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Abstract—The increasing number of satellites in orbit has led
to a growing reliance on third-party service providers for data
transfer between Earth and space. Traditional approaches to
managing satellite communications require human intervention,
which becomes more burdensome with the escalating number
of satellites. This research addresses the need for an efficient
and automated system to optimize service provider selection
for NASA space communication. Previous research has utilized
human-operated approaches for service provider management.
Our study fills a gap by developing a cognitive algorithm that
automates and optimizes the selection process based on various
parameters, such as data volume, priority, quality of service and
cost. This novel solution reduces user burden, facilitates service
management, and contributes to the development of cognitive
spaceflight missions, ultimately supporting NASA’s research into
Cognitive Communications technology. The algorithm design
consists of three major steps: modeling data, developing a Link
Selection Algorithm (LSA) based on a grading system, and
applying machine learning using linear regression. The LSA eval-
uates providers based on user-defined constraints, considering
factors such as delivery time, cost, and quality of service. We
define a suitability metric which allows our algorithm to make a
recommendation to a user regarding which commercial service
providers to select. The addition of Linear Regression predicts
the future suitability value. Our main findings demonstrate that
the resulting algorithm can autonomously manage connections
between satellites and providers, maximizing communication
channel efficiency. This research has significant implications, as
it not only addresses a pressing issue in satellite communication
management but also advances the field of cognitive spaceflight
missions.

Index Terms—Linear regression, commercial service providers,
link selection algorithms, data modeling, recommender systems

I. INTRODUCTION

As NASA'’s Tracking and Data Relay Satellite (TDRS) con-
stellation begins to age, the agency has selected six potential
commercial service providers to demonstrate more modern
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and flexible satellite communications capabilities [1]. Interop-
erability with a variety of communication systems, automation
of resource scheduling and data management are essential
to successful integration with these providers. Research into
machine learning and artificial intelligence may be used to help
guide service provider selection and scheduling, and account
for unexpected schedule changes. Future science missions may
operate in a way where the transfer of data is unscheduled,
a-periodic, and ad-hoc [2]. As network complexity increases,
there will be a greater need to manage connections between
satellites and providers, so that communication channels are
utilized efficiently between any possible combination of satel-
lites and service providers. Such a system should be able to
take multiple parameters into account and predict the avail-
ability of communications channels in an automated manner.

Currently, NASA uses the traditional approach where “the
mission designer typically allocates a single frequency and
bandwidth to the radio, applies for the corresponding spectrum
license, and negotiates service with a communications service
provider” [3]. While this approach is robust and proven, it
requires human intervention and the increasing number of
satellites in orbit over time leads to increasing demands in
managing satellite connections. It would be beneficial to solve
these problems to reduce user burden and thus “make it easier
for missions to perform service management” [4].

This project proposes a data model and prediction algorithm
to enable service provider selection and data transfer decisions
without human interaction. Our basic model can be used to
develop a knowledge base of previous system parameters,
selection decisions, and performance measurements. The al-
gorithm will be able to decide upon a service provider to
transfer data to the ground team based on parameters such
as data quantity, priority, and the cost of sending through
each available provider. Once several selections have been
evaluated and the outcomes stored in the knowledge base, the
system can be used to make improved decisions based on prior
performance.

A. Recommender Systems

One approach to developing a service provider selection
algorithm is to model it as a recommender system. Recom-
mender systems are frequently used in e-commerce applica-



tions to recommend specific products to users or potential
customers [5]. A recommender system may be “any system
that produces individualized recommendations as output or
has the effect of guiding the user in a personalized way
to interesting or useful objects in a large space of possible
options” [6].

A basic model for a recommender system will take user data
and a set of possible products as inputs to a recommender
function and output a predicted user rating [7]. Our service
provider selection model follows the same structure. The
system takes a user spacecraft object and a set of service
provider objects as inputs into a link selection function which
outputs the top ranked provider for the given user. Section II
details the model development, data generation process, and
the link selection algorithm.

II. METHODOLOGY

This section details the development, design choices, their
justifications, and the features of the Link Selection Algorithm
(LSA). Our proposed solution involves three objectives.

1) Model data - Datasets were generated for six different
providers, each having a separate status and parameters
at any given time of day, on which to process the algo-
rithm and provide training data. This step was broken
down into three main subtasks:

a) Define provider, spacecraft, and user requirements

b) Preprocess the data.

c) Cache the data into comma separated values (CSV)
format.

2) Evaluate Providers - Develop a Link Selection Algo-
rithm (LSA). The LSA will select from an array of ser-
vice providers based on their cost models, prior service
provider performance, anticipated availability, mission
data requirements, and “user” provided constraints. The
best option for the data transmission will be ordered
based on a scalar grading value. This was done by:

a) Assigning a grading system to each user constraint.

b) Develop a script for multi-objective decision mak-
ing and grade accordingly.

c) Populate and update CSV files.

3) Predict rankings - Implement the machine learning
model Linear Regression to allow the algorithm to use
cached performances to make decisions without relying
on the link selection algorithm. The system must also
incorporate user input into the algorithm’s decision
making. The basic tasks for this objective were:

a) Ingest all CSV files from the LSA.

b) Process all rows and columns to validate data.

c) Generate linear regression models to see provider
suitability change over time.

Objective 1. Model Data

The first objective of data generation comes from the need
to work around a lack of real world provider datasets. Data is
needed to simulate various situations and allow the algorithm
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Fig. 1. Data Model and Link Selection Decision Process

to use previously made selections as a contributing factor to
deciding the next best options (ie. predicting the best provider).
In early stages of the project, a thorough search was conducted
to attempt to find relevant datasets, however none were found.
As a solution to this problem, a custom data model and file
format were developed. Fig. 1 demonstrates the inputs and
outputs of our algorithm.

A provider will have various parameters, such as data rate,
cost per hour, quality of service, which all change through
time, as well as a select period of availability to the satel-
lite. Each provider was given parameter values to simulate
conflicting environments for the algorithm to make decisions
on. Some providers, for instance, were chosen to have strictly
better data rates, with a cost to match. Others were given lower
data rates, with lower prices to match. During some hours of
availability, multiple providers are available at once, with there
being many potential providers to link with that each have
their own benefits in doing so. The algorithm needs data that
features such differences in providers in order to compute a
best match for a mission objective. Figures 3 and 4 show how
the costs and contact availability are modeled.
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Fig. 2. Data Objects

The Spacecraft class is utilized to represent the attributes of
a spacecraft that may affect data scheduling decisions. These
attributes include maximum and remaining storage, spacecraft
energy usage, and a running history of previous parameters,
providing a rich dataset to simulate varying spacecraft condi-
tions. The maximum storage attribute, for instance, fluctuates
between 1,000,000 Mb and 1,500,000 Mb, while the remaining
storage attribute varies between 100,000 Mb and 1,000,000
Mb, offering a dynamic environment for the algorithm.

The User Data Requirements class is utilized to represent
user constraints, such as data volume, data priority, delivery
deadline, desired Quality of Service (QoS), desired budget, and
cost priority. Similar to the Spacecraft class, we used a range of
values for each parameter to mimic real-world variability. For
instance, data volume varies as per user requirements, while
data priority is set on a scale of 1-3, reflecting the differing
urgency of data.

Objective 2. Evaluate Providers

The second objective is to develop the algorithm which will
interpret the data and evaluate the providers. The algorithm
will take a number of parameters that will be configurable by
the user, depending on how real-time data will be collected
(at this moment, a user’s input for the data fields simulates
a satellite providing the algorithm the necessary parameters
to evaluate the best provider, which will occur at an assigned
time of day). Fig. 2 shows the object-oriented design that was
used in the Python prototype. The parameters listed in the
objective above are the main parameters that are expected to be
common and relevant to all circumstances and configurations.
Generally, variable weights are assigned to parameters in order
to modify the influence each one has over the final decision.
The decision being made will be showcased in an output

of service providers available for a transmission, ranked in
accordance to a scalar value suitability.

The LSA itself is based on a grading system and consists of
several functions that perform different calculations to evaluate
and grade each provider. The main goal is to find the best
provider by maximizing the suitability score based on
the specified constraints by the user.

1) Implementation: These are all functions and variables
used in the grading system to evaluate the suitability
metric.

e leeway: the amount of time in hours past the delivery
deadline. Leeway helps differentiate and prioritize the
data priority. If data priority is 1, then the data must
be delivered by the delivery deadline, so leeway is 0.
If data priority is 2, leeway increments by an hour,
meaning that the spacecraft may deliver later than the
delivery deadline. If data priority is 3 or not provided,
the leeway is 3.

e calculate_anticipated_budget (provider) :
This function calculates the anticipated budget required
to use the given provider, based on their historical data
and considering the remaining data load, data rate, cost
per hour and the delivery deadline (with some leeway).

e calculate_delivery_hour () : This function cal-
culates the provider’s delivery time and the starting
hour for transmission, considering the delivery dead-
line, data volume, data rate, and provider history.
The function first checks the provider’s contact avail-
ability (1 or 0) at the delivery_deadline +
leeway hour, and will then calculate how much of
the data volume would be calculated each hour us-
ing each hour’s data rate, until no data would be
left. The hour which no data remains is referred to
as provider_delivery_hour, and providers which
are available at both provider_delivery_hour
and delivery_deadline + leeway are consid-
ered available, so the function appends these available
providers to a list. This is the most significant evaluation
since it does not select the providers to be evaluated in
the first place, since they are unavailable.

e cost_evaluation(available_providers) :This
function evaluates the suitability of each available
provider based on the cost factor. Depending on the data
priority, it increases the suitability score of a provider
if its mission budget is equal to or above the desired
budget. The current function is (suitability +
(cost priority - 3) = x).For data priorities 1,
2, 3 the corresponding x are 5, 10, 15 respectively. Fig.
5 shows a summary of the suitability calculation.

e gos_evaluation (available_providers) :
This function evaluates the suitability of each available

provider based on the QoS factor. If the actual
QoS is less than the desired QoS, it calculates
the gos_evaluation value and subtracts it
from the provider’s suitability score. The current

function is gos_evaluation = (desired_gos
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- dd_actual_gos) = 2, where dd_actual_gos
is provider’s QoS value at that hour.

e determine_available_providers (): This is
the main function that calls the other functions to calcu-
late the delivery hour, perform cost evaluation, and per-
form QoS evaluation. It then resets the suitability scores
for providers not in the available_providers list.

The code goes through each provider and assigns them a
suitability score based on the given criteria. In the end, the al-
gorithm returns a list of available providers with their updated
suitability scores. The provider with the highest suitability
score can be considered the best provider according to the
specified parameters.

Objective 3. Predict Rankings

The third objective focuses on the machine learning nature
of the task, namely through a Linear Regression implementa-
tion, automation of data processing, and allowing user input
on the importance of a particular parameter (cost, deadline,
priority) to influence the algorithm’s output. Every run from
the algorithm will store the resulting providers available for
the job, the determined hour of the transfer time, and their
evaluation rating (suitability parameter). Apart from the
algorithm learning from previous decisions, the algorithm will
also support influence in decision making by user defined
parameter values. This will be useful for users that wish to,
for instance, save budget, or give data different prioritization
than previously declared.

The machine learning model decided upon was the linear
regression model. The Linear Regression model is a machine
learning model which predicts a “future” value of a linear
relationship defined by pairs of data values. It uses the slope
of a generated graph of these data pairs, typically a measured
data quantity on the y-axis versus another quantity, for instance
of a unit of time, on the x-axis of a dataset. A line of best fit
(see Equation 1) is generated for this data set, and that line
of best fit is used to determine the next data value at the next
value of time.
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The model was chosen as it was seen to easiest fit into
the LSA’s functionalities, especially as the addition of the
suitability scalar in the algorithm’s functionalities. The purpose
of suitability in the algorithm allows it to fit into the
aforementioned plot of measured data values versus time in a
linear regression model.

A day in the algorithm’s terms is one execution of the
entire program; the algorithm theoretically runs at 12:00 AM
every day and obtains the best delivery hour for available
providers of that day. The condition for using Linear Regres-
sion instead of the LSA is 7 days of a link selection hour
being used, this is determined by calling check_rerun ().
If check_rerun () returns true, we use the LSA, as we
do not have enough days of data to use. Otherwise, we can
use Linear Regression as an alternative to the LSA. The
current approach is to use conditional statements to determine
if the user provided delivery deadline has 7 days of
data generated, or in other words, the LSA has run 7 times
for this particular delivery_deadline. Some challenges
arise when it comes to using this method, as we would need to
use 24 linear regression models for each of the 6 providers, one
for each hour of the day. With only 6 predetermined providers
in our problem scale, it is not predicted to be an issue for
execution times, nor are any efficiency concerns present. Of
course, if the algorithm is scaled upwards and made dynamic,
problems could occur using this method.

It is important to note that our methodology does not
account for factors like varying elevation angles, distances,
or the procession of the satellite’s orbit, which can impact the
quality of service (QoS) and data rate. One way to improve the
model might be to use machine learning techniques to learn
from historical data on the relationship between the satellite’s
orbital characteristics and the communication conditions. This
could include training a regression model to predict QoS and
data rate based on variables such as elevation angle, distance,
and orbital position. This approach would also require a
significant amount of data, but could potentially provide a
more accurate and adaptable model.
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III. RESULTS

The final algorithm can operate in two modes. The first
mode calls the standard LSA based on data for the current
time. The second mode calls a Linear Regression model based
on cached suitability values from previous runs of the
LSA. This will allow the system to predict which provider
should be the most suitable based on previous selections.
Figures 7 and 8 show the previous suitability scores
for Providers 1 and 2, and their predicted values based on the
linear regression trend line.

The system’s initial mode will be to start by using the

standard LSA, which only requires knowledge of the current
parameters and provider information. The suitability metric
will be calculated by using all of the created provider, space-
craft and user requirements models. Once there are at least 7
days of suitability collected at the required times, the system
can switch to Linear Regression to make future suitability
predictions. Fig. 6 demonstrates a more detailed flowchart
of the data collection and algorithm selection process. The
advantage of using the Linear Regression mode is that the
suitability metric will now be calculated based on a larger
knowledge base of historic data, which can also incorporate the
actual measured QoS from previous selections. The data model
we have proposed is relatively small and Linear Regression
itself is rather simple, so there is not a significant level of
computational overhead associated with the Linear Regression
mode versus the LSA mode.

IV. CONCLUSION

A main focus of this work was the data modeling, however
the basic prediction results show that our recommender system
provides a basic framework for a predictive approach to link
selection. Linear regression was chosen as the machine learn-
ing method, although there are numerous algorithms that could
be used. There are a number of techniques for recommender
systems that remain topics for future work.

The lack of data was a significant challenge and we plan
to release our data model for other researchers to use. By
addressing this challenge, we have contributed to several areas
relevant to the artificial intelligence and machine learning com-
munity including data modeling and simulation, in addition to
algorithm development. The lack of standardization for many
terms such as “quality of service”, as well as data for in depth
cost modeling remain open topics for investigation as well.

Several of the metrics are defined as notional scalar values,
such as the quality of service. The definition of an optimal
quality of service metric for satellite service provider selection
is a broad topic, which we leave a future work. In addition,
we plan to further refine the equations for calculating the
suitability metric. We believe that the concepts defined
for the general data model and suitability grading sys-
tem are novel contributions developed by this work.
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