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Abstract

Scheduling observations on the current Resident Space Object (RSO) space catalog to the Space
Sensor Network (SSN) is a resource-constrained optimization problem. Bound by observation and
revisit requirements, known scheduling violations can be minimized under the resource constraint
using a selective decision process. Assigning values of collection to determinewhich sensor collects
which observations over time is the initial path to optimizing this problem. This decision process
utilizes properties of the individuals within an RSO catalog as well as properties of the system as a
whole such as sensor work-load distribution and sensor-RSO visibility. Each sensor-RSO pairing
receives a value of collect which can be easily compared against other sensor-RSO pairings to help
determine an optimal collection scheme.
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1 Introduction

U.S. National Interest has become critically dependent on space capabilities for nearly every aspect
of modern daily life. Communication, Positioning, Navigation, and Timing (PNT), tracking,
weather, agriculture . . . all rely on space-based capabilities that require the freedom to operate
in space. Historically the high cost of entry has limited the space domain to nation states with
large budgets. That has changed dramatically in the last 10 years; payloads are getting smaller
and cheaper to build. Launch service costs are falling dramatically as more and more companies
providing lift develop capacity. In 2018, the cost of launch and payload development had dropped
to the point where it was feasible for a high school[1], several colleges[2] and even an elementary
school[3] to design an experiment, secure lift, and place their satellites in orbit.

Cost as a barrier to space development has fundamentally been removed.

In the near future, nearly unlimited access to the domain will complicate freedom to operate. The
future sustainability of what is predicted to be a $558 billion[4] industry by 2026 will require
effective global management of the domain. Long-term Sustainability (LTS) must be considered
by every actor in space, considering industry plans for nearly 15000 operational satellites to be
launched between 2017 and 2026[5]. The United Nations Committee on Peaceful Uses of Outer
Space (UN COPUOS) identifies the number one risk to space development as space debris. It
identifies the second as the large predicted number of satellites. The convergence of these two risks
will drive the need for management of the interaction between each Resident Space Object (RSO),
debris and operational, or more colloquially Space Traffic Management (STM).

Congestion of the domain requires active cooperative management to ensure freedom to operate.

There are many recommendations as to what is needed to achieve STM from legal frameworks[6]
to operational guidelines from the UN[7]. But at their core, real-time positional knowledge is the
enabler, i.e. where things are in space and time. The tenets of U.S. National Space Strategy and
global viability of the domain require the ability to know where objects are, where they are going,
and their relationships to other objects. Today, that knowledge is primarily based on collections
from a core group of eight dedicated and eighteen multiple-mission sensors, primarily operated by
the Department of Defense (DoD). Space Policy Directive (SPD), signed into policy by President
Donald J. Trump[8], recognizes that this infrastructure and the previously military methods of STM
will become inadequate as space continues to become more crowded and contested.

This paper proposes a mathematical basis for a collection system resource management method
that promises to provide near real time persistent awareness and enables the tenets and objectives
of SPD-3[8], and SPD-4[9]. Implemented properly, this methodology could become the logical
basis for a functional architecture that unifies the system for the coordination of sensing capability
to maintain near real-time positional awareness and change detection on tactically relevant time
lines.
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2 Problem Definition

The motivation behind Sensor Network, Autonomous, Resilient, Extensible (SNARE) is to achieve
two goals: Accurate awareness of the positional state of objects and tactically relevant persistence
for change detection of space objects. Combined, these two ideas are the positional basis for
modern Space Domain Awareness (SDA), formerly Situational Space Awareness (SSA), and STM.
In the congested near future of space, these two functions must be automated and able to scale
with the expected quantity of objects. Currently, there is no automated process that utilizes sensing
resources to achieve both objectives. In addition, it is likely the overall accuracy of the catalog can
be improved through an automated process.

These motivations contrast the intent of the system in use today. The Special Perturbation (SP)
Tasker computer program was designed to task the Space Sensor Network (SSN) with observations
to maintain an accurate satellite catalog[10]. SP Tasker generates daily tasking files which are
aggregated to the composite tasking file. The composite tasking file is loaded into the Space
Defense Operations Center (SPADOC) where it and Element Set (ELSET) messages are sent to the
SSN sensors. SPADOC generates the Composite Tasking List (CTL) directing how many tracks
and observations sensors need to collect over the next 24-hour period[11]. The ELSET provides
the latest information on the location of the satellite. Each SSN sensor receives a subset of the
CTL containing only the satellites that are tasked to that sensor. As sensors execute their taskings,
the collected observations are sent back to SPADOC where they are used to update the ELSETs
which are sent to SP Tasker for consideration in the next day’s tasking. Additionally, SP Tasker
utilizes sensor performance metrics, satellite energy dissipation rates, and radar cross section/visual
magnitude of satellites to align sensor/satellite parings as it generates the next day’s tasking file[12].

Because SP Tasker sends general tasks for an entire 24-hour period, it does not support tactical
operations which might require decisions in mere minutes. And, because reporting object collects
are not always processed in real time, it can take hours or even multiple days to acquire enough
evidence of a potentially nefarious object’s intent or activities. When an RSO eventually becomes
interesting due to such activity, manual overrides on the existing schedule must occur in an attempt
to recover the object with the desired positional accuracy. In the sense of space warfare, these
timelines of recovery do not support the threat assessments or space flight safety missions.

2.1 Goal

This paper provides a decision process framework that can lead to a collection scheme across an
enterprise of sensors, not all of which are controlled by the U.S. To retain context, this framework
should be sensor agnostic, extensible (even beyond the SSN), real-time applicable, and meet or
exceed guidelines and requirements set forth by the current tasking scheme. The framework
should then demonstrate that solutions exist for achieving both persistent awareness of objects in
an ever-growing catalog and also tactical (real-time) change detection, a capability which is not
considered in the current collection paradigm. The system that is in place today meets the current
requirements for catalog-keeping, but the capabilities of SNARE could eventually set the bar for
stricter requirements or serve as a reference architecture if stricter requirements emerge due to
modern operational needs.
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In particular, the aim of sharing the SNARE logic is to mathematically demonstrate the following
key concepts:

• Catalog accuracy and change detection can be maintained through a simple decision process.

• A decision process can be reached through the application of a utility function, which assigns
instantaneous value of each possible collect and in turn forms a collection scheme.

• As available resources scale, observable faults that contribute to a sub-optimal collection
scheme become minimized.

To contrast with the methodologies put into place today, it is also desirable to explore the following
ideas about a collection scheme:

• Is there a way to avoid duplication of work?

• Can sensors be utilized ambiguously to contribute to the collection scheme?

• Is it possible that the SNAREconcept can free up network sensing resourceswhilemaintaining
acceptable accuracy across the majority of the catalog?

• If each of the above is met, can a scheme be built in real time?

2.2 Metrics

A chosen selection scheme needs to be considered against certain metrics to explain not only if it
is useful, but how it might be useful. Consider a few basic measures of what could indicate a good
collection scheme.

• Diversity—how many unique objects are being tracked in a given scheme? The measure of
diversity in a 24-hour scheme is referred to as 3{, where having diversity is valuable.

• Redundancy—how many sensors are being told to do the same work at the same time? A
penalty in redundant tasking (not collection) results in a multiview violation, <{. Note that
some missions could require triangulation or multiple simultaneous collections.

• Revisit Expectation—are objects being seen at the appropriate rate relative to their interest
level to be able to detect changes in its orbit? Objects that miss their revisit time in the
collection scheme incur revisit violations, A{.

• Priority Expectation—are less important objects often being tracked more than other, more
important, trackable objects? Each object that is in the collection scheme that replaces a
more important visible object commits a priority violation, ?{.

• Observation Expectation—are objects being tracked enough to maintain or improve catalog
accuracy? Objects that are lowering the catalog accuracy due to insufficient tracking cause
observation violations, >{.

3



In addition to these metrics which are based off a measure of diversity and counting violations in
a collection scheme (unitless), consider two other metrics that are closely related but already have
meaning and use outside of the SNARE construct.

• Total Violation Time (TVT)—How much time (in minutes) between collections on an object
versus its requirement?

• Total Positional Error—What is the total expected positional error (kilometers) of objects in
the catalog, due to track rate?

These topics will be more formally defined and discussed in Section 4. First, the problem notation
will be explored.

2.3 Sensor Notation

Let f8, 8 ∈ {1, . . . , =} denote some 8Cℎ sensor in the SSN (out of = sensors). Let there be C timesteps
in a day, and let timestep 9 = 1 + () − 1) mod C, where ) ∈ N is the number of timesteps from
)0 = 0. Note that as ) is the number of timesteps after )0, then ) > 0, and hence 9 ∈ [1, C].

• Let � =
∑
8 28 be the theoretical track capacity for the SSN in a single timestep, where 28 is

the theoretical track track capacity for a single f8 in a timestep, and � =
∑
9 � denote the

daily track capacity for the SSN

There is currently no restriction on the actual size of timestep 9 . Operationally, 9 could relate to
however fast information could be processed at a sensor level.

2.4 RSO Notation

Let k: , : ∈ {1, . . . , <} denote some : Cℎ RSO (out of < objects). Each k: will have several
properties that are either determined or monitored.

• Let ?: describe the interest level, or priority level, of k: such that ?: = : . The lower the
value of the priority level, the higher the interest is in the object (note that the priority level
of an object is unique and ordered)

• Define A: ( 9) as the count of timesteps from time 9 since k: was last seen. In practice this
quantity is only considered the timestep after the collect occurred, and hence A: ≥ 1. For
example, assume that an object k: hasn’t been observed at 9 = )0 = 0. Then, A: (1) = 1.
Then, k: is seen at 9 = 10. Due to the nature of when this step is performed, A: (10) = 10
but A: (11) = 1.

• Let Â: be the maximum allowable number of timesteps between tracks on k: before a revisit
violation
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• Define >: ( 9) as the count at timestep 9 over a given collection in which k: has been observed,
where >: ≥ 0. Note that this should not be confused with the empirical collection of actual
formatted observations that might be sent between a network of sensors. In fact, it is assumed
within the nature of this work that a “completed observation” as defined by the observation
count is actually a successful track.

• Let >̂: be the required number of tracks on k: in C timesteps to avoid an observation violation

2.5 Collection Notation

Denote the proposed collection scheme for a given timestep 9 to be the multiset ¤S 9 ∈ Z�×1, and the
verified schedule over the last C timesteps at time ) be denoted as the multiset S) ∈ Z�×C , where
S) = {S 9 }C1. It follows that >: ( 9) =

∑
9 |{: ∈ S 9 }|.

• Let {8,: ( 9) describe the visibility of k: by f8 at time 9 . A basic consideration of this value
is binary (where a value of 1 means it is visible and a value of 0 means it is not visible),
however could be extended to any number in the range of [0, 1] for various interpretations of
"visibility".
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3 Model Flow

The proposed collection scheme-building paradigm follows a simple data flow model. The concept
extends from the idea of simplicity; given a small amount of information at a given time, can it be
utilized to structure a tasking decision for how the network responds to it? In particular, given a
published state of k: at time 9 , what information can be utilized in the construction of a collection
scheme for each f8?

3.1 Decision Process

Parameters ?, Â , >̂ are defined using government policy, orbital analyst tools, and potentially Cap-
stone Requirements Document (CRD) standards. Assume visibility between sensors and objects is
relatively understood within a small time frame. A utility function can then use known qualities
and object observation history in order to quantify relative value between tracks at a given point
in that same time frame. Once values between sensors and RSOs are established, each sensor can
make an informed decision on how they should be filling their duty cycle in the next time epoch. A
proposed schedule can be distributed between sensors, where the sensors can then optimize their
own task list to achieve the highest probability of capturing each proposed track, and required set
of observations on the track.

3.2 Using a Utility Function

The purpose of the utility function is to help quantify the relative value of a collect on an object
by using the known information about the object. In general, the utility function should have a few
objective qualities.

• A higher priority object should correlate to a higher value of collect. To avoid only high-
ranked objects from being consistently tasked, there needs to be other ways for lower interest
objects to acquire value.

• Value of collect on an object increases as separation increases from its last collect. In
particular, there should be increase in value as an object approaches its revisit expectation
to avoid a violation. If an object surpasses its revisit expectation, the rate of which its value
increases should change.

• Value of a collect on an object is higher when it hasn’t been seen yet in its collection period.
Once an object has been seen enough times to maintain defined accuracy on the object, the
value of a collect drops considerably.

• Value of multiple collects on a single object at the same time is the same as a single collect
on that object at a given time, unless specifically defined otherwise.

• All valid collections add some utility to the network.

• If a sensor-object pairing is not possible (i.e. an object is outside of a sensor’s field of regard),
the collection is invalid and the utility of collect is zero.
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It can now be said that the utility function can be generally defined as some function ! to find
utility,*, such that

* = ! ({, A, Â , >, >̂, ?)
As such, the given inputs of ! are differentiated, and if each are independent from each other, *
can be reformulated.

* = { ∗ 5 (A; Â) ∗ �(>; >̂) ∗ ℎ(?),
for some functions 5 , �, ℎ. An example of a selection of functions 5 , � are included later in the text,
Section 5.2.

In practice it is certainly possible that there is some co-dependence between some of the inputs, i.e.
A might correlate with ?. Even if this is the case the analysis will be the same. To define in context,
subscript notation can now be used to deepen the relationship between f8 and k: in a discretized
time system,

*8,: ( 9) = {8,: ( 9) ∗ 5 (A: ( 9); Â: ) ∗ �(>: ( 9); >̂: ) ∗ ℎ(?: )

An additional layer to the utility function to account for reactiveness of the system will be referred
to as the “bounty list”. Let, the bounty list, ℓ, be defined as a transformation ) on*,

) (*) → *

where ) (*) =
{
*U, ∀: ∈ ℓ
*, ∀: ∉ ℓ

and ℓ = {: : : ∈ ¤S 9\S 9 }

for U > 1. Objects that are tasked that don’t get collected are placed on the bounty list. Larger
values for U will raise the value of collect for bounty list objects much quicker than an U close to
one.

The primary considerations in this scheme are the revisit and observation properties of each RSO.
It is likely that in application priority level will correlate appropriately between the revisit and
observation expectations, and hence should not hold a lot of weight in determining utility of
collect. However, priority will be used as a “tie-breaker” (in case multiple objects have the same
utility of collect at a given time). Before a particular utility function is addressed, assume that
the above properties are met and the above utility function will be used as a place holder when
describing the model flow.

3.3 Base Case

Consider the interaction between a catalog of a single object, k1 and a single sensor, f1. In this
case ? = 1, and Â and >̂ can be chosen arbitrarily. Sensor capacity, 21, can be arbitrary in this
example. The pseudocode is provided below:

• ) = )0

• A1 = 1, and as S) is empty, >1 = 0

• f1 reports when it can next see k1

7



– If {1,1 = 0 then* = 0, and there are no objects to put into ¤S1,1 and it remains empty
– If {1,1 > 0 then 5 , � are calculated. Hence,* = 5 ∗ �, and ¤S1,1 = {1}

• ), 9 increment

– If ¤S1, 9 becomes a verified collection, ¤S1, 9 → S1, 9 (which in the base case becomes the
first and only element of S) ). Then A1( 9) = 1 and >1( 9) = 1, so 5 stays the same, and
� decreases

– If k1 was missed by f1 then A = 2 and > = 0, which means 5 increases but � stays the
same

• Visibility for the next time step is gathered, and the utility function is updated

• A new schedule, ¤S1, 9+1, is proposed and executed

• ), 9 increment and process from ) > )0 repeats

A flow chart is provided in Section 11, Figure 20.

3.4 Extended Case

The above data flow model is similar to the extended case when vectorized with = > 1 sensors and
< > 1 objects. Instead of a single utility of collect, * ∈ R, the utility function returns a matrix
of information, where * ∈ R=×<. Note that the visibility component can increase the complexity
of the value function if {8,: is unique from sensor to sensor. To keep things simple, let’s assume
there is a decision process by each sensor that verifies whether an object is visible for collection or
not, but inevitably there is no effective difference between any one collect in regards to the utility
calculation (in other words, { ∈ {0, 1}). Other assumptions about things like sensor duty cycle and
theoretical sensor capacity could be lumped into the visibility portion of the utility function to give
it range, but for now it will be referred to as a binary value. As there is no logical restriction on two
separate objects sharing similar Â and >̂ values while varying ?, distinct values of * for varying ?
is desired. So in this case,* ∈ R<, where

*: ( 9) = 5 (A: ( 9); Â: ) ∗ �(>: ( 9); >̂: ) ∗ ℎ(?: )

and each sensor either can see k: and has * > 0 utility on collect, or cannot see k: and thus has
* = 0 utility of collect at time 9 .

Consider the interaction between a catalog of objects {k: }<1 and a network of sensors {f8}=1 . Recall
that, for simplicity, ?: = :,∀k: . Let Â: be arbitrarily correlated with ?: .

In the extended case we will also introduce the idea of “sensor regrets.” In application, a task list
can be sent to a sensor (or even self-determined) and it will respond with either an affirmation (i.e.
the requested task list can be accomplished by the sensor), or a regret list. The regret list is the set
of tasks that the sensor has to give up in order to accomplish the given task list.
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• ) = )0

• {A: }<1 = 1, and as S) is empty, {>: }<1 = 0

• f update {,∀: with next visible time only

• Bounty list, ℓ, is initialized as an empty set

• For {8,: > 0, 5 , � components are calculated in the utility function

• While
∑
8,: * > 0...

–  = max
8,:

* is selected

– If f8 has no regrets for taking  , it is absorbed by ¤S8, 9 and*: = 0,∀8
– If f8 has regrets for taking  , then*8,: = 0
– If f8 reaches capacity, 28, then*8 = 0,∀:

• ), 9 increment

• Verified collections from ¤S8, 9 → S8, 9 and populate S)

• A query on the next time ∀: ∈ S 9 are visible is solicited from each sensor, and { is updated

• A: ( 9) = 1,∀: ∈ S 9 and >: ( 9) =
∑
9 S) | (S) = :),∀:

• A: ( 9) increment ∀: ∉ S 9

• Bounty list, ℓ is updated

• Utility is calculated, for all visible : at time 9

• Utility is adjusted using the bounty list

• While
∑
8,: * > 0...

–  = max
8,:

* is selected

– If there is a tie between the value between two sensors, the one that has more of its
expected capacity left is used

– If f8 has no regrets for taking  , it is absorbed by ¤S8, 9 and*: = 0,∀8
– If f8 has regrets for taking  , then*8,: = 0
– If f8 reaches capacity, 28, then*8 = 0,∀:

• A new schedule, ¤S 9+1, is proposed and executed

• ), 9 increment and process from ) > )0 repeats

9



A basic summary of the pseudocode is listed as follows:

1. All visible objects at each timestep are ordered by value of collect using the utility function.

2. The sensor with the highest value of collect (or most available duty cycle during a tie) gets
tasked with that object.

3. Objects are removed from the list as they are tasked (under the impression the collect will be
successful).

4. All objects are tasked with the maximum sized-list of collections possible, up to sensor
capacity (when a sensor cannot collect anything else without regrets).

5. All collections that fail to occur are given more value on the next iteration.

A flow chart is provided in Section 11, Figure 21. The process of calculating*8,: , then performing
the translation ) (*), and then sorting and filtering * to decide what goes into ¤S 9 will now be
referred to as the Local Value Function (LVF).
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4 Using a Global Value Function

Metrics on the decision process can be captured during or after the scheme-building process. The
general tactic is to count violations as they occur, monitor them during the scheme-building process,
and then tally them against each other in sets of “scores”.

The scoring method will be described using the term Global Value Function (GVF). It can be
generally defined as some function � used to compute some global value �+) over a collection
scheme S) , where

�+) = � (S) )

The violation metrics were expressed earlier, but now they will be examined a little more closely.
Recall the metrics, 3{, <{, A{, ?{, >{. Each metric differently describes faults in the schedule S) ,
and are the driving forces in the GVF. Hence, � can be expanded to the forces measuring S) into
five independent components.

�+) = � (3{) , <{) , A{) , ?{) , >{) )

With a scoring function, it is important to be able to arrive at conclusions that can compare one
instance of a scheme to another. Although there may be no absolute way to do this without first
having definitive measures on every possible permutation on every type of schedule, a sense of
relativistic value may be achieved through the process of normalization. In other words, if there is
a way to compute a score of “goodness” on one metric with one set-up for a collection scheme, it
may hold value to be compared versus the same metric on a completely different collection scheme
(like getting an 88 score out of 95 on one exam in one class, and then a 92 out of 106 on homework
in a different class). In particular, if each metric is normalized to a possible value from [0, 1] out
of 1, it might be useful in future analysis (however, it is also sometimes relevant to look at the
individual counts of each violation rather than the score).

The general format for a scoring function is

s̃core = 1 −
∑
violations

max violations possible

where s̃core ∈ [0, 1]. In this context, a score of “1” would be a perfect score. Note that within this
general formulation, all violations that meet the criteria to be counted within a score set are treated
equivalently.

4.1 Diversity Score

The diversity metric, 3{ is simply the count of unique k out of < total objects in schedule S) , and
is denoted as

3̃{) = 1 − |D) |
<

where set D = {: : : ∉ S}

The diversity metric is particularly useful in determining how greedy a collection scheme is. A
greedy collection schemewill cap its diversity over time, depending on howmuch sensing resources
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are available. It’s important to note that additional collects on an already collected object will not
add to this portion of the score, only collects on objects not seen within C timesteps will increase
diversity.

The biggest set D can be is <, since that is the maximum number of objects observable occurring
when the schedule is empty, and the smallest D can be is 0, assuming the schedule is populated
with every object in the catalog. Hence, 3̃{) ∈ [0, 1].

4.2 Multiview (Redundancy) Score

The multiview metric, <{) ( 9) is the total count of duplicate : within each partition of S) at time
9 . This metric monitors duplicate, or redundant work in a tasking scheme but does not penalize for
collects that occur without being tasked to do so (i.e. there could be multiple instances of an object
in S but there may not be any multiview violations). Hence, multiview violations can be defined as

<{) =
∑
9

Supp( ¤S 9/{0}) − |D 9 | + <

The maximum multiview violations that can occur is speculative. If capacity measures are known
for each sensor, then the maximum size of the schedule is known which gives an indication of how
many possible multiview violations can occur. Assuming every sensor tracks the exact same object
(and only that object), at every timestep, then max<{) = C ∗ (� − 1). In practice this quantity
will be sufficient for an assumed �. However if � � < it could be the case that 3̃{ 9 = 1, and yet
<{ 9 > 1. This case also changes the nature of the assumed “resource constrained” environment,
and hence will not be considered further.

Given the maximum possible value of <{) , let

<̃{) = 1 −
∑
9 Supp( ¤S 9/{0}) − |D 9 | + <

C ∗ (� − 1)

and under constrained capacity assumptions, <̃{) ∈ [0, 1].

4.3 Revisit Score

The revisit metric, A{) ( 9) is the total count of timesteps that an object has been in violation of its
revisit expectation, for all objects, at time 9 . The revisit count plays a crucial part in monitoring
whether objects, particularly those that are of high interest, are being tracked enough in the sensor
network. A revisit violation occurs when, for a given k: , the revisit count at time 9 for k: ,
A: ( 9) > Â: . Hence revisit violations can be defined as

A{) =
∑
:

max (A: − Â: , 0)

Note that the maximum number of violations that can occur can grow to infinity as time progresses,
as it is not cyclic like some of the other metrics. At any time ) , a maximum count of revisit
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violations can be bounded up to that point. Assuming that no objects are being tracked at all, and
that ) ≥ max: A: , then

max A{) =
∑
:

(A: − Â: )

=
∑
:

A: −
∑
:

Â:

= < ∗ () −min
:
A: ) −

∑
:

Â:

However, recall that by construction A: ≥ 1,∀: . Then, there cannot be any revisit violations at
) = 1. Hence,

max A{) = < ∗ () − 1) −
∑
:

Â:

which can be formulated into a similar scoring metric as the previous,

Ã{) = 1 −
∑
: max (A: − Â: , 0)

< ∗ () − 1) −∑
: Â:

where Ã{) ∈ [0, 1].

4.4 Priority Score

The prioritization metric is unique in that it depends on whether another violation has occurred. In
particular, a priority violation cannot occur unless a revisit violation has occurred first. If an object
is visible in the network and a revisit violation occurs, then each object that is less important in the
proposed schedule at time 9 counts towards the priority violation count. First, consider the set

P: = {4 : 4 > : ∈ S 9 }

Then, assuming that there is a revisit violation on k: at time 9 (or in other words, A: ( 9) > Â: ( 9)),
and that at least one sensor could have seen it at time 9 (∃8 : {8: > 0),

?{: ( 9) = |P: |

and ?{: ( 9) = 0 otherwise. That conditional quantity can be written as

min
(∑

8

{8: ∗max (A: − Â: , 0), 1
)
∈ [0, 1],

where the quantity is 0 when k: cannot be seen by any f8 or A: ≤ Â: and the quantity is 1 otherwise.
As such,

?{) =
∑
9

∑
:

min
(∑

8

{8: ∗max (A: − Â: , 0), 1
)
∗ |P: |

The minimum number of priority violations occurs when there is either no visibility on an object
by any sensor and/or there are no revisit violations. In which case

min ?{) =
∑
9

∑
:

0 ∗ |P: |

= 0
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Note that just because a revisit violation occurs, doesn’t mean there has to be a priority violation.
In general, a greedy algorithm might have zero priority violations but yet could still have a very
low revisit expectation score. However, if there are no revisit violations a priority violation cannot
occur so minimizing revisit violations in turn minimizes priority violations.

Now the maximum count of priority violations will be found. Assume that there is at least one
sensor that can see every object at every timestep, then

∑
8 {8,: ≥ 1. In addition, assume that

) ≥ max Â: + C (so that there are maximum revisit violations assumed at every timestep in S) ) and
that S) contains � objects, with unique elements ? ∈ {< − �, . . . , <} ∀ 9 . Then,

max ?{) =
∑
9

∑
:

1 ∗ |P: |

=
∑
9

∑
:

|P: |

|P: | = � at every timestep, by construction. Thus,

max ?{) =
∑
9

<−�∑
:=1

�

= C ∗
<−�∑
:=1

�

= � ∗ C ∗ (< − �)

This finally arrives at the scoring metric, defined as

?̃{) = 1 −

∑
9

∑
: min

( ∑
8 {8,: ∗max (A: − Â: , 0), 1

)
∗ |P: |

� ∗ C ∗ (< − �)
where ?̃{) ∈ [0, 1].

4.5 Observation Score

The observation metric has already been defined in context. Recall that >: ( 9) =
∑
9 S) | (S) = :).

The number of violations that occur in a scheme S) is the count of tracks needed in order to avoid
any violations. Hence,

>{) =
∑
:

max(>̂: − >: ( 9), 0)

Note that themaxnumber of violations that can occur arewhen >: = 0,∀: . Hence, max >{) =
∑
: >̂:

and the observation score is defined as

>̃{) = 1 −
∑
: max(>̂: − >: ( 9), 0)∑

: >̂:

where >̃{) ∈ [0, 1].
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4.6 Additional Metrics

The other two metrics mentioned earlier will be defined here. These metrics are used in application
outside of the SNARE construct.

4.6.1 Violation Time and Total Violation Time

Let Violation Time (VT) describe the amount of time surpassed between an object’s collect and its
revisit expectation. Then the current VT of k: at time 9 is,

+): ( 9) = A: ( 9) − Â: ,∀: ∈ S 9

where +) ∈ [1 − Â: ,∞). In practice when this quantity is positive the object is in violation of its
expectation. Let J: be the set of times at which k: is collected while violating its expectation.
Then let

J: = { 9 |A: ( 9 + 1) = 1 ∧ A: ( 9) > Â: }
and the Total Violation Time for an object is then

)+): =
∑
9∈J:

A: ( 9).

The relationship between VT and TVT should now be clear. In relation to the SNARE construct,
the goal is for every object to avoid committing this violation. However, to maintain persistent
awareness on an object it is also important to minimize the variance between independent VTs as
well as bring the average VT on each collect to zero or less.

4.6.2 Total Positional Error

There are many high-fidelity methods of analyzing positional error. However, positional error and
accuracy confidence can be easily estimated using Space Surveillance Network Optimization #2
(SSNOII) curves and tables. The SSNOII table requires six inputs and then outputs estimated
orbital accuracy (in kilometers). The six inputs are as follows:

1. Orbital regime—Geo-stationary Earth Orbit (GEO), Low Earth Orbit (LEO), Medium Earth
Orbit (MEO), Highly Elliptical Orbit (HEO)

2. Energy Dissipation Rate (EDR) Group (using EDR bins)

3. Track mix type (the sensors in the simulation are a mix of radar and ground-based opticals
and it is assumed that each sensor has the ability to collect on each object, although the
SSNOII tables do account for space-based opticals as well)

4. Accuracy Percentile (assume 95Cℎ percentile accuracy)

5. Accuracy at specified time from Two-Line Element Set (TLE) epoch (assume 18 hours from
epoch)
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6. Number of tracks per Length of Update Interval (LUPI), which is based off orbital regime
and EDR group

Using information given in the TLE, and some assumptions, inputs 1-5 can be determined and will
produce a curve that shows desired positional accuracy versus howmany tracks (over the Zulu Day)
are needed on that object to accomplish the corresponding accuracy. An arbitrary example of this
curve is shown in Figure 1.

Figure 1. An arbitrary SSNOII curve.

In this simulation, positional error can be received from these curves for each object which can
help us arrive at a final metric[13].

Let
)%�) =

∑
:

)%�: () 5 )

where )%�: () 5 ) is the error obtained (in kilometers) when SSNOII is updated with k: ’s track
count at time ) 5 . This metric can be further broken down to look at any set of RSOs (by orbital
regime, EDR group, etc).
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5 Setting up a Test Environment

For simulation, MATLAB version R2018a was used on a Dell Latitude 7480 running Windows
10 64-bit, with an Intel®Core™i7-7600U Central Processing Unit with a 2.80 gigahertz processor
and 16 gigabytes of installed Random Access Memory.

5.1 Parameter Determination and Problem Assumptions

• To maintain the concept of “tactical” in an SDA sense, C = 192 is chosen (which corresponds
to a timestep every seven and a half minutes).

• Simulation time, ) 5 = 7 ∗ C, provides a continuous week of data for testing.

• Number of sensors = = 23, where each “sensor” more accurately describes a “sensing
component” that belongs to a sensor site—all sensors are modeled from real sensors in the
SSN, and include mostly radars and some ground-based opticals.

• Multiple sensor capacity assumptions will be explored via multiple tests, as shown in Table
1. Let 28 = @ ∗max)

∑
: {8,: , @ ≤ 1, to which each sensor’s capacity in the simulation is some

ratio @ of the total things that can be seen by f8.

Table 1. Capacity test values
� 28 = 1 @ = 0.003 @ = 0.006 @ = 0.01 @ = 0.02 @ = 0.03 @ = 0.04
� 4416 10560 20544 30144 62208 93504 126720
� @ = 0.05 @ = 0.06 @ = 0.07 @ = 0.08 @ = 0.09 @ = 0.10 @ = 0.12
� 158016 190464 222144 254400 285888 318336 382272
� @ = 0.14 @ = 0.16 @ = 0.18 @ = 0.20 @ = 0.35 @ = 0.50 @ = 1.00
� 445824 509952 574464 638784 1117632 1598784 3199488

• The objects used in testing are derived from a current catalog, with a distribution of LEOs,
MEOs, GEOs, and HEOs

• Number of RSOs, < = 17568, or 13667 LEOs, 2612 MEOs, 950 GEOs, and 339 HEOs

– In order to explore the utility function more thoroughly, two “active” RSOs will be
chosen. These RSOs will have a relatively short revisit expectation, and have the ability
to be chosen at many timesteps (i.e. their visibility matrices are dense). A particular
object in LEO, k_ = k4 will be chosen, and a particular object in GEO, kW = k476 will
be chosen. Keep in mind that with the number of RSOs in the 17000s, both RSOs have
interest levels within the top three percent.

• The current SP Tasker paradigm does not use a unique, ordered priority list and instead uses
“binning” in which objects are placed into five separate bins where the effective priority level
of any < objects are {1, 2, 3, 4, 5} (1 being "most important"). Part of the development of
this new collection paradigm is to give worth to each object in the catalog and be able to
prioritize < objects into a list of {1, . . . , <} priority levels. ?: is defined as

?: = :, : ∈ {1, . . . , <}
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– To correspond with real objects, with otherwise real qualities, each Satellite Identifi-
cation (SID)—converted from the list of < TLEs—maps to a ?: . For simplicity sake,
and to avoid data sensitivity, the ordered list of SIDs map directly to an ordered list
of ?: . Hence, the older the object is in the catalog, the more importance it has in the
simulation (though this does not affect the simulation in any way other than determining
a tie in the utility calculation).

• The A counter is initialized to “1” for each object at )0 = 0. The Â parameter is binned to
represent potential similarities in revisit expectations used today. Let

Â: = 51(?: ) ∈ {1, . . . , 5,
C

32
,
C

24
,
C

16
,
C

8
,
C

4
,
C

2
, C}

The first five objects have a distinct revisit expectation, while every object afterward is binned.
In other words, the first five objects arbitrarily become the most "important" objects with
the highest revisit rates (required to be tracked every 1,2,3,4 or 5 timesteps). The following
objects get placed into bins of ascending requirements that require 32 tracks per time measure
C, then 24 tracks per time measure C, then 16 tracks, 8 tracks, 4 tracks, 2 tracks, and eventually
1 track per time measure C. (The distributed revisit expectation is shown in Section 11, Figure
22.)

• The > counter is initialized to “0” for each object at )0 = 0. Let >̂ = 3 for all LEOs,
>̂ = 2 for all MEOs and GEOs, and >̂ = 1 for all HEOs. Notice how, in general, the
revisit expectations are stricter than that of the observation expectations. For some MEOs,
GEOs and HEOs, Â = >̂, and although some of the observation expectations are stricter
than the revisit expectations of the same objects, the majority of RSOs have a stricter revisit
expectation.

• Using Architecture Trades and Sensor Assessment Tool (ATSAT), the list of TLEs is prop-
agated for = real sensors in the SSN (ATSAT is a MITRE developed tool used primarily
for STM, SSN validation, missile defense analysis, and satellite coverage analysis that has
contributed to major SSA architecture decisions of the past decade). This produces a binary
matrix, + ∈ B=×<×) 5 , to which {8,: ( 9) can be derived from at the correct timestep, ) , in the
matrix+ . An illustration that demonstrates the number of timesteps that each object is visible
is shown in Figure 2. Note that there are some objects that can be seen at every timestep by
at least one sensor, yet most of the objects are only visible around half of the total timesteps.
Notice how LEOs are generally seen less than the other objects. This is because LEOs orbit
the earth on an average of about 90 minutes. Though they are typically visible by a sensor
multiple times throughout the day, they aren’t typically visible for very long consecutively.
This contrasts the nature of a GEO object which doesn’t move very much relative to a sensor
that might be tracking it, and it is therefore potentially visible by one sensor the entire day
(sensor physics allowing). A distribution illustrating the total count of times each k: appears
in + is shown in Figure 3.

• Noise is added to the simulation in two ways

1. Expect 5 percent or less of planned collections to become “missed,” in which case
those items are added to the bounty list until they become a confirmed collect at a later
timestep. These objects are taken away from the schedule, and hence can negatively
effect the revisit, priority, observation and diversity metrics.
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Figure 2. Distribution of how many timesteps each k: is visible in the simulation

Figure 3. Distribution of how many times each k: is visible in the simulation
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2. Expect 5 percent (but not to exceed network capacity) or less of what is visible at any
point in time to be the number of serendipitous collects to be added to the collection
scheme. These collects are not put into the schedule as they are accidental collects,
and hence do not contribute to the multiview scoring metric nor the diversity metric.
However, these collects are relevant to A, > values, so those are updated appropriately
which can positively affect the revisit and observation metrics. Denote the set of
serendipitous collects at time 9 asH 9 for reference.

The noise helps add some element of reality to the simulation while testing the scheme, although
the percentages chosen are likely unrealistic. In addition, noise was exaggerated slightly for k_, kW
to demonstrate qualities of the system. This is the only part of the simulation that is stochastic,
and it does affect the outcome of the results marginally. An in-depth study is not included that
quantifies the effects of the noise, but the noise is necessary to demonstrate some of the reactive
properties of the value function.

5.2 Picking a Utility Function

Recall the formulation for utility in the LVF:

*8,: ( 9) = {8,: ( 9) ∗ 5 (A: ( 9); Â: ) ∗ �(>: ( 9); >̂: ) ∗ ℎ(?: )

As formulated earlier in Section 3.2, there are a few principle qualities that must be upheld when
choosing the utility function. A summary of those qualities is here:

• It must be possible for what we normally consider to be a Priority 3 or even Priority 5
objected is of higher interest at a specific time or place than a Priority 2 object. Note there
are situational cases tied to specific scenarios and time or place in orbit can be considered as
well.

• Value increases as time between tracks increase.

• There is a difference in the rate of value change between an object that is coming up to its
revisit expectation and when it surpasses its revisit expectation.

• An object that hasn’t been seen is usually more valuable than an additional track on the same
object.

• All valid collections provide utility to the network.

These qualifications on the utility function provide soft groundwork for some general qualities in
choosing the particular function that governs value of collect.

• 5 ∈ [0,∞),∀(A: , Â: ), 0 > 0

• 5 ′ > 0,∀(A: , Â: )

• 5 ′′(Â: ) = 0
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• � ∈ (1, �],∀(>: , >̂: ), where � is bounded by some constant �(0) = �

• �′ < 0,∀(>: , >̂: ), which implies lim>:→∞ � = 1

• ℎ′ < 0,∀?:

• Since ?: = : and ℎ is time invariant, it follows that ℎ ∈ [min: ℎ,max: ℎ], so ℎ ∈ [ℎ(<), ℎ(1)]

Let

5 (A: ( 9); Â: ) = 1 + A:
Â:
∗ (tanh (A: − Â: ) + 1), 5 ∈ (1,∞)

�(>: ( 9); >̂: ) = 1 + 2 ∗ >̂:
2 ∗ >: + 1

∗ (tanh (>̂: − >: ) + 1), � ∈ (1, 13)

ℎ(?: ) =
?: + 1
?:

ℎ ∈ (1, 2]

with the limits of � dependent on parameter selection as defined in Section 5.1. A general look at
the algebra associated with this particular utility function can be found in section 9.

Figure 4. 5 , � components of the utility function for k_, kW

Components on 5 , � can be examined in Figure 4. Note the range of each utility component, given
the parameter assumptions in Section 5.1. In the LVF, since elements of * are sometimes raised
to an exponent value greater than one, then all elements of * that are positive but less than one
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might be punished. To avoid a potential decrease of value in the LVF logic, note that a small scalar
additive is included in the 5 , � components of the utility function. The utility function is then

*8,: ={8,: ∗
?: + 1
?:

∗ . . .(
1 + A:

Â:
∗ (tanh (A: − Â: ) + 1)

)
∗ . . .(

1 + 2 ∗ >̂:
2 ∗ >: + 1

∗ (tanh (>̂: − >: ) + 1)
)

where*: ∈ (1,∞),∀: |{8,: = 1.

In these simulations, U = 11
10 was chosen for the consideration of bounty-list objects in the LVF (as

referenced in Section 3.2). This value is large enough to have a noticeable effect on the value of
collect but small enough as to not exaggerate the results in the following simulations.

5.3 Picking a Global Value Function

All the metrics in Section 4 already exist as metrics in [0, 1]. Assuming each metric has equal
weight in the determination in the score of a collection scheme, a valid and easy choice for the GVF
is

�+) = 3̃{) ∗ <̃{) ∗ Ã{) ∗ ?̃{) ∗ >̃{) ∈ [0, 1]

which of course makes the “target” score a perfect one out of one. Because this is a score that is
based on counting what a scheme did not do correctly, this allows room for multiple schemes to
reach the same score (i.e. a perfect collection scheme may not be unique).

5.4 Outcome Goals

As alluded to throughout the paper, the main objective is to

• Obtain collection scheme via proper selection of methodology and LVF.

• Demonstrate that this may occur with minimal violations at some capacity using metrics
from GVF.

To indicate this may have occurred, there are a few key outcomes that are desired, listed as follows:

1. ∃� : 3̃{ ≈ 1
By construction, every object that was selected to use in the simulation is visible at least
once by a sensor. There should generally be more than enough opportunity to appropriately
see every object once a day, and some of these objects (particularly GEOs) can be seen at
nearly every timestep in the simulation. Achieving this point at some capacity assumption
strengthens the idea of good catalog keeping as well as persistence.
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2. max� → min A{
This is a valuable “proof of concept” token. It is unrealistic to assume that the arbitrary
revisit expectations set forth can properly encapsulate the physical nature of all objects in
the catalog. In other words, even if it is assumed that everything that is visible is placed in
the collection scheme, and there is no noise to prevent those collects from occurring, it is
unlikely all objects will meet their revisit time. However, until that capacity limit is reached
to provide an actual bound on how low the revisit violation metric can be, it is hopeful that
revisit violations decrease with increase of resource assumptions.

3. lim�→∞ ?{ = 0, and ?̃{) = 1
The priority score is good at comparing multiple schemes to each other, but in particular it
is important to show that if there is enough sensing capacity, then the important objects will
always be tracked ahead of lesser ones. Even though the priority metric should take a similar
shape as the revisit violation metric, the magnitude of the priority metric cannot be reliably
determined from the revisit violation metric. The key element to demonstrate here is that if
every sensor was able to grab everything in its field of view, then there would be no priority
violations possible to occur, regardless of revisit expectation. This is important beyond the
scope of the presented methodologies and LVF.

4. ∃� : >̃{) ≈ 1
Even if only poor global score is ever achieved, it is necessary to be able to show that some
arbitrary level of accuracy requirement can be met, and real sensor models for sensor-object
visibility can lead to some assumed “catalog accuracy.” For these simulations, a score close
to perfect needs to be achieved for some capacity assumption, even under loose accuracy
assumptions. In other words, if the network has infinite capacity and objects aren’t being
seen enough then it is the fault of the network (or the requirements) and not the collection
scheme.

5. : ∈ S 9 ∧ S 9+Â:
This metric is what sets the defined methodology apart from the rest. If an object appears in
the schedule at time 9 , the goal is to achieve persistence by getting it back in the schedule near
the time that occurs when the revisit expectation occurs. It isn’t just sufficient to minimize the
revisit count, but in particular to try and force the times that objects are seen to a particular
distance apart (in this case by a distance of Â: ). If this statement doesn’t hold, then there is
a large variance of revisit counts for an object which means that accuracy goes down and
persistent awareness is reduced.
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6 Standalone Test Results

The only parameter that was not specified for testing was capacity. Because track capacity within
this testing environment is ill-defined, an assumption on SSN capacity is almost surely to be wrong
for some or evenmost cases. Empirical data exists on the SSN that describes sensor track production
from site to site but that is effected by the current tasking methodology, which is likely sub optimal.
Hence, that data might serve a basis for a capacity assumption but can’t really be used to form any
type of concrete assertion. To that end, what will be demonstrated through testing is the effect of
capacity on the system as a whole. In practice, the idea is to task the sensors until they indicate
they are full (which will be briefly described in the future work section), and cannot be done in
this stage of the model design when there is no actual “communication” between the sensors being
simulated.

The LVF prevents objects from being tasked by multiple sensors. In addition to this, collects in
C( 9) that are also in S 9 are treated as a single collect. Because of this, the multiview score remains
a perfect “1” using the defined methods. This metric will be more helpful later (as described in the
future work section) when comparing different schemes to each other, where other methodology
might allow room for duplication of work. In practice, there are certainly times when it might be
necessary to task multiple sensors to look at a particular RSO at the exact same time, but that is
also outside the scope of the current problem and hence will not be considered in the following
simulations.

6.1 Extreme Resource-constrained Environment

Let 28 = 1, i.e. every seven and a half minutes each sensor can have but a single task.

6.1.1 Results for k_, kW

After seven days of simulation time, Figure 5 shows various qualities about k_, kW. Note that the
axes between the left and right subplots are measured in different units, but are the same numerically
(i.e. 2 ∗ >̂_ = 3 ∗ >̂W).

It is clear that this is a resource-lean environment when two important objects, k_, kW—which have
relatively dense visibility matrices— are reaching TVT of 20 times (or more) their expected values
in the simulation (top subplots). This is causing a relatively large quantity of revisit violations and
priority violations by both objects, especially the object in GEO. By comparison, the observation
expectations are still, in part, met for k_ even though kW cannot meet its expectation at all during
the week-long experiment (illustrated in the middle subplots). This is likely not the case for less-
important objects, but at least some of the most interesting objects can get close to their required
positional accuracy when under extreme resource-load constraints. The results imply that there
will still be some observation violations caused by this.

Both objects, k_, kW are put onto the bounty list during this trial. k_ is actually put onto the
bounty list on two separate occasions, one of which stays on the bounty list for multiple iterations
(including a point at which k_ cannot be seen by any sensors in the network). The utility of collect
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Figure 5. 5 , � components and* over simulation time under extreme resource limitations

on each object clearly climbs when on the bounty list (shown in the bottom subplots), and when
captured decreases again significantly in value.

Important to note in this particular example is that k_ is kept at a generally lower utility of collect
than kW. In fact, this is true even though kW is visible by a sensor at literally every single timestep
in the simulation, when k_ is not visible for many timesteps it is in the simulation. The natural
assumption would be that since the object in GEO is always visible, perhaps it would maintain a
generally lower utility of collect because it is always available to be seen when the value rises to
a certain point. Meanwhile, an object in LEO might not follow this trend because the moment it
becomes valuable, if it is in a particular orbit around the Earth such that no sensor can see it for
another 90 minutes, the value of collect may suddenly skyrocket on occasion and hence maintain
a generally larger utility of collect value. As demonstrated by this test, this is not necessarily true.
In this case, k_ and kW are not generally visible by the same sensors. Hence, there may never be
a point in which k_ is favored by a sensor in value over kW. In addition, kW is competing with
other objects that are rarely visible, or even more important GEOs (regardless of how often they
are visible) on the sensor or two that can commonly see it.

6.1.2 Global Results

After seven days of simulation time, Figure 6 shows various qualities about the simulated collection
scheme for the SSN.
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Figure 6. Metrics under extreme resource limitations over simulation time

In the first subplot (top left corner) is a log-scale plot of the count of revisit violations over time. It is
no surprise that in an extreme resource limitation there is a linear increase of revisit count over time.
Without enough resources to satisfy the expectations set, the system is only able to handle so many
RSOs, and that is immediately apparent. The log-scale plot of the priority violation count (second
subplot in the top right) reflects this as well. Priority violations soon hover around a hundredth of
the priority violation count in the simulation. Though the revisit violations continue to increase
throughout time, the priority violations are cyclic and do not grow in severity over time like the
revisit count does. Upon first look, any quantity of priority violations seems bad, where "interesting"
objects are being bumped for less interesting ones. In an extreme environment, this is the case for
multiple reasons. The third subplot (middle left) shows that the observation requirements aren’t
being met as a whole. This metric implies that catalog accuracy will go down over time because
there are simply not enough resources available to achieve accuracy expectations. From what is
demonstrated graphically about the revisit and observation counts, it can be determined that the
value of collect on these objects must also be growing in time. Whereas � in the utility function
is bounded, 5 is not. So while � provides a starting point for the value on objects not being seen
enough times for accuracy purposes, 5 is making that quantity grow and grow over time. It is
unlikely in this environment that this trend would ever find equilibrium, and this is demonstrated
in the fourth subplot (middle right). The average value of collect on all visible objects, denoted as
*̄, is shown to climb over time. The average value of collect plot shows some of the immediate
effects of the noise. It can be seen that there are periods in the average value of collect that spike
suddenly on a particular timestep. It is likely because a lot of potentially lower-value collects were
taken off the schedule (treated as missed collections and hence put on the bounty list) which spiked
each individual’s value of collect.

Thefinal graphic on the bottom shows all themetrics based off the score (recall that this is determined
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using the problem dimension size and includes capacity in some of the metrics). Instead of showing
the actual score over time in the final graphic, the z-score of each score is shown instead, to help
more easily distinguish the scores. No statistical implications are trying to be made but since all the
metrics including �+ are [0, 1], the z-score can be a helpful mapping to show relative differences
between scores when very close to a perfect score (recall that the z-score computes the number
of standard deviations away from the mean that a value between 0 and 1 lays—here a score of
0.50 would equate to a z-score of 0 and a score of 0.997 would equate to a z-score of 3). Since
max: Â = C, the first day of simulation was excluded in hopes of illustrating more representative
scores.

As the assumptions on the LVF imply, the multiview score stays perfect throughout the simulation
(and therefore does not have a numeric z-score). The priority violation score is still relatively high
given the problem size, but still is not perfect. Meanwhile, the observation and diversity score
reached an equilibrium around the first day mark in the simulation, implying that only about 8
percent of all objects meet their accuracy requirements, and only about 17 percent of the catalog
gets scheduled in a day, on average. The revisit score gets worse and worse over time, and though
it never reaches the worst score possible, there is a negative trend if the simulation time is longer.
This, of course, also causes the global value score to decrease over time, which is already very low
due to the observation score.

6.2 Resource-limited Environment

In this subsection, let @ = .04. In this case, � ∗ C = 126720 possible collects allocated to the SSN
per day.

6.2.1 Results for k_, kW

After seven days of simulation time, Figure 7 shows various qualities about k: . Note that the axes
between the left and right subplots are measured in different units, but are the same numerically
(i.e. 10 ∗ >̂_ = 15 ∗ >̂W).

The TVT has now been significantly lowered under more relaxed resource constraints. For k_, TVT
is now about ten times less in severity on average. kW made even better improvements, dropping
to about within twice its revisit expectation, which is an improvement of closer to 20 times better
than the previous test. It is clear that both objects have dramatically increased their track rate,
and now both objects meet their observation requirements nearly 15 times over. It is interesting to
note that both objects, the one in LEO and then one in GEO seem to be violating/exceeding their
expectations by the same magnitude. It is also interesting to see, in particular with kW that the
bounty effect doesn’t seem to have a drastic effect on when it is recaptured. In general, it almost
looks as if the object would have been captured at the same point regardless of whether or not it
was on the bounty list—a potentially good side effect to the idea of “persistent” tracking.

The value of collect between the two RSOs has become a lot closer. This could be a side effect
of a more stable collection scheme. In theory, if every object in the catalog was to have the same
value of collect, then all objects would be similarly close to violating their revisit or observation
expectations, and hence there would be some equilibrium in the system. Of course, there still is
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Figure 7. 5 , � components and* over simulation time under resource limited constraint

some variation between value of collect between the two objects (and these are only two objects out
of over 17,000). It is curious to see that both objects are sometimes being collected with *: ≈ 1.
This might be a side effect of picking two objects that are more commonly visible than others,
where there are then periods when a particular sensor is only able to see a handful of objects, all
of which can fit within the duty cycle allocation of the sensor. Hence, it is good to see that this is
occurring, because it lends itself nicely to the idea that sensor’s resources can be utilized even when
the objects it has to look at aren’t necessarily in dire need of being seen at that moment. This also
supports freedom in the system with more realistic noise. If an object starts moving around and
one of these sensors can be utilized to recover that object, the regrets the sensor has on the objects
it chooses not to observe have low impact on the system due to dropping objects from its schedule
that have low current value of collect.

6.2.2 Global Results

After seven days of simulation time, Figure 8 shows various qualities about the simulated collection
scheme for the SSN.

A big change that occurs globally with relaxed resource constraints is the delinerization of the
revisit count. There is apparent periodicity that arises as well, though interestingly the peaks that
occur toward the beginning of the simulation begin to calm before the simulation is over. This
could mean that there is some stabilization in the system leading to an equilibrium over time. This
is somewhat evident in the priority score count as well. Peaks in the priority violation count occur
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Figure 8. Metrics under limited resource constraint over simulation time

periodically in correspondence with the revisit violations, and slowly die out over the simulation
time. It is important to notice that less revisit violations occurred in this simulation with increased
resources, yet the priority violations increased. Noise certainly can contribute to this, but it is likely
that the main reason is actually due to increased capacity–now that some sensors have access to
multiple collects in a single timestep, more objects are able to be placed in the schedule and hence
more instances of violations are able to be counted. Referring to the score chart, though the actual
violation count is higher, the relative score at the end of the simulation is increased.

The track count reaches equilibrium more quickly than the more resource limited simulation.
Instead of reaching a track capacity at the end of the first day, there are enough sensing resources
to satisfy the observation requirements of over 90 percent of the catalog before the first half of the
first simulation day is over, and the observation expectations are generally able to be maintain that
accuracy in the simulation, however, noise from the bounty list might be part of what is keeping all
objects from reaching their expectation.

The average utility of each RSO is more distinguishable as the system fights to achieve an equi-
librium. Notice how the fluctuations in the utility metric also follow the trend in the revisit count.
To see that the average utility isn’t drastically decreasing over time suggests that the value of the
objects remains high. In turn, this suggests that an increase in resources might be necessary to
meet the revisit expectations that are driving the utility of collect up. The system’s ultimate goal is
to have the maximum utility of each object be close to the minimum expected utility value, which
means that violations are less likely to occur due to largely available resources.

The global value is largely improved in this simulation. Most metrics hover around a perfect score,
but the diversity metric seems to be the global value component that is preventing a higher overall
global score. It looks like the global score is actually highest in the first day, but generally decreases
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afterward. More resources might be the key to solve this to achieve a more consistent, and higher,
global value score.

6.3 Resource-Abundant Environment

In this subsection, let @ = 0.20. In this case, � ∗ C = 638784 possible collects are allocated to the
SSN per day.

6.3.1 Results for k_, kW

After seven days of simulation time, Figure 9 shows various qualities about k: . Note that the axes
between the left and right subplots are measured in different units, but are the same numerically
(i.e. 3 ∗ Â_ = 2 ∗ ÂW).

Figure 9. 5 , � components and* over simulation time under resource abundant conditions

The final test demonstrates some expected properties of the system. On one hand, now there are
clearly enough resources to be able to see the GEO object, just about once every 7.5 or 15 minutes
(which is less than half of its revisit expectation). Even when the object is put onto the bounty list,
it is always shortly recovered (never more than 22.5 minutes later). This leads to a track rate of
almost 100 times greater than the expectation. Hence, the GEO object maintains a value of collect
very close to one throughout the simulation, under these resource conditions.
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On the other hand, the LEO object still cannot quite hit its (rather strict) revisit expectation. This
actually might be an artifact of the physics behind the LEO object. k_ is still commonly captured
within its revisit expectation, but the times that it is not could be because it simply wasn’t visible in
those timesteps. This is mostly evident in its utility plot, where although the value of collect upon
collection is commonly a value of near one, there are sporadic instances where the value of collect
jumps to 2, 4, 8 or more times the mode value of collect.

6.3.2 Global Results

After seven days of simulation time, Figure 10 shows various qualities about the simulated collection
scheme for the SSN.

Figure 10. Metrics under resource abundant conditions over simulation time

The revisit violations may have dropped a little bit, but it is possible that the assumptions made on
the strictness of revisit expectations cannot be satisfied much further, or that the noise floor due
to the bounty list has been reached. This may also be the case with the priority violations. The
observation violations smooth out to a near perfect score, and do so within the first portion of the
day, even faster than in the previous test.

The schedule diversity is probably close to its limit, with somewhere around only 100 objects not
being seen in the final simulation day. The value of collect between the objects hovers closely to a
utility of one, which supports the idea that the network can handle more objects under the relaxed
capacity assumptions.

31



6.4 Capacity Sweep

Because the other tests included artificial noise, another experiment was run without noise, to more
accurately depict the effect of capacity on the collection methodology. The noiseless environment
has no serendipitous collects and nothing is placed on the bounty list, so the tests are completely
deterministic. Each simulation was for seven days as in the other experiments, and reflects the
numbers in Table 1.

Only basic measurements were recorded, and are based on statistical means of the last day in
each simulation week. Figure 11 shows the results. The first three log-log subplots show the
last day average revisit violation count, priority violation count, and observation violation count
respectively. The fourth log-log subplot shows the average utility score of all visible objects, over
the last day for each simulation. The final semi-log subplots show the z-scores of the average
diversity and global value scores of the final day of each simulation, respectively.

Figure 11. Noiseless capacity sweep

The revisit and observation counts demonstrate intuitive qualities as capacity increases. Revisit
expectations and observation expectations are more often met when the schedule size is allowed to
be larger. Of course, it is also relevant to note that even under ideal resource conditions not quite
every object can meet its revisit expectations. A surprising ratio of objects end up meeting their
revisit expectations, but not all. Observation expectations are nearly met, with only a small handful
of objects not being able to fully meet their expectation.

The priority violations aren’t as intuitive as capacity increases. It appears that at around 2 percent
capacity is where priority violations occur in the greatest count, even though revisit violations are
on the decline at that point. Speculations on this are discussed briefly in Section 6.2.2. By about 35
percent capacity priority violations actually completely disappear, which indicates there is never a
point in the schedule such that a less interesting object is tracked instead of a more important object
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if both are visible. It is interesting to note that the noise in the earlier simulation at 20 percent was
two or three orders of magnitude larger than without noise.

As expected the utility of each object approaches the minimum as capacity increases because there
is no longer a resource constraint. In addition, the diversity of the schedule and overall scoring of
the method is highest when capacity is highest, as expected, although is begins to have diminishing
returns in relative value closer to 6 or 7 percent.

6.5 Violation Time Results

This section will explore VT under noiseless conditions for each of the capacity tests run in the
previous section. Figure 12 is a y-axis log box plot that shows the collection of the average revisit
time for each object—normalized by its revisit expectation Â—over each capacity test. The green
line is the “target” line, at which the revisit expectation of an object has been met. Anything above
this line is in violation of the revisit expectation by a ratio of its expectation value on average.
Anything below this line has a negative VT, and therefore has an average revisit time that is some
proportion of its expectation. In other words, a value of 10 on this plot means that that object’s
revisit time is 10 times greater than its expectation, and a value of 0.1 means that the objects revisit
time is generally a tenth of its expectation. It is important to note that the box plots are spaced
equally on the x-axis, however the capacity values as listed in Table 1 are not linearly spaced.

The average violation time decreases monotonically as capacity increases, which is consistent with
the revisit violation count findings in Section 6.4. Under the extreme resource constraint, there are
no objects that meet their revisit expectation on average. In fact, this doesn’t appear to begin to
happen until @ ≈ 0.01. Right around @ ≈ 0.04 shows that nearly 50 percent of the RSOs start to
meet their expectation values, with the median sitting right on top of the target. At a slight increase
of capacity at between 5 to 8 percent collection rate of what is visible, the majority of data excluding
outliers are meeting their revisit times on average. By @ ≈ 0.20 some of the outliers even start to
meet the target, and by @ ≈ 0.50 there are only two or three objects that cannot meet the target on
average. The limit of how good the average revisit time can be throughout the simulation is shown
on the final box plot, when @ = 1. The outliers remain similar in count to the previous two capacity
tests, although the median time is much lower than the rest of the tests, where half of the objects
are likely meeting their expectations C times greater than their expectation (in the case where the
object’s revisit expectation Â = C and they are captured at every timestep—a non-interesting object
in GEO for example).

6.6 Accuracy Results

The accuracy results are somewhat implied by the results with the observation scores. However, a
look at the physical quantities generated by SSNOII tables provides more tangible support about the
accuracy of the catalog. Figure 13 is a heatmap of the relative magnitude of error formulated using
SSNOII, where yellow indicates the highest total positional error and blue represents the lowest
error. The top subplot shows the relative error over time of the LEO object, k_. The mapping also
shows each of the other tests, using different capacities, along the y-axis.
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Figure 12. Collection of revisit times for each capacity test
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The middle axis shows the same test results for the relative error of the GEO object, kW. The two
subplots show similar results in that these two high interest objects reach relatively low error in this
scheme by the end of the first day. Of course, the more sensing capacity, the quicker each object
reaches a low error. In addition to this, in most tests both objects have negligible gains after the
first day. The final subplot shows a heatmap of the results of all objects combined.

Figure 13. Total Positional Error over time heatmap
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7 Results versus SP Tasker

The final step in this stage of testing is to provide evidence that the proposed tasking methodology,
decision analysis, and overall collection scheme can compete in accuracy with SP Tasker. With
all else considered, if accuracy between the two collection schemes are comparable then the other
benefits of the SNARE architecture are added bonuses. Since SP Tasker is based off daily CTLs
and not timesteps of less than a day, the GVF metrics will not be usable on SP Tasker unless they
are bounded using heavy assumptions.

In this test, results will be compared to SP Tasker using data from Sensor Satisfaction (SenSat).
SenSat is a data repository that contains information on sensor-satellite track requests and acquisition
by the SSN. Formerly operated by the Joint Space Operations Center (JSpOC)–now the Combined
Space Operations Center (CSpOC)–SenSat contains information from all the CTLs that SP Tasker
produces daily such as tasking priority, the number of tracks and observations requested, as well as
the actual count of tracks and observations returned by each sensor.

The exact same LVF function as the standalone tests will be used, as well as most of the testing
conditions. In fact, the same visibility matrix, sensors, and RSO catalog are all considered. To
eliminate as many biases as possible from the differences in the SenSat data, only the overlap
between sensors and objects between the SNARE data and SP Tasker data are used, and the week
simulated is the exact same week in time. The sensor overlaps still include opticals and ground-
based radars, but each sensing component (if a site has multiple sensing components) are merged
to a single consideration, so in this test = = 15. Evaluating which objects can be seen by which
types of sensors, and calculating both regime and EDR group from the overlap of catalog objects
between the SP Tasker data and the SNARE simulation, the observation expectation can then be
formulated to real accuracy curves using SSNOII.

In this simulation, assume that the target accuracy for each object is the “optimal” point in the
SSNOII curve (the “knee”), in which the number of additional tracks after the optimal quantity
yields diminishing returns in accuracy. With this information, using general rules on the days per
LUPI for each object (according to its EDR group), the appropriate count per day for each object is
arrived to maintain catalog accuracy, >̂: . Because days per LUPI range between 6-28 for the RSOs,
scaling tracks per LUPI down to tracks per day inevitably are not whole numbers. To support easier
analysis of the results, each non-whole result is then rounded up. A distribution of the regimes and
EDR groups are shown in Figure 14.

SSNOII curves are not available for every combination of inputs thatmight be used in the simulation,
so some of the derived accuracy values are estimated using the curves that are available (this is
discussed more thoroughly in Section 10). The >̂ values then yield 1 for GEO objects, 5 or 8 for
LEO objects, 2 for MEO objects, and 1 for HEO objects.

The final notable changes in this simulation against SP Tasker are the revisit and priority values.
Since accuracy is the primary goal here, the revisit expectation is set to the reciprocal of the
observation value and then rounded up to the nearest integer, Â: =

⌈
1
>̂:

⌉
. Priority can be mapped

to each object as well, using information from SenSat. Recall that SP Tasker bins the priority of
each object into ?: ∈ {1, 2, 3, 4, 5}, and is dynamic with respect to the last time the object has been
observed, among other criteria. Although it does not drastically affect the outcome, each priority
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Figure 14. Distribution of RSOs per orbital regime and EDR group

value is computed using the statistical average over a chosen month of time for that object. In this
case, each object then has a unique priority value.

Since this SNARE simulation is to be pitted against empirical results derived from SP Tasker, an
actual measure of applied sensing capacity can be used to help determine properties of the system
that were previously unknown. Not only can the SenSat data provide useful bounds on the available
capacity between the 15 sensors, each particular sensor now has a realistic measure of how many
objects it can track in a given day. Of course, these numbers are often affected by things like
sensor down times and maintenance, and even weather in some cases so day-to-day there is some
variability. Due to the potentially sensitive nature of these numbers, real capacity measures per
sensor and the sensor network will not be explicit. However, percentages of the assumed network
capacity will be explored, where a network capacity of “1” will refer to the historically determined
sum of each sensor’s individual daily track capacity.

7.1 Important Notes on SP Tasker versus SNARE

There are a couple key elements of the assumptions of this test environment that should not be
ignored when reviewing the results, listed as follows:

• SP Tasker historically “over-tasks,” which means both what SP Tasker is tasking to, and what
SP Tasker receives as confirmed collects need to be considered separately.

• Though SP Tasker over-tasks on average, tracks accounted for in SenSat include serendipitous
collects that cannot currently be simulated for the SNARE architecture.

• SNARE uses visibility assumptions based off what ATSAT can do, and SP Tasker uses a
different program called Look Angle Module (LAMOD) to determine what it can see—only
objects that could be collected in both SNARE and SP Tasker architecture are considered,
though inevitably there will be variance on “possible collects” between the two paradigms
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(ATSAT has been compared to LAMOD output to show the results are consistent in the
aggregate but there may be isolated individual discrepancies).

• There is currently no way in the SNARE architecture to simulate for missed collections, in a
way that is similar to SP Tasker over-tasking.

7.2 Results on the SNARE method

To remain consistent with the previous sets of tests, the normal metrics will be examined on
the outcome of each test, varying with capacity. This may help illustrate differences in how the
assumptions were formed between the standalone simulation and the SP Tasker-coupled simulation.
Let �1 < �2 < �3 < �∞. �1 is the network track capacity just above the lower bounds of capacity
assumed from SP Tasker during the simulation week. �2 is just below the upper bounds of the
assumed capacity of SP Tasker during the simulation week. �3 is just outside the upper end of SP
Tasker’s empirical capacity of the week, but more closely reflects SP Tasker’s capacity assumptions
over a longer period of time. �∞ represents the capacity if every single object that was visible at
every timestep was collected, and is hence the bounds of what any decision process could achieve
using the tools at hand. Results for �3 are shown in Figure 15.

Figure 15. Metrics for �3 over simulation time

In many ways the results of the SNARE logic under the assumptions formed for testing against
SP Tasker mirror the results found under limited resource constraint in Section 6.2.2. The revisit
violation count does continue to grow throughout the simulation but steadies off near the tail-end
of the experiment (a longer simulation could be ran to show this more clearly, although that is
outside the bounds of this study). Of course, in this scenario the revisit violations are heavily tied to
the observation violations, which steadily decrease throughout the simulation and arrive close to a
single value. Priority violations fluctuate throughout the simulation, maybe with some periodicity,
but in general hover around a singular value. The average utility is unique from the other tests,
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in that initially the utility of collect decreases near the floor, but then also has a high variance in
the simulation, sometimes sporadically jumping up to a large number. This indicates that there are
probably some RSOs that are sparsely seen in the visibility matrix and therefore largely increase
their utility because they aren’t seen per their expectations or are only seen by a particular sensor
that is generally overloaded with high-value objects in its schedule.

Figure 16 demonstrates the test results of the SNARE logic using the modified assumptions.

Figure 16. SNARE results under SP assumptions

The most interesting takeaway from the modified assumptions in attempt to match the SP Tasker
environment, is the somewhat low score without any capacity restriction. A maximum global value
score of only about 85% means that there is a disconnect somewhere between the set up of the test
and the parameters of the objects. Of course, the priority violations do reach 0 with large enough
capacity and the schedule diversity remains near perfect in an unlimited resource sense. This
implies that the only two real factors contributing to the score at high capacity are the observation
score and the revisit score (which is dependant on the observation expectation). Hence, even if
everything that is visible (as generated by ATSAT) is captured, not everything can be seen often
enough to satisfy the requirements.

7.3 Accuracy Results vs. SP Tasker

This section will discuss accuracy results against SP Tasker, looking at the differences between the
two collection schemes regarding orbital regime/EDR groups as well as object sizes.

7.3.1 Regime and EDR Groups

A table illustrating key elements of the SNARE results in relation to the measured SP Tasker
(received tracks) accuracy is in Table 2. A similar table illustrating key elements of the SNARE
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results in relation to the accuracy of the expectation of SP Tasker is in Table 4 in Section 11. For
both tables, the entries are unitless, because individually they are ratios of values in kilometers
to another value in kilometers. In Table 2 (shown below), data from each column is the ratio of
mean positional error to the corresponding mean error of received tracks, following direction from
the daily CTL generated by SP Tasker for the given orbital regime and EDR group (assuming no
loss). In other words, an entry in the table that has a value less than one implies that the accuracy
measurement of that particular group of objects is more precise than the same group corresponding
to SP Tasker’s received accuracy, and a value greater than one implies the opposite. The first
column labels which set of RSOs are being measured. The second column utilizes SenSat’s data
to calculate the number of expected tracks each object had over the set week of time, to which an
accuracy measure can then be achieved over each group of objects. The third column is the “target”
value that can be achieved at the knee of the curve in the SSNOII study. This value is what the
CSpOC is tasking towards, i.e. it is the average desired accuracy of that particular set of objects.
The fourth through seventh columns contain accuracy results from SNARE simulations, using the
definitions from Section 7.2.

Table 2. Ratio of results versus SP Tasker received accuracy

Regime_Group SP_accExp knee SNARE_C1 SNARE_C2 SNARE_C3 INF_acc
____________ _________ ______ __________ __________ __________ _______

["GEO1"] 5.1568 0.2981 1.8271 1.6724 1.5019 0.7406
["GEO2"] 6.6260 0.4042 2.4381 2.3035 2.2938 0.9830
["LEO1"] 0.8098 0.2407 0.5387 0.3915 0.3555 0.1808
["LEO2"] 0.8387 0.1915 0.7427 0.6254 0.5911 0.4450
["LEO3"] 0.7551 0.1965 1.0163 0.8873 0.8370 0.6331
["LEO4"] 0.7571 0.1966 0.9315 0.7807 0.7210 0.4825
["LEO5"] 0.5609 0.2726 1.1736 0.9503 0.8600 0.5441
["MEO1"] 0.6101 0.6516 1.2007 1.1265 1.1255 1.0475
["MEO2"] 0.6861 0.7409 1.2702 1.1453 1.1414 0.8278
["HEO1"] 0.2520 0.7099 2.2862 1.6780 1.4020 0.5132
["HEO2"] 0.2902 0.7414 2.0495 1.6629 1.4096 0.4065
["HEO3"] 0.7878 0.9507 2.4658 2.2340 1.8151 0.3986
["HEO4"] 1.0568 1.5915 3.6248 2.7946 2.1775 0.5098
["HEO5"] 0.3874 1.6928 4.8394 3.8597 3.4247 0.8168

____________ _________ ______ __________ __________ __________ _______
["ALL"] 0.8953 0.2716 0.9358 0.7715 0.7056 0.4331

Table 2 does show that accuracy always improves when network capacity increases, whether or
not it meets the expectation set by the CTLs that SP Tasker produces. It would appear that objects
in GEO are not over-tasked like some of the other objects. In fact, GEO objects seem to be
under-tasked in relation to the knee accuracy shown in the third column, even though the collects
on those GEO objects are significantly better than what is tasked. It is possible that this is an
outcome of something like weather effects at a site level for those sensors that can see GEOs.
Neither scheme meets the knee requirements, and in the SNARE construct it looks like it isn’t

40



possible to collectively do so, even though at unreasonable capacities the accuracy that SP Tasker
sets by collected tasks is achievable. The lower EDR group LEOs appear to be captured with better
fidelity than SP Tasker, even at a low capacity assumption. Only EDR Group 1 has the potential
to reach the knee accuracy for the LEOs using the visibility assumptions for this simulation. LEO
EDR Groups 3 and 4 seem to reach SP Tasker’s value with some of the higher capacity scheduling
assumption, and SP Tasker expectations on LEO EDR Group 5 are not achieved by SNARE even
though under infinite capacity assumptions that seems to be possible. Interestingly, SP Tasker
expects high fidelity in each of these EDR groups for LEOs and does not receive that fidelity via
confirmed tracks via its own direction.

The error expectation set by SP Tasker for MEO objects is lower than the knee in the curve, and
although SP Tasker significantly over-tasks this group, SP Tasker’s results are still far away from
the knee value on average. SNARE also does not meet this criterion, and the average error from the
desired amount is greater using SNARE logic, although using SNARE visibility logic assumptions
it looks like it is not possible to meet the knee value across the catalog. HEO objects appear to
be over-tasked even more so than with the MEO objects, and in all cases seem to be tasked to
positional error well beneath what the tracks needed for knee accuracy would produce. Again, SP
Tasker appears to have lower positional error than the SNARE logic on average. It would seem that

Table 3. Percent of objects per category that meet the knee standard

Regime_Group SP_accExp SP_accRec SNARE_C1 SNARE_C2 SNARE_C3 INF_acc
____________ _________ _________ ________ ________ ________ _______

["GEO1"] 7.95 82.95 81.82 83.33 83.33 86.36
["GEO2"] 7.23 87.95 81.93 84.34 84.34 86.75
["LEO1"] 16.35 8.24 5.27 37.66 54.68 90.05
["LEO2"] 8.55 5.60 2.57 16.49 27.68 63.31
["LEO3"] 27.44 7.68 0.53 5.68 10.73 37.33
["LEO4"] 19.29 10.09 0.30 3.56 8.31 42.43
["LEO5"] 46.67 23.64 1.82 6.67 14.55 58.18
["MEO1"] 73.68 5.26 21.05 21.05 21.05 26.32
["MEO2"] 42.25 14.08 9.86 15.49 15.49 64.79
["HEO1"] 95.27 68.24 72.78 80.15 82.80 89.60
["HEO2"] 95.27 68.17 75.05 80.86 84.30 92.69
["HEO3"] 93.20 74.83 80.27 82.31 83.67 96.60
["HEO4"] 94.06 87.13 83.17 88.12 89.11 97.03
["HEO5"] 95.24 92.86 72.62 77.38 77.38 92.86

____________ _________ _________ ________ ________ ________ _______
["ALL"] 20.09 14.67 11.61 26.37 36.71 68.44

based off how SP Tasker is tasking, there are additional requirements (accuracy or other) making
the tasks for HEOs higher than necessary and GEOs, for example, lower than needed. It could also
be true that there is general a priori knowledge of the SSN that suggests that GEOs will be caught
serendipitously and therefore don’t need to be tasked as heavily, however this is only speculation.
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It could also be the case that the accuracy measures are heavily skewed by a subset of objects in
each group. The percentage of objects in each group that met or exceeded the knee requirements
for accuracy are shown in Table 3.

Overall, there is at least one SNARE capacity assumption shown that exceeds the number of objects
measured to meet the knee requirements in any given group, aside from those in GEO Group
2, LEO Group 4, and HEO Group 5. In the case of GEO Group 2 and even LEO Group 4 the
SNARE construct does get fairly close, yet HEOGroup 5 does get a considerable quantity of objects
more than SNARE to the knee requirement (in this case achieving the limit of what the visibility
assumptions allow SNARE to reach).

7.3.2 Object Sizes

Figure 17 demonstrates a log-log plot of the test results of the SNARE logic using the modified
assumptions. The y-axis is the ratio between the SNARE logic collection scheme and the received
accuracy by SP Tasker’s collection scheme. Objects have been broken up into five separate bins
using data from SenSat, and are plotted in orange with different black markers. The first bin,
with objects under 5 centimeters in relative size has only 32 objects in it. The remaining bins,
5-10 centimeters, 10-50 centimeters, 50-100 centimeters, and 100+ centimeters have 3,106, 6,487,
1,418, and 3,033 objects in them respectively. The green line just represents the mark for each plot
to beat to be more accurate than SP Tasker on average by the end of the simulation. Figure 23 is
included in Section 11 and shows similar plots for the ratio of SNARE accuracy results versus SP
Tasker’s expectation, and the knee expectation.

Figure 17. SNARE accuracy results for different object size bins

It is shown graphically that all accuracy results within the range of estimated SP Tasker capacity
simulated by the SNARE construct are within 10 percent of SP Tasker’s results. In particular,
the SNARE construct might have a slight edge for catalog objects between 5-50 centimeters on
average, whereas SP Tasker has a slight edge on objects smaller than that range, and objects 50-100
centimeters in size, as well as a slightly more sizeable accuracy gap on objects greater than a meter
in size.
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8 Conclusions

Several objectives have been defined within the context of SNARE performance and application.
A methodology that maintains catalog accuracy levels to what they are today could be the minimal
application of SNARE logic. In particular, SNARE logic provides an outline for a way to keep
the catalog at least as accurate as what SP Tasker provides, but brings the pixelation of scheduling
down from hours or days to perhaps mere minutes. The SNARE methodology is a construct that,
in the moment, is primarily concerned with meeting revisit and observation expectations defined
by the user, which outside of the war-fighting environment will provide catalog accuracy. When
applied to the same catalog of objects inside a frame of war, there is the ability to detect and
resolve changes within the governing system without destroying catalog accuracy in the process.
The persistence of tracking objects in this paradigm leads to peace of mind given enough sensing
resources, but also leads to SDA and increases true positional accuracy over time (which in turn
could free up additional sensing resources).

8.1 Summary of Accomplishments

1. Claim–There exists a decision process that can be applied to accomplish the task of building
a collection scheme usable to the SSN (LVF), which:

• Can be pixelated to any valid time scale (primarily limited by sensor and communication
timelines).

• Is discretized using generalized qualities of sensors and RSOs through time.
• Can be measured/monitored using well-defined metrics (GVF).
• Can scale to any problem size.
• Avoids tracking redundancies.

2. Claim–There exists a way to order value between sensor and RSO collections to provide
direction for the decision process (utility function), which:

• Accounts for unique object properties such as priority, revisit expectation, and obser-
vation expectation.

• Accounts for physical properties between sensors and RSOs through visibility assump-
tions.

• Rewards collection on RSOs that aren’t being tracked frequently enough.
• Rewards separated, and patterned collection on RSOs.
• Considers interest level on objects without being greedy.
• Excludes impossible collection pairings from consideration.
• Assigns all valid collects some value, and is flexible enough to be extended to consider
other values

3. Claim–There exists metrics that can monitor the goodness of a LVF to the application of
building a collection scheme.
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4. Claim–Through testing, it has been shown that the proposed decision process can generate a
realistic collection scheme with minimal violations, utilizing tools that already exist.

• The LVF was able to achieve schedule diversity, implying it is not a greedy process.
• Observation and revisit expectations can be met, minimizing violations.
• Accuracy can be measured using SSNOII.
• The LVF methodology has been shown to work easily with serendipitous collects.
• The LVF methodology has been shown to work easily with missed collections, through
the employment of the bounty list.

• The prioritization/selection methodology employed by the utility function is agnostic
of sensor type.

• RSO visibility/detectability can be determined using ATSAT.
• The prioritization/selection methodology employed by the utility function is agnostic
of RSO regime, EDR group, or size.

• The collection scheme works well using TLEs.
• Increased sensing capacity leads to a better collection, but there are better than linear
returns on increasing capacity when under extreme resource load.

5. Claim–Through testing, it has been shown that SNAREmight be able to maintain the catalog
as well as or better than SP Tasker in general.

• LEO objects in particular can be captured with greater fidelity, although GEO objects
can be captured with similar fidelity, and a higher percentage of lower EDR group
objects in HEO are able to mee the knee requirements.

• Objects between 10 centimeters and 100 centimeters can be captured with slightly better
accuracy, and all other objects can be captured at similar accuracy to SP Tasker.

At this stage in the design, SNARE has been able to provide valuable tokens of capability. The
framework is already in place and utilizes tools that are trusted to provide a workable solution
to the resource-loading problem of catalog maintenance and SDA. The logic can fit to any one
application, or be tuned to behave differently for one reason or another.

8.2 Notes on Sensing Capacity

It is important to discuss the effects that sensing capacity has on the network. In 1994, the SSN
was able to make 40,000 observations per day (tracking about 8000 catalog objects at the time),
and that number has certainly grown since then[14]. However, in 1997 it was measured that the
Ground-Based Electro-Optical Deep Space Surveillance (GEODSS) network of sensors, which is
only part of the current SSN, was capable of generating up to 80,000 satellite observations per
day by itself[15], and that was before the multiple sensor upgrades that the GEODSS network has
received since 1997. And now, with a current catalog well into 20, 000+ objects, the addition of
a new space fence could shoot the catalog into seven digits. Regardless what the current SSN
capacity is it should be realized that the need for maximum sensing capabilities is there. The

44



accuracy results acquired in Section 7.3 should clearly indicate that the desired accuracy of the
catalog can be manipulated with different collection schemes, but also that any addition of sensing
capacity can have a large effect on the network as a whole.

1. Effect of Capacity on Schedule Diversity

It would appear that sufficient schedule diversity, regardless of object parameters, could be
achieved at a collection rate of 4 percent of what is visible by each sensor, or about 125,000
tracks per day by the network. When SP Tasker was being prototyped, the target “success“
rate of tracks distributed versus tracks received was 80 percent. This might indicate that the
ability to have at least 150,000 tracks assigned for the given RSO catalog could be sufficient
to see everything at least once per day.

2. Effect of Capacity on Schedule Revisit Time and TVT

The revisit expectations set in the assumptions are deliberately strict. Because there isn’t
necessarily a current (unclassified) model of how revisit should be mapped to a given TLE,
there are a lot of biases to the results simply due to construction. However, having a set time
in between tracks on an object can significantly increase the positional accuracy achieved
against the same number of tracks on an object that are spaced closely together and captured
by the same radar. The quantification of these benefits is outside the scope of this paper, but
it is at least obvious that can increase in capacity decreases TVT which supports the concept
of persistence, which in turn supports the goals of the SNARE logic.

3. Effect of Capacity on Schedule Priority Violations

Since priority violations are heavily tied to revisit violations, and represent a more abstract
concept of schedule value, the most important thing to recover is that given enough sensor
capacity, it has been shown that the priority violations go to zero. This satisfies one of the
goals illustrated in Section 5.4, but in general gives reassurance that the SNARE construct
does have some intuitive scalability. The point at which priority violations go away is
probably the point at which the problem space no longer has a strict restriction on resources.
Thewhole point of the Local Value function is to generally task objects that are higher priority
(due to the slight correlation between observation and revisit expectations), but the power
in the algorithm is that there are decisions made on a quick timescale that aren’t exclusively
biased towards object interest, and instead captures good network health.

4. Effect of Capacity on Positional Accuracy

The positional accuracy of the catalog can be significantly increased with additional sensing
resources. It might even be true that with the SNARE construct the potential gains are better
than a linear increase in catalog accuracy with respect to gains in sensing capacity. The
difference between the accuracy measurements recorded from the bounds of current capacity
assumptions show that there is the potential to increase the number of objects meeting knee
requirements to almost double the quantity that might be meeting the same requirement
today. When it comes to objects like HEOs, that could mean that a few more optical or any
type of deep space sensor can make a huge difference in catalog keeping using the SNARE
algorithm.
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8.3 Application to the SSN

In practice, the defined metrics can be used as tools to describe the environment and current state of
the SSN. Average RSO utility can describe how resource constrained the system is, and particular
utility metrics on any given object can be used to shed light on why the object gains value of
collection. At any point in time, a quick count of objects not meeting accuracy requirements can
be viewed by an orbital analyst. Or, if all objects are maintaining their accuracy requirements, it is
reasonable to adjust the expectation values temporarily to increase catalog accuracy. Similarly, an
idea of what happens to catalog accuracy can be derived from simulations where sensors go offline,
lose capacity due to maintenance, or gain capacity due to sensor adjustment and tuning. The global
score can be evaluated over time which can be correlated to both natural and political events which
will lend itself to planning how to handle those events in the future.

The particularly helpful, and unique, nature of this applied methodology is its adaptability. Instead
of trying to solve for an entire days’ worth of collections at a single time, every timestep contains
valuable information for how making the right decision for what needs to happen next. When
unpredictable events occur, the SSN needs to be ready to change the plan instantaneously and
waiting another day before sorting it out is rarely an option.

The simulation has handfuls of assumptions that affect the overall nature of what occurs from start
to finish. However, it is very easy to change parameters and see how events unfold. The value
function is easily tunable to achieve different results. To only increase catalog accuracy, 5 can be
changed to reflect that desire, where 5 can be removed entirely or structured differently to favor the
observation expectations. Similarly, in a war-fighting environment objects on the bounty list need
to be more reactive to the value of collect, in which case U can be chosen to be arbitrarily large.
The same officials that make decisions on which objects are more important than others can come
to consensus in exactly how to use the LVF to achieve desired results of any shape.

A helpful product of the defined metrics could be some tool that gives insight to “problem” RSOs.
They can be temporarily removed from consideration due to the amount of effort required to avoid
violations, and those sensor resources can be allocated to objects that are deemed more important.
In other words, if accuracy metrics on a particular object set needs to improve, there might be a
way to optimally determine which less important objects can be dropped from the catalog.

8.4 Current and Future Work

Efforts are underway to fully design a test environment between SP Tasker and SNARE logic.
The results in Section 7.3 are based off empirical data, and not data that changes in a real time
environment. There is no way (in the current SNARE construct) to model missed tracks, true
serendipitous collects, or any of visibility information other than a “yes” or “no” matrix generated
by ATSAT using RCS and Signal to Noise Ratio (SNR) threshold values. However, the current
effort to get SP Tasker and SNARE on the similar channels talking to Real Time Sensor Simulator
(RTSS) will provide the ability to model events in real time, and simulate results that are more
representative of real life.

Alongwith this, there is a desire to explore different ways to interfacewith each sensor in simulation.
Because it is difficult to know how many objects a sensor can see in a given time step without
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knowing which objects they are, some scheme is needed to figure out how many objects each
sensor is tasked with to achieve results that are measurably better against SP Tasker. This could
lead to an optimization method within that selection process that alters the LVF, but for initial
testing the idea is to simply populate each sensor’s task list until there is reason to believe it cannot
support additional objects. This paradigm will never task redundant work unless there is no other
work to do, and could potentially increase sensing efficiency which would lead to increased sensing
capacity and therefore better results.

Once an interface is defined between each sensor, actual tasking lists can be dispersed to each
sensor in the simulation, and then daily metrics would be run against SP Tasker. Knowing which
objects are visible and at what time each simulated sensor decides to accomplish the tasks on their
CTL, metrics in the GVF could be used to score SP Tasker. This will give us great insight on
differences and similarities to both methods, and may help us further tune the collection method to
get the best results possible.
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9 Utility Function Analysis

Although there are many possible ways to devise a useful utility function within the construct of
SNARE, the one that was chosen in the studies used in this paper satisfies all the criteria defined
in section 5.2. Here, an analysis of some of the functional components of the utility function will
be provided. The visibility component { will not be included in any analysis in this section (as the
visibility component within this construct is a simple binary value). Recall the notional structure
for the utility function (excluding the visibility component),

* = 5 (A; Â) ∗ �(>; >̂) ∗ ℎ(?)

where

5 (A; Â) = 1 + A
Â
∗ (tanh (A − Â) + 1),

�(>; >̂) = 1 + 2 ∗ >̂
2 ∗ > + 1

∗ (tanh (>̂ − >) + 1),

ℎ(?) = ? + 1
?

The bounds for these functions were provided in 5.2 specifically for the parameters used throughout
the simulations. General bounds where applicable will be examined in this section.

9.1 Analysis on 5 Component

An attempt at finding the analytical bounds of the 5 component will be provided here. Note that
5 is undefined when Â = 0, and limÂ→0+ 5 = ∞. For this reason it is necessary to constrain the
revisit expectation of each object to be greater than 0. Hence, the functional evaluation on 5 will
be conducted assuming that Â ≥ 1 as in the problem definition. Similarly, the problem application
constrains A ≥ 1. Note that the function allows for A ∈ [0, 1) but the following analysis would
change.

The minimum of 5 occurs when Â is sufficiently larger than A. This is generally true for any value
of A but the minimum of 5 occurs at the minimum value of A. Fix A = 1. Let the minimum of 5
when A = 1 be denoted as 5min. Then

5min = 1 + 1
Â
∗ (tanh (1 − Â) + 1).

Recall that tanh G ∈ [−1, 1],∀G ∈ R and sign(G) = sign(tanh G). Hence, at maximum, when Â = 1,
5min = 2. Otherwise, when Â > 1, 1 < 5min < 1 + 1

Â
. Therefore

5min ∈ (1, 2] .
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Furthermore, if the problem definition constrains the revisit expectation to never exceed the number
of timesteps in a given day (i.e. every object must be seen at least once per day), then a definitive
bound can be determined

5min ∈
[
1 + C + tanh (1 − C)

C
, 2

]
,

for Â ∈ [1, C].

Because the tanh function is bounded, the dominating value of 5 is determined by A. In other
words, this function will begin to linearize as A becomes sufficiently larger than Â , and 5 will grow
to infinity–there is no 5max. However, if it is assumed that every object is seen once a day, then
Â ∈ [1, C]. Then 5max is greatest when the revisit expectation is the strictest. Fix Â = 1.

5max = 1 + A ∗ (tanh (A − 1) + 1)
and when A ∈ [1, C],

5max = 1 + C ∗ (tanh (C − 1) + 1).
And, because sup( 5max) = 1 + 2C,

5 ∈ [ 5min, 1 + 2C).

Now, let A ≥ 1 ∈ R and D 5 = 5 (A) be a continuous function in the real domain, with parameter
Â ≥ 1 ∈ R. Consider the derivative of function D 5 with respect to input revisit interval A using the
chain rule,

D′5 =
A ∗ sec 2(A − Â) + tanh (A − Â) + 1

Â

Note that sec 2G > 0,∀G and inf (tanh G) = −1, hence D′
5
> 0,∀A, Â . Therefore, 5 is increasing

monotonically (strictly) on its domain when A ≥ 1, Â ≥ 1. In other words, as the input A increases
for a chosen Â , the newly obtained value of 5 is always greater than all values prior.

9.2 Analysis on � Component

An attempt at finding the analytical bounds of the � component will be provided here. Note that �
is undefined when > = −1

2 . However, in the context of the problem, negative observations are not
viable and hence is automatically constrained by the problem such that > ≥ 0 and the functional
evaluation on � will be conducted under that assumption. As in section 9.1, it will be assumed that
at least one track is desired per day, so let >̂ ≥ 1 (technically a similar analysis as is provided would
work for any >̂ > 0 without loss of generality). Additionally, within the constraints of the problem
definition it is reasonable to bound > to be as large as there are timesteps in a day, since more tracks
than timesteps implies multiview violations.
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The minimum of � occurs when > is sufficiently larger than >̂. This is generally true for any value
of > but the minimum of � occurs at the maximum value of >. Fix > = C. Let the minimum of �
when A = C be denoted as �min. Then

�min = 1 + 2>̂
2C + 1

∗ (tanh (>̂ − C) + 1)

Recall that tanh G ∈ [−1, 1],∀G ∈ R and sign(G) = sign(tanh G). Hence, at maximum, when >̂ = C,
�min = 1 + 2C

2C+1 . Otherwise when >̂ = 1, 1 + 2
2C+1 ∗ (tanh (1 − C) + 1). Assuming C > 1,

�min ∈
[
1 + 2

2C + 1
∗ (tanh (1 − C) + 1), 1 + 2C

2C + 1

]
and for sufficiently large C,

�min ∈ (1, 2)

Because � does not grow with increasing >, as long as > > 0, � is bounded and there is a �max and
it occurs when there are no tracks within the last day. However, to avoid contradicting assumptions
in 9.1, fix > = 1 (i.e. a single track is assumed to have been gathered within the last C timesteps).

�max = 1 + 2>̂
3
∗ (tanh (>̂ − 1) + 1)

and when >̂ ∈ [1, C] (such that the track expectation on > is reasonably bounded to avoid multiview
violations),

�max = 1 + 2C
3
∗ (tanh (C − 1) + 1).

And, because sup(�max) = 1 + 4C
3 ,

� ∈ [�min, 1 +
4C
3
).

Now, let > ≥ 1 ∈ R and D� = �(>) be a continuous function in the real domain, with parameter
>̂ ≥ 1 ∈ R. Consider the derivative of function D� with respect to input track count > using the
chain rule and quotient rule,

D′� = −
2>̂ (2(tanh (> − >̂) + 1) + (2> + 1)sech2(>̂ − >))

(2> + 1)2

Note that sech2G > 0,∀G and inf (tanh G) = −1, hence D′� < 0,∀>, >̂. Therefore, � is decreasing
monotonically (strictly) on its domain when > ≥ 1, >̂ ≥ 1. In other words, as the input > increases
for a chosen >̂, the newly obtained value of � is always less than all values prior.

9.3 Analysis on ℎ Component

An attempt at finding the analytical bounds of the ℎ component will be provided here. Without the
need for any particular assumptions, it can be seen that with any RSO catalog of size <, (regardless
of whether there are < distinct priority levels), the bounds of this component lie within (1,2]. In
fact, ∀? ∈ Z+, ℎ ∈ (1, 2]. More explicitly,

ℎ ∈
[
?<0G + 1
?<0G

,
?<8= + 1
?<8=

]
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and in context to the problem definition, where ? = [1, . . . , <],

ℎ ∈
[
< + 1
<

, 2
]
.

Note that ℎ > 1 if < > 0.

Let ? ≥ 1 ∈ R and Dℎ = ℎ(?) be a continuous function in the real domain. Consider the derivative
of function Dℎ with respect to input priority level ? using the quotient rule,

D′ℎ =
? − (? + 1)

?2 = − 1
?2 .

Note that D′
ℎ
is negative ∀? and hence is monotonically decreasing (strictly) on the domain of ℎ. In

other words, as the input ? increases, the newly obtained value of ℎ is always less than all values
prior.

9.4 Summary of Analysis and Implication

Given the problem definition the following constraints have been placed on the system:

• It is assumed that every object is seen at least once per day.

• It is assumed that every object is seen at most once per timestep, and hence seen at most C
times in a day.

• It is assumed that every object in a catalog of length < has a distinct, ordinal, priority level.

Which leads to the following variable/parameter bounds:

• A ∈ [1, C]

• Â ∈ [1, C]

• > ∈ [1, C]

• >̂ ∈ [1, C]

• ? ∈ [1, <]

And the functional components of * have the following properties under the domain of each
bounded variable/parameter:

• 5 ∈ [ 5min, 1 + 2C], where 5min ∈ (1, 2] and 5 is monotonically increasing

• � ∈ [�min, 1 + 4C
3 ], where �min ∈ (1, 2) and � is monotonically decreasing

• ℎ ∈ [<+1
<
, 2] and ℎ is monotonically decreasing
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Afigure of the relative range of contributions from 5 , � to* is shown in Figure 18 and a 3-D version,
25 is included in Section 11. It then follows that the sensitivity of each functional component and
its corresponding input variable relies heavily upon the parameter selection associated with each
input variable. In other words, it could be the case that variations within A for a selection of Â could
cause 5 to have more effect in * than � for variations within > for a selection of >̂ (or vice versa).
It is unlikely that ℎ would have more of an effect on 5 , � on * since the range of ℎ falls within the
general range of the minimums of 5 , �.

Figure 18. Possible contributions to* from 5 ,� over domain [1, C]

It isn’t general practice to perform sensitivity analysis on closed-form functions of simple complexity
(especially if any of the inputs are unbounded), but now that the inputs have been bounded with
practical assumptions and there is uncertainty surrounding the prominence of the range of its
components, a basic analysis on the sensitivity of the inputs to the chosen utility function can be
done by treating the utility function as a "black box."

9.5 Sensitivity Analysis on Utility Function

Let - = {A, Â , >, >̂, ?} with bounds as determined in section 9.4. The sensitivity analysis on* will
be performed using a Maximum Difference Method by varying input - to the function �, where
* = �(-).

In this method, sensitivity analysis will be performed by evaluating the amount the bounds on *
changewhen the full range of any input parameter component of - is varied. The basicmethodology
is as follows:

52



• A single element of - is chosen as the “test subject.”

• All other elements of - are chosen within their appropriate range at random.

• The test subject is varied between all integer values in [min -,max -] (unless the test subject
is ? in which case it is varied linearly between [1, 2]) and all other randomly chosen elements
of - are held constant.

• The range of* is measured along the domain of - .

This is repeated equally among all elements of - , with 10000 trials each. As an additional
constraint, since values of A, > have an implication of each other, it is assumed that > + A ≤ C + 1.
Essentially, it doesn’t make sense to say that A = 192 if > = 192 following the assertions in Section
9.4 (if > = 192, then A ≤ 1→ A = 1).

The result of this test is a distribution of *4 = �(-) curves, with 4 ∈ - being the active (varied)
element of input parameter X. Let '4 = max*4 − min*4. Then '4 describes the distribution of
total variation of*4 by varying input parameter - with active element 4. Let (4 =

∑
'4 over every

test run. (4 is then essentially the area of the distribution of the range of*4 with input - and active
variable 4. This is the quantity over each element of - that is shown in Figure 19.

It is shown that the A counter and Â parameter (and hence D 5 ) has more contribution to the overall
value of * than the > counter and >̂ parameter. However, it is also shown that under these
constraints that the D� component still has a fair weight on the value of *, and even on the same
order of magnitude as D 5 . As intuition would suggest, the Dℎ component has the least weight on the
overall value. It is likely that the selection of the ranges of values for each variable has a large effect
on the sensitivity of the system as a whole, but this set of ranges is fairly reasonable and at least
gives us an idea about what to expect over the span of a normal day. Recall that almost regardless
of parameter selection that D� >> D 5 when A is low and > is low and that D 5 >> D� when A is large
(over a large enough time frame this is true regardless of the other variables/parameters).
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Figure 19. Sensitivity Analysis results
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10 Notes

This section is meant to be a resource to provide expansion for certain technical concepts in the
paper.

10.1 Artificial Intelligence

The value functions were initially designed with artificial intelligence in mind. The use of a
hyperbolic tangent function is commonly used in machine learning methods, where tanh is used
as an “activator” or “activation function.” This is an appealing concept in many senses, because
the system would be highly reactive to important events, but otherwise could make logical linear
decisions. It is actually likely, given enough test data, that this problem could be solved using a
machine learning algorithm. Every object in space that is not under the control of a human being
should have a predictable, calculable path. Given geography of the sensors in a network, and the
geometries of paths that each RSO takes, it is not unreasonable to have a self-sustaining network
of sensors that “know” which objects they can generally see. In fact, patterns may even emerge
out of serendipitous collections that can help improve sensor models or understanding of orbital
properties of objects in space using machine learning. The future possibilities on this are endless,
but for the time being without having any proof that sensors can be effectively tasked on events
happening in the near future on a basic algorithmic design, it is something that is a little out of
reach.

Initially, An agent-based Particle Swarm Optimizer (PSO) method was considered, but could not
objectively be proven that it was better than the LVF decision logic.In fact in many cases, the
objective method used by SNARE was much quicker to achieve similar results to what the PSO
offered and is deterministic opposed to stochastic (this fits better into future iterations of the
construct). However, that is how the design of the metrics were formed. The idea of needing a set
of scores to determine actions provided the necessary metrics and utilities that the SNARE method
currently operates under (both LVF and GVF). It is not unreasonable to go back to this method (or
similar methods) in the future, but having a deterministic outcome for now is the best option.

10.2 SSNOII

SSNOII tables have been very important in the development of testing between SNARE and SP
Tasker. It is an easy tool to use that helps give perspective on tangible catalog accuracy between two
completely different collection schemes. However, there is some incompleteness in the SSNOII
tables. Given the distribution of RSOs in Figure 14 and the variability of track mixes in the SNARE
versus SP Tasker experiment, there are actually multiple SSNOII input entries that do not yield
numerical data. For example, only EDR Group 1 is available for MEOs and GEOs. The only
reasonable workaround for the MEOs and GEOs that are in the catalog as EDR Group 2 objects,
are to approximate the Group 2 objects using Group 1 curves. In addition, LEO objects of any
group do not have curves for using only ground optical sensors, and only LEO Groups 1-2 have
available curves for a joint track mix of radar and ground opticals. Hence, when applicable, the
SSNOII curves that were referenced were approximated. If a LEO object was only seen using a
ground optical, and was a Group 1 or 2, the mixed sensor curves were used, and otherwise the
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appropriate group under the assumption of being seen only by radar were used. Interestingly, the
HEO curves are complete for all groups and viable track types, so the positional accuracy for HEO
objects was always appropriately calculated.
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11 Additional Figures and Tables

Figure 20. Pseudo code base case diagram

Figure 21. Pseudo code base case diagram
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Figure 22. Â expectations for all objects in the simulation

Table 4. Ratio of results versus SP Tasker expected accuracy

Regime_Group SP_accRec knee SNARE_C1 SNARE_C2 SNARE_C3 INF_acc
____________ _________ ______ __________ __________ __________ _______

["GEO1"] 0.1939 0.0578 0.3543 0.3243 0.2912 0.1436
["GEO2"] 0.1509 0.0610 0.3680 0.3476 0.3462 0.1484
["LEO1"] 1.2349 0.2972 0.6652 0.4835 0.4390 0.2233
["LEO2"] 1.1923 0.2284 0.8855 0.7457 0.7048 0.5306
["LEO3"] 1.3243 0.2602 1.3459 1.1751 1.1085 0.8384
["LEO4"] 1.3209 0.2597 1.2304 1.0312 0.9523 0.6373
["LEO5"] 1.7829 0.4860 2.0923 1.6942 1.5333 0.9702
["MEO1"] 1.6391 1.0680 1.9681 1.8465 1.8449 1.7170
["MEO2"] 1.4575 1.0798 1.8514 1.6692 1.6636 1.2066
["HEO1"] 3.9679 2.8169 9.0713 6.6580 5.5629 2.0363
["HEO2"] 3.4461 2.5551 7.0628 5.7307 4.8578 1.4009
["HEO3"] 1.2694 1.2067 3.1300 2.8357 2.3041 0.5060
["HEO4"] 0.9462 1.5059 3.4299 2.6444 2.0605 0.4824
["HEO5"] 2.5816 4.3702 12.4935 9.9643 8.8413 2.1088

____________ _________ ______ __________ __________ __________ _______
["ALL"] 1.3804 0.4638 1.5180 1.2228 1.0956 0.6000
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Figure 23. SNARE accuracy results for different object size bins

Figure 24. Example Visual Representation of S)
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Figure 25. Possible contributions to* from 5 ,� over domain [1, C]
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A List of Variables

Topic Variable Brief Description
SSN notation = number of sensors

f8 8Cℎ sensor in the SSN
2 theoretical timestep track capacity of a sensor
� theoretical timestep track capacity of the SSN
� theoretical daily track capacity of the SSN

RSO notation < number of RSOs
k: : Cℎ RSO in the catalog
? priority level of an RSO
A revisit count of an RSO
Â revisit expectation of an RSO
> observation count of an RSO
>̂ observation expectation of an RSO

Collection notation ¤S proposed collection scheme
S verified collection scheme
H serendipitous collect list
{8,: visibility of object : by sensor 8

LVF notation *8,: the utility of collect of object : by sensor 8
ℓ the bounty list
U describes how quickly*: changes if : ∈ ℓ

GVF notation �+ global value score
3{ diversity metric
<{ redundancy metric
A{ revisit metric
?{ priority metric
>{ observation metric
D set of RSOs in a collection (elements have multiplicity of 1)
P: set of RSOs in a collection with lower priority than object :
<̃{ the multiview score
Ã{ the revisit score
?̃{ the priority score
>̃{ the observation score
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B Acronyms

ATSAT Architecture Trades and Sensor Assessment Tool.

CRD Capstone Requirements Document.

CSpOC Combined Space Operations Center.

CTL Composite Tasking List.

DoD Department of Defense.

EDR Energy Dissipation Rate.

ELSET Element Set.

GEO Geo-stationary Earth Orbit.

GEODSS Ground-Based Electro-Optical Deep Space Surveillance.

GVF Global Value Function.

HEO Highly Elliptical Orbit.

JSpOC Joint Space Operations Center.

LAMOD Look Angle Module.

LEO Low Earth Orbit.

LTS Long-term Sustainability.

LUPI Length of Update Interval.

LVF Local Value Function.

MEO Medium Earth Orbit.

PNT Positioning, Navigation, and Timing.

PSO Particle Swarm Optimizer.

RSO Resident Space Object.

RTSS Real Time Sensor Simulator.
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SDA Space Domain Awareness.

SenSat Sensor Satisfaction.

SID Satellite Identification.

SNARE Sensor Network, Autonomous, Resilient, Extensible.

SNR Signal to Noise Ratio.

SP Special Perturbation.

SPADOC Space Defense Operations Center.

SPD Space Policy Directive.

SSA Situational Space Awareness.

SSN Space Sensor Network.

SSNOII Space Surveillance Network Optimization #2.

STM Space Traffic Management.

TLE Two-Line Element Set.

TVT Total Violation Time.

UN COPUOS The United Nations Committee on Peaceful Uses of Outer Space.

VT Violation Time.
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