Figure 5.41) to NRLMSISE-00 and JB2008 
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Figure 5.46: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through December 31st of 2003 from GRACE (Figure 5.42) to NRLMSISE-00 and JB2008 

 

Figure 5.47: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through December 31st of 2007 from CHAMP (Figure 5.43) to NRLMSISE-00 and JB2008 
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As seen in Table XV and Table XVI as well as in Figure 5.45 through Figure 5.48, for 

2003, the LSTM neural networks were more accurate than NRLMSISE-00, but not JB2008, when 

tested on data from CHAMP. However, for 2003, the LSTM neural networks were less accurate 

than NRLMSISE-00 and JB2008 when tested on data from GRACE. For 2007, the LSTM neural 

networks were more accurate than NRLMSISE-00 and JB2008 when tested on data from both 

satellites. 

5.2.8 Further Discussion 

When comparing the results for the LSTM neural networks from Chapter 5.2.4 through 

Chapter 5.2.7, additional trends warranting further discussion were observed. First, for 2003 (i.e. 

a year of higher solar and geomagnetic activity), the LSTM neural networks performed better than 

NRLMSISE-00 and JB2008 more consistently when tested on shorter timespans (i.e. one day and 

one week). This trend may be due to tuning, as the LSTM neural networks were tuned using the 

 

Figure 5.48: Graphical Comparison of LSTM Neural Network when Tested on January 1st 

through December 31st of 2007 from GRACE (Figure 5.44) to NRLMSISE-00 and JB2008 
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results from the LSTM neural networks when tested on a single day of data from CHAMP, which 

may have resulted in parameters and hyperparameters not ideal for learning long-term 

dependencies, especially long-term dependencies from GRACE.  However, for 2007 (i.e. a year 

of lower solar and geomagnetic activity) the LSTM neural networks consistently performed better 

than NRLMSISE-00 and JB2008, regardless of the length of the timespan for the testing data from 

both satellites. This trend may be due to the unusually “low” minimum of the solar cycle near 

2007. 

Second, for 2003, the performance of the LSTM neural networks decreased as the timespan 

for the testing data from both satellites increased from one day to one year. Again, this trend may 

be due to tuning. For 2007, the performance of the LSTM neural networks increased as the 

timespan for the testing data from CHAMP increased from one day to one year. However, for 

2007, the performance of the LSTM neural networks decreased as the timespan for the testing data 

from GRACE increased from one day to one month, but increased for one year. Overall, these 

trends were unexpected but, again, may be due to the unusually “low” minimum of the solar cycle 

near 2007. 

5.2.9 Preliminary Results for GOCE 

Figure 5.49 and Figure 5.50 show the results for the LSTM neural networks when using 

the inputs and training data presented in Table VIII to predict a correction factor for NRLMSISE-

00 while tested on two days of data (January 1st, 2010 and January 31st, 2010, respectively) from 

the Gravity Field and Steady-State Ocean Circulation Explorer (GOCE) [62]. Table XVII present 

the RMSE for these cases, averaged over five runs. 
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Figure 5.49: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 1st of 2010 from GOCE with 

Altitude,  Latitude,  Local Solar Time,  F10.7 (Observed),  Kp, ap,  Dst,  and NRLMSISE-00 

Atmospheric Density Predictions as Inputs 

 

Figure 5.50: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE while Tested on January 31st of 2010 from GOCE with 

Altitude,  Latitude,  Local Solar Time,  F10.7 (Observed),  Kp, ap,  Dst,  and NRLMSISE-00 

Atmospheric Density Predictions as Inputs 
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As seen in Table XVII, the LSTM neural networks were more accurate than NRLMSISE-

00 for both days. However, the results were volatile. This volatility arose as the range of values 

for the testing data from GOCE, with regards to altitude, were outside the range of values for the 

training data from CHAMP and GRACE. In an effort to lower the volatility of the results for the 

LSTM neural networks when tested on data from GOCE, the LSTM neural networks were trained 

on one year of data from GOCE (2011) as well. For these cases, Figure 5.51 and Figure 5.52 show 

the results while Table XVIII presents the RMSE, averaged over five runs. 

 

Table XVII: Average RMSE (Figure 5.49 and Figure 5.50) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (January 1st, 2010) 6.6544E-12 

Prediction from NRLMSISE-00 (January 1st, 2010) 6.7817E-12 

Prediction from LSTM Neural Network (January 31st, 2010) 6.0193E-12 

Prediction from NRLMSISE-00 (January 31st, 2010) 6.9809E-12 

 

 

Figure 5.51: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE as well as 2011 from GOCE while Tested on January 1st of 

2011 from GOCE with Altitude,  Latitude,  Local Solar Time,  F10.7 (Observed),  Kp, ap,  

Dst,  and NRLMSISE-00 Atmospheric Density Predictions as Inputs 
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As seen in Table XVIII, the performance of the LSTM neural network when trained on one 

year of data from GOCE was worse than the performance of the LSTM neural network when not 

trained on any data from GOCE. In fact, when trained on one year of data from GOCE, the LSTM 

neural networks were less accurate than NRLMSISE-00 for both days. However, the results were 

less volatile. Overall, this trend suggests the LSTM neural networks would need to be trained on 

more than one year of data from GOCE to lower the volatility of the results when tested on data 

 

Figure 5.52: Results for LSTM Neural Network when Trained on 2002, 2005, and 2009 

from CHAMP and GRACE as well as 2011 from GOCE while Tested on January 31st of 

2011 from GOCE  with  Altitude,  Latitude,  Local Solar Time,  F10.7 (Observed),  Kp,  ap,   

Dst, and NRLMSISE-00 Atmospheric Density Predictions as Inputs 

Table XVIII: Average RMSE (Figure 5.51 and Figure 5.52) 

Prediction RMSE (kg/m3) 

Prediction from LSTM Neural Network (January 1st, 2010) 8.5751E-12 

Prediction from NRLMSISE-00 (January 1st, 2010) 6.7817E-12 

Prediction from LSTM Neural Network (January 31st, 2010) 7.1965E-12 

Prediction from NRLMSISE-00 (January 31st, 2010) 6.9809E-12 
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from GOCE to an acceptable level which, subsequently, should increase the performance. 

However, for the purposes of this thesis, continued testing of the LSTM neural networks on data 

from GOCE was left as a possibility for future research. 
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6 Conclusions 

The accuracy of the orbit determination process for satellites in low-Earth orbits, which 

affects the mission operations of such satellites, is limited by the accuracy of atmospheric density 

predictions. Neural networks have been proven to be a valid method for atmospheric density 

predictions with accuracies meeting or, in most cases, exceeding the accuracies of atmospheric 

density models. However, previous research on the use of neural networks for atmospheric density 

predictions has focused on localized, not global, predictions of atmospheric density. Thus, this 

research focused on the development of a global model for atmospheric density using neural 

networks, particularly neural networks with LSTM units. The LSTM neural networks were trained, 

validated, and tested on data consisting of atmospheric density estimates from CHAMP and 

GRACE as well as indices for solar and geomagnetic activity. The results for the LSTM neural 

networks, implemented in Keras with TensorFlow as the backend engine, were discussed in 

Chapter 5. The following conclusions were drawn based on these results. 

1. The most accurate predictions of atmospheric density resulted when atmospheric 

density, itself, was used as the sole input for the LSTM neural networks. However, it 

is not valid to assume atmospheric density would be available in real time. Thus, 

atmospheric density was excluded as an input. 

2. Excluding atmospheric density as an input, the optimal combination of inputs for the 

LSTM neural networks were altitude, latitude, and local solar time as well as F10.7 

(observed), Kp, ap, Dst, and atmospheric density predictions from NRLMSISE-00. 

3. The LSTM neural networks were more accurate when indices for solar and 

geomagnetic activity were included as inputs in addition to spatial information. 
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4. The LSTM neural networks were more accurate, and less volatile, when trained on 

multiple years of data representative of the 11-year sunspot/solar cycle, rather than one 

year of data. 

5. The LSTM neural networks were more accurate when a correction factor for 

NRLMSISE-00 was predicted, rather than the atmospheric density. 

6. For higher solar and geomagnetic activity, the LSTM neural networks performed better 

than NRLMSISE-00 and JB2008 more consistently when tested on shorter timespans 

(i.e. one day and one week). 

7. For lower solar and geomagnetic activity, the LSTM neural networks consistently 

performed better than NRLMSISE-00 and JB2008, regardless of the length of the 

timespan for the testing data. 

8. For higher solar and geomagnetic activity, the performance of the LSTM neural 

networks decreased as the timespan for the testing data from both satellites increased 

from one day to one year. 

9. For lower solar and geomagnetic activity, the performance of the LSTM neural 

networks increased as the timespan for the testing data from CHAMP increased from 

one day to one year. 

10. For lower solar and geomagnetic activity, the performance of the LSTM neural 

networks decreased as the timespan for the testing data from GRACE increased from 

one day to one month, but increased for one year. 

6.1 Possibilities for Future Research 

One possibility for future research is to continue testing the LSTM neural networks 

implemented in Keras on data from other satellites, such as GOCE. However, as previously 
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mentioned, if the range of values for the testing data are outside the range of values for the training 

data, the results of a neural network will be volatile. Thus, if the testing data from the other satellite 

is outside the range of the training data from CHAMP and GRACE (especially with regards to 

altitude), the LSTM neural networks will need to be trained on some to-be-determined amount of 

data from the other satellite. Most likely, more than one year of training data from the other satellite 

would be required to lower the volatility of the results of the LSTM neural networks to an 

acceptable level. 

A second possibility for future research is saving and analyzing the weights of the LSTM 

neural networks implemented in Keras. If an “optimal” set of weights for the LSTM neural 

networks could be determined, the volatility of the results of the LSTM neural networks when 

tested on data outside the range of the training data could be lowered without training on such data. 

Note, the weights of a neural network can be saved using the “model.save_weights” class in Keras. 

A third, and final, possibility for future research is using neural networks to predict indices 

for solar and geomagnetic activity which, subsequently, can be used as inputs for the LSTM neural 

networks implemented in Keras. Doing so would be more representative of the prediction 

processes used to forecast atmospheric behavior, which are crucial for the orbit determination 

process for satellites in low-Earth orbits.   
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