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UNIVERSITY OF SOUTHAMPTON 

ABSTRACT 
AERONAUTICS, ASTRONAUTICS AND COMPUTATIONAL ENGINEERING 

FACULTY OF ENGINEERING AND THE ENVIRONMENT 

Thesis for the degree of Doctor of Philosophy 

AN ADAPTIVE STRATEGY TO CONTROL THE SPACE DEBRIS POPULATION 

By Adam Edward White 

As a result of the last 60 years of satellite launches, a significant amount of space debris has been 

generated in Earth orbit. Growing consensus amongst experts over the last decade, has suggested that 

removing existing debris, alongside mitigation efforts, can assist in controlling the size of the low 

Earth orbit (LEO) population. However, no objective or long-term strategy exist to ensure the most 

effective use of active debris removal (ADR). 

 The way we utilise near-Earth space, and the way the space environment will behave in the 

future will directly affect the number of debris objects required to be removed. This then, makes it 

difficult to identify any potential future ADR strategy that will perform effectively in all possible 

future cases. This thesis explores a novel adaptive strategy that determines how many debris objects 

should be removed to control the size of the LEO debris population. The strategy adapts and adjusts 

the number of removals performed by ADR in response to the evolution of the debris population. 

 The framework for the strategy was inspired by the methods incorporated in adaptive 

management and control engineering. The University of Southampton’s Debris Analysis and 

Monitoring Architecture to the Geosynchronous Environment (DAMAGE) model was used to 

represent the space environment, whilst a new debris model entitled the Computational Adaptive 

Strategy to Control Accurately the Debris Environment (CASCADE) was used to predict the evolution 

of DAMAGE, and required removal rate. Predictions using DAMAGE were run under a variety of 

launch, explosion, mitigation and solar activity for both the ≥10 cm and ≥5 cm LEO populations. Two 

key parameters of the adaptive strategy were also investigated: modifying the frequency of 

implementation and exploring different high-level objeives for the strategy. 

 Using the adaptive strategy increased the probability of achieving its objective and required 

fewer removals, as each prediction had a bespoke number of removals. On average, 3.1 removals 

(standard deviation: 1.2) were required to provide an 88% probability in preventing the growth of the 

≥10 cm LEO population. Whereas, implementing realistic variations in launch, explosion, mitigation 

and solar activity, on average, 6.3 removals (standard deviation: 6.8) were required to prevent the 

growth of the ≥5 cm LEO population with 76% confidence. This compared with a “traditional” 

strategy of removing five objects per year that only provided 49% confidence. This approach then, 

represents a rational method to calculate the number of removals required to ensure the future 

sustainability of outer space activities.
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1. Introduction 

Our society derives numerous benefits from space-based assets that have become embedded into 

our daily lives. These benefits include Earth observation, navigation, telecommunications, 

security, scientific exploration, economic development and even national prestige. Over the last 

decade, the number of space-faring nations with operational satellites has risen to 55, with 10 

nations having direct launch capability (Union of Concerned Scientists, 2014). Within this time, 

the privately operated commercial sector has grown dramatically, to the point where in 2012 the 

global space economy was worth an estimated $304 billion United States Dollars (USDs), an 

increase of 6.7% from the previous year (Space Foundation, 2013). 

With the utilisation of outer space expected to continue to grow, it is vital that space 

activities remain peaceful, secure and sustainable. Broadly speaking, space sustainability is the 

ability for all humanity to continue to use outer space for peaceful purposes and socioeconomic 

benefit over the long-term (Secure World Foundation, 2013). A lack of sustainability may make 

it difficult or impossible to use space effectively in the future; confronting the issues of space 

sustainability now will assure that future generations benefit from outer space activities. 

Space sustainability faces a number of unique challenges. One such challenge is space 

debris (or orbital debris), which represents a threat to our ability to utilise outer space effectively 

in the long-term, as well as a growing collision risk to operational satellites. 

1.1 Space Debris 

Although no international legal definition exists, the Inter-Agency Space Debris Coordination 

Committee (IADC), an international forum on technical matters of space debris, defined space 

debris as 

“…all man-made objects, including fragments and elements thereof, in Earth orbit or 

re-entering the atmosphere, that are non-functional.” IADC Space Debris Mitigation 

Guidelines, 2007, rev. one, page five. 

There are estimated to be more than 21,000 objects larger than 10 cm in size, 500,000 

objects between one and 10 cm and in excess of 100 million objects larger than 1 mm orbiting 

Earth (National Aeronautics and Space Administration (NASA) Orbital Debris Program Office, 

2014a). Fewer than 1,100 of these objects are operational satellites (Union of Concerned 
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Scientists, 2014), the rest are space debris. This debris has come from over 5,000 space launches 

since 1957 (European Space Agency (ESA), 2013). 

Space debris can be identified and tracked using ground-based radar and optical sensors. 

The biggest detection and tracking system belongs to the United States (US), known as the 

Space Surveillance Network (SSN). The capability limits of the SSN restrict the minimum 

object detection and tracking size to five cm in low Earth orbit (LEO) and 30 cm in 

geosynchronous Earth orbit (GEO) (Space-Track, 2013). However, objects down to three 

millimetres in size can be detected, but not tracked, by ground-based radar systems. Further, 

objects down to one millimetre in size can be observed by examining the impact craters of 

returned objects from space (such as the Long Duration Exposure Facility or solar array panels 

on the Hubble Space Telescope that have been returned via the Space Shuttle), or from in-situ 

impact detectors situated on active satellites. 

There are several catalogues of space debris that keep records of objects orbital and 

physical properties. The most commonly used is the North American Aerospace Defence 

Command Space Object Catalogue, for which the SSN observes, tracks and then catalogues all 

space objects larger than 10 cm in size orbiting the earth of known origin. In this catalogue, 

there are currently 16,000 objects (Space-Track, 2013); however, it is estimated that up to an 

additional 5,000 known objects are observed but are not catalogued because they are either of 

unknown or classified origin.  

Sources of debris can be categorised by object type: 

Defunct satellites - are satellites that are no longer operational. These account for 54% of 

the total mass of all objects in orbit and 21% of the catalogued debris population. 

Rocket bodies - these account for 40% of the mass in orbit and 11% of the catalogued 

debris population.  

Mission-related debris - this accounts for 3% of the mass in orbit and 11% of the 

catalogued debris population. Mission-related debris includes launch separator systems, rocket 

motor firings, reactor coolant material and material escaping from satellite surfaces. 

Collectively, defunct satellites, rocket bodies and mission related objects are known as intact 

space debris. 

Fragmentation debris - are generated either when an object explodes or two objects 

collide in outer space. Explosions vary in intensity from the partial to complete fragmentation of 

an intact object, and arise due to unused propellant, high-pressure gasses in pressure vessels, 

over charged batteries or momentum devices. Collisions are split into two types: catastrophic 

and non-catastrophic. Ground testing has estimated that a catastrophic collision occurs when the 

specific impact energy of the colliding bodies exceeds 40 J/g (McKnight, 1991); this accounts 

for the complete break-up of the objects. If this criterion is not met, collisions are defined as 

non-catastrophic and a smaller number of fragments are generated. Fragmentation debris 
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represents the greatest population of catalogued debris (56%) whilst only accounting for 2% of 

the tracked mass. As of 2013, over 300 satellite fragmentation events have been identified 

(Space-Track, 2013). 

Currently, the only mechanism for removing space debris is atmospheric drag that over 

time decreases the altitude of objects where on they re-enter the atmosphere. However, the 

atmospheric density, and thus, drag approximately decreases exponentially with altitude 

(National Oceanic and Atmospheric Administration National Geophysical Data Centre, 2014). 

Thus, the lifetime of objects in space also increases exponentially with increasing altitude. 

The launch rate of objects has varied throughout the history of space activities, between 

two and 130 launches per year (ESA, 2013). In the last decade however, the launch rate has 

remained relatively constant between 70 and 80 launches per year (ESA, 2013). Figure 1.1 

illustrates the historical evolution of the debris population as documented by the SSN.  

 
Figure 1.1 – Evolution of the tracked number of objects in Earth orbit (NASA Orbital 

Debris Quarterly News, 2013). 

The growth of catalogued objects has been relatively constant throughout the history of 

space activities, with the exception of two major events occurring within the last decade. In 

2007, the defunct Fengyun-1C satellite was intentionally destroyed to test China’s anti-satellite 

capability. This created in excess of 3,000 catalogued fragments (Liou, 2012a). The second 

event, in 2009, was an accidental collision between two intact satellites, Cosmos-2251 (defunct) 

and Iridium-33 (operational), creating over 2,000 additional catalogued fragments (Liou, 

2012a). These two events increased the catalogued debris in LEO by over 35% (Space-Track, 

2013). 

The LEO region extends from the Earth’s surface up to an altitude of 2,000 km (IADC, 

2007), covering less than 0.3% of the volume of space used by Earth orbiting satellites. 

Fragmentation 
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Total objects 
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Nevertheless, 75% of the catalogued debris population and 37% of the on-orbit mass are 

concentrated within the LEO region. Over 14,000 objects that intersect LEO are tracked (Space-

Track, 2013), of which 470 are operational satellites (Union of Concerned Scientists, 2014).  

The distribution of debris within the LEO region is non-uniform. Figure 1.2 shows the 

spatial density (effective number of objects per unit volume) of catalogued objects residing in 

LEO as a function of altitude. The effective number of objects includes all objects residing in, or 

having a fraction of their orbital period in, LEO.  

 
Figure 1.2 – The spatial density of catalogued objects as a function of altitude (Space-

Track, 2013). Bin size equal to 20 km. 

Altitudes between 600-1,000 km and 1,400-1,600 km contain the highest spatial density 

reflecting the high historical activity in these areas. Part of the reason for this high activity is the 

utilisation of Sun-synchronous orbits (altitudes typically between 700 and 1,100 km, 

inclinations ≈98°). The highest spatial density peak (790 km) is partly a result of the Cosmos-

Iridium collision, whilst the second highest peak (870 km) is partly a consequence of the 

destruction of the Fengyun-1C satellite. Peaks at 780 and 1,415 km are due, in part, to the 

Iridium (70 satellites) and Globalstar (50 satellites) constellations respectively. 

The second densest region of debris is in GEO, defined as altitudes of 35,786 ± 200 km 

and declinations ± 15° (IADC, 2007). As of 2013, the Space Object Catalogue lists 1,200 

objects in GEO (Space-Track, 2013), of which 419 are operational (Union of Concerned 

Scientists, 2014). Debris also resides, although to a lesser extent, in medium Earth orbits, in 

particular highly elliptical orbits and Molniya-class orbits. 
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In 2007, the IADC performed a modelling task to investigate the future GEO debris 

environment. Results showed that, on average, between 0.1 and 0.3 catastrophic collisions were 

expected over 100 years (Lewis, et al., 2007). Another modelling study in 2013 by the IADC, 

with a similar set-up to Lewis, et al. (2007), showed that in LEO between 12 and 22 catastrophic 

collisions (over 100 times greater than in GEO) were expected over 100 years. Both these 

studies used populations ≥10 cm in size, and used future launch rates based on historic eight-

year cycles and did not consider any explosions. Due to the higher spatial density, as well as a 

variety of modelling studies suggesting that the sustainability of LEO is particularly under threat 

(i.e. the International Academy of Astronautics (IAA), 2010; Liou, 2011), the focus of the work 

in this thesis is on the LEO region. 

1.2 Modelling the Future Space Debris Population 

To understand how the population of space debris will evolve, evolutionary space debris models 

have been developed since the late 1970’s. These models have formed an integral part of our 

understanding of the debris environment and have played a key role in the actions taken to 

alleviate the debris problem.  

There are two different approaches to predicting the future debris environment based on 

the method selected for orbital propagation. Objects can either be propagated individually (full 

orbit propagation model), or placed into categories by their parameters (i.e. mass, area, orbits) 

and propagated together as a single unit (discrete propagation models).  

Discrete propagation models were the first model type to be developed and used 

mathematical equations to describe, coarsely, the evolution of the environment. This type of 

model represents the population of objects in sets of parameters such as orbital elements, mass 

or size. Positions, masses and areas of objects in these parameters are then described in a 

statistical manner. The rate of population change over time is normally described by sets of 

ordinary differential equations that are solved numerically. 

Collisions between objects are determined using algorithms that discretise the collision 

rate as a function of the total number of objects within a parameter set. The addition of objects 

through launches, explosions and other mechanisms occurs during each time-step. These models 

lack precision, as characteristics of individual satellites are not recorded. Thus, these models are 

limited to the analysis of a small set of states (e.g. total number of objects, collisions, spatial 

densities etc.). The strength of these models, however, lies in their flexibility, allowing multiple 

predictions with different set-ups (such as launch and explosions rates) to be projected quickly 

and efficiently with minimal computational resources. Examples of this model type include: 
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• Talent’s (1991) particle-in-a-box (PIB) model, 

• The CHAIN reaction model developed by Eichler (Rex and Eichler, 1993), 

developed at the Technical University of Braunschweig and continued at NASA. A 

later modified version was used by ESA, known as the CHAIN - European 

Extension (CHAINEE), 

• Klinkrad (1993) collision analysis of LEO, 

• Nazarenko’s (1993) model, 

• the Italian Stochastic Analog Tool (STAT) (Rossi, et al., 1995), 

• the Indian Stochastic Impressionistic Low Earth (SIMPLE) model 

(Ananthasayanama, et al., 2006), 

• and the University of Southampton’s fast debris evolution (FADE) model (Lewis, 

et al., 2009b). 

Full orbit propagation models, on the other hand, estimate the future position of 

individual objects using an orbital propagator. Due the computational demands of propagating 

thousands of objects, these propagators are normally semi-analytical. Included within these 

propagators are orbital perturbations such as Earth’s gravity-field zonal harmonics, atmospheric 

drag, solar and lunar gravitational forces and solar radiation pressure. Within these models are a 

variety of different support models that provide predictions of the atmospheric density, launch 

and explosion traffic, break-ups and failures. Outputs include data about individual objects, the 

total number of objects, collisions and spatial density of different regions of space. 

Collision algorithms are used to determine if two or more objects are in close proximity 

and whether these objects collide. In general, the number of collisions expired by two objects i 

and 𝑗𝑗, 𝐶𝐶𝑖𝑖,𝑗𝑗, can be determined from the total collision probably of these objects over a specified 

time period, 𝑡𝑡1 and 𝑡𝑡2, such that 

 

𝐶𝐶𝑖𝑖,𝑗𝑗 = � 𝑃𝑃𝑖𝑖,𝑗𝑗  𝑑𝑑𝑡𝑡.

𝑡𝑡1

𝑡𝑡2

 (1.1) 

 

There have been a number of different collision algorithms utilised including the NASA’s cube 

algorithm (Liou, et al., 2003), the University of Southampton’s Kernel algorithm (based on the 

cube algorithm) (Lewis, et al., 2009a) and the Russian collision algorithm (Smirnov, 2002) 

which determine this collision probability, 𝑃𝑃𝑖𝑖,𝑗𝑗. 

The cube algorithm estimates the long-term collision probability of objects by means of 

uniform sampling of the system in time. During each snapshot (i.e. at the end of each time 
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interval when the collision probability is analysed), the three-dimensional outer space in divided 

into many cubes. A collision is possible only when two objects are within the same cube.  

Within one cube, the kinetic theory of gas is applied to evaluate the collision probability. 

The cube dimensions should be less than 1% of the semi major axis of objects in the 

environment (Liou, et al., 2003), typically sizes of 10 x 10 x 10 km are used (Liou, 2008; Lewis, 

et al., 2009a). If, in any snapshot, two objects i and 𝑗𝑗, are within the same cube, their position 

and velocity are calculated based on their orbital elements at that instance. The collision 

probability, over a time interval dt, between the objects, 𝑑𝑑𝑃𝑃𝑖𝑖,𝑗𝑗 , is calculated by (Liou, et al., 

2003) 

 

𝑑𝑑𝑃𝑃𝑖𝑖,𝑗𝑗 = 𝑠𝑠𝑖𝑖𝑠𝑠𝑗𝑗𝑉𝑉𝑖𝑖𝑚𝑚𝑝𝑝𝜎𝜎dU dt, (1.2) 
 

where 𝑠𝑠𝑖𝑖and 𝑠𝑠𝑗𝑗  are the spatial densities of objects i and 𝑗𝑗 in the cube, 𝑉𝑉𝑖𝑖𝑚𝑚𝑝𝑝 is the relative orbital 

velocity between the two objects, 𝜎𝜎 is the combined collision cross-sectional area, and dU is the 

volume of the cube. A uniformly distributed random number is drawn and compared with the 

value of 𝑑𝑑𝑃𝑃𝑖𝑖,𝑗𝑗 to determine whether a collision occurs.  

Equation (1.2) represents the instantaneous collision rate between two objects and not the 

collision probability, which is reflected in the dimensions of the equation. Contrary to uniform 

sampling of the space where collisions are possible, this approach uses uniform sampling of the 

system in time with updated orbital elements (Liou, et al., 2003). To calculate the exact collision 

probability the equation is multiplied by the time interval, between subsequent re-evaluations of 

the collision probability. Therefore, this equation represents only the arithmetic mean (referred 

to as just mean) collision probability between two objects. As a standard statistical sampling 

technique, more snapshots or small time intervals between re-evaluations of collision 

probabilities are preferred (Liou, et al., 2003).  

Due to the orbital perturbations in LEO, the exact positions of objects in the future are not 

precisely known (Liou, et al., 2003). Thus, to give a more accurate collision probability multiple 

snapshots are used in a single time interval. During each snapshot the mean anomaly of all 

objects are randomised and Equation (1.2) is used; thus, taking into account (to some extent) the 

position uncertainty of objects. The collision rate between these snapshots is averaged, and then 

taken to represent collision rate of each object. The default time interval between snapshots and 

number of snapshots per time interval for the NASA’s LEO-to-GEO Environment Debris 

(LEGEND) model and the University of Southampton’s Debris Analysis and Monitoring 

Architecture to the Geosynchronous Environment (DAMAGE) tool is five days (Liou and 

Johnson, 2006; Lewis, et al., 2009a). 
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To give reliable sampling results, multiple future predictions of the space debris 

environment with the same conditions (i.e. same launch rate/explosion rate/mitigation measures) 

are performed; this is known as a Monte Carlo (MC) simulation method. Only with multiple 

runs (predictions) can reliable statistics be collected and an overall trend of how the debris 

environment evolves be inferred.  

As the cube approach is designed to be statistically rather than deterministically correct, 

given constant debris orbital elements, some sensitivity to both spatial and time resolution 

should be expected (Blake & Lewis, 2014). Recent work by Blake & Lewis (2014) has shown 

that modifying the cube size and time between snapshots may effect the calculation of collision 

probability. As such, they have also stated that increasing the cube size and number of MC runs 

or, decreasing the time-interval should improve the consistent collision rates.  

One significant advantage of the cube algorithm is that the computation time increases 

linearly with the number of objects added, rather than with the square of the number of objects 

like some algorithms. The cube predictions are consistent with those calculated by various 

authors using older methods such as Öpik’s (Öpik, 1951) and Kesslers method (Kessler, 1981). 

However ,other collision algorithms such as ESA's (Klinkrad, 2006), Lewis's M-Space 

algorithm (Lewis & Swinerd, 2003), the Russian Collision algorithms (Smirnov, 2002) and 

others (Berend, 1999; Kessler, 1981) do not use specific cubes in Eulerian space, and as such 

overcome some of the problems of the cube approach. 

There are a number of full propagation models in use today, including: 

• the University of Southampton’s DAMAGE tool, (Lewis et al., 2001) 

• the NASA’s LEGEND model (Liou, et al., 2004), 

• the Technical University of Braunschweig’s Long-term Utility for Collision 

Analysis (LUCA) model (Bendisch, et al., 1997),  

• the ESA’s Debris Environment Long-Term Analysis (DELTA) model (Walker, et 

al., 2001), 

• the Italian Space Agency’s Space Debris Mitigation (SDM) long-term analysis 

program (Rossi, et al., 1995), 

• the Russian space agency’s Space Debris Prediction Analysis (SDPA) model 

(Nazarenko, et al., 1993), 

• the Japan Aerospace Exploration Agency’s (JAXA’s) Low Earth Orbital Debris 

Environment Evolutionary Model (LEODEEM) (Hanada, et al., 2009), 

• and the Indian Space Research Organisation’s Canonical Propagation model 

(KSCPROP) (Adimurthy, et al., 2006). 
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Newer models that are currently in development include the National Centre for Space Studies 

(CNES) Modelling the Evolution of Debris in the Earth’s Environment (MEDEE) model and 

the Aerospace Corporation’s Aerospace Debris Environment Projection Tool (ADEPT). 

1.3 Long-term Risk from Space Debris 

One of the key conclusions of the work by Kessler and Cour-Palais (1978), was that over a long 

period of a time the debris flux will increase exponentially, even though a zero net-input rate of 

objects may be maintained. They suggested that the spatial density of objects in LEO, or key 

orbital regions within LEO, would become high enough that collisions between objects will 

produce debris fragments faster than they will be removed by orbital decay. This would 

eventually lead to a cascade of further collisions, in a process called the “Kessler syndrome”.  

A report by the ESA Space Debris Working Group (ESA, 1988) as well as a report by the 

US Inter-Agency Group (1989) reiterated these findings, stating that if the use of space were to 

continue in the same manner as the last 20 years, then space debris would become a clear threat 

to operational satellites and might stop satellite operations all together. In 1993, the IAA (1993) 

concluded that without changes to the way space missions are performed, regions of near-Earth 

space would become so cluttered by debris that routine operations would not be possible. The 

1999 United Nations Committee on the Peaceful Uses of Outer Space (UNCOPUOS) Technical 

Report (UNCOPUOS, 1999) made a similar deduction, advising that the population of debris 

was growing and the probability of collisions would rapidly increase. 

More recent modelling studies, such as Anselmo, et al. (2001), Klinkrad, et al. (2002), 

Martin, et al. (2004), Liou (2008) and Lewis, et al. (2012b) have demonstrated that if outer 

space activities continued to be utilised without any intervening action the debris population 

would increase, driven predominately by future collisions within the environment. The increase 

in population greater than 10 cm in size is likely to be between double and five times the current 

size over the next 200 years. Figure 1.3 illustrates the evolution of the mean ≥10 cm LEO debris 

population from 100 MC runs using the DAMAGE model. This study used a historic eight-year 

launch and explosion cycle derived between 2001 and 2009. This type of scenario is normally 

referred to as a business-as-usual (BAU) scenario, whereby no intervening action is taken to 

address the debris problem, but use of space is sustained with continued launch activities.  
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Figure 1.3 – The effective ≥10 cm LEO debris population for a BAU scenario using the 

DAMAGE model. The light grey lines show the one standard deviation of the population.  

If this growth continues, the risk from space debris colliding with operational satellites 

will increase and the environment may eventually become so congested that the risks involved 

in launching new satellites outweighs any potential reward. For future generations to retain the 

benefits of space activities there must be a manageable space debris population and a tolerable 

threat of collisions to operational satellites. To achieve this, the population and the 

corresponding collision risk of debris must be set to acceptable levels. 

1.4 Historic Responses to Space Debris 

With the widespread consensus, from a variety of groups, concluding that the utilisation of 

space in LEO is neither sustainable nor a demonstration of good practice, a number of different 

responses have ensued. Whilst these responses have the same general intention, they differ in 

focus, motivation and implementation. 

The Treaty on Principles Governing the Activities of States in the Exploration and Use of 

Outer Space, or Outer Space Treaty (OST), introduced in 1967, was the first international 

agreement in space activities between the majority of space-faring nations, constructed by 

United Nations Office for Outer Space Affairs (UNOOSA). Whilst the OST outlines important 

general measures on how nations should act in space, it does not include explicit reference to 

space debris. However, several key areas could correspond to space debris. The OST recognises 

that all space-faring nations should act to the benefit and in the interests of all countries 
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(UNOOSA, 2002). This infers nations should limit the generation of new debris so that it does 

not interfere with any other nation’s activities. Furthermore, the OST states that the launching 

State is liable for damage caused in outer space on the Earth or atmosphere by their satellite and 

the debris they have generated. These liability clauses were later expanded into the Space 

Liability Convention Treaty in 1972. 

The first practical actions taken to minimise the creation of new debris, occurred during 

the early 1980s, when NASA and ESA established passivation procedures to minimise the 

probability of future explosions of the Delta and Ariane 1 rocket upper stages. This was the first 

form of space debris mitigation. The IADC defines space debris mitigation as 

“…consisting of all efforts to reduce the generation of space debris through measures 

associated with the design, manufacture, operation, and disposal phases of a space 

mission” Key Definitions of the IADC Space Debris Mitigation Guidelines, 2013, rev. 

one, page one. 

Passivation, the elimination of stored energy on a system to prevent any possible explosions, 

was soon widely adopted by the US, Russia and Europe in a variety of satellites and rocket 

bodies. This was due, in part, to the relative ease in which satellite operators could deplete 

excess fuel, discharge batteries and stop momentum devices at the end of satellite and rocket 

body lifetimes (Lewis, et al., 2012b). Widespread implementation of passivation occurred 

before any formal mitigation procedures had been established (Klinkrad, 2006). This measure 

alone was estimated to have lowered the growth rate of catalogued explosion fragments from 

150 fragments per year between 1964 and 1984 to fewer than 40 fragments per year (Space-

Track, 2013). 

Following this, other mitigation measures such as reducing mission-related debris from 

satellites during normal operations were gradually adopted by many space operators and 

manufactures due to minimal mission and financial impact (Lewis, et al., 2012b). These 

measures were performed without specific regulation. 

In 1993, the IADC was formally established by four space agencies as an international 

forum to discuss technical issues related to man-made and natural debris in space (IADC, 2007). 

It now consists of 12 space agencies. In the 1990s, the IADC and a number of national 

organisations investigated mitigation measures that could control the growth of the space debris 

population. It was recognised that it was not sustainable for objects that had reached their end-

of-life to be left in LEO, as often objects in LEO will take centuries to decay. With the use of 

evolutionary models, it was concluded that the increasing accumulation of mass in orbit would 

inevitably lead to collisions between these objects (IADC, 2007). This prompted the 

development of post-mission disposal (PMD), whereby, rocket bodies and satellites at the end 

of their mission either manoeuvre to a disposal region above LEO or manoeuvre to a lower orbit 
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altitude where atmospheric drag would cause the object to decay over a set time. The IADC and 

a number of other computational studies occurring at a similar time (Walker, et al., 2001; 

Anselmo, et al., 2001; Klinkrad, et al., 2002) investigated PMD. These studies found that re-

orbiting objects in LEO to deorbit within 25 years was a sufficient compromise between the 

required delta-V to move the object and reducing the growth of the LEO debris population, 

although deorbiting immediately was preferable. It was thought that this would linearise or even 

prevent the long-term growth of the LEO population (Anselmo, 2001). This 25-year lifetime 

guideline later became known informally as the “25-year rule”. 

However, unlike passivation and reducing debris during normal operations, PMD has a 

much higher cost to implement. Lewis, et al. (2012b) showed that satellite operators and 

manufacturers consider PMD to have the biggest cost impact on the design and operational 

process of all mitigation measures. This is due, in part, for the necessity to have additional 

propellant or a de-orbit/re-orbit device. Recent analysis by Krag (2012a) revealed that in 2010 

less than 8% of satellites reaching their end-of-life in the critical altitudes of 600-1,400 km 

complied with the 25-year rule. However, the majority of satellites on-orbit were designed and 

manufactured prior to formally established mitigation measures. 

In 2002, the IADC published its findings in the IADC Space Debris Mitigation 

Guidelines; later revised in 2007 (IADC, 2007). These guidelines can be broken down into short 

and long-term mitigation measures. In the short-term: 

• limit the release of debris during normal operations, 

• minimise the potential for on-orbit break-ups, 

• limit the probability of accidental collisions in orbit, 

• avoid intentional destruction and other harmful activities, 

and in the long-term: 

• minimise the potential for post-mission break-ups resulting from stored energy, 

• limit the long-term presence of spacecraft and launch vehicles in LEO after their 

end-of-life, 

• limit the long-term interference of spacecraft and launch vehicles with the GEO 

region after end-of-life. 

In 2003, the IADC presented its proposal on space debris mitigation to the UNOOSA 

Scientific and Technical Subcommittee (STSC) of the UNCOPUOS. In 2004, the UNCOPUOS 

established a Space Debris Working Group (SDWG) with the task of preparing a high-level 

document containing mitigation guidelines taking into account the IADC’s proposal. The 

SDWG submitted its proposal in 2005 and this was ratified by 63 STSC member nations in 
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2007. This was published in 2008 as the UNOOSA Space Debris Mitigation Guidelines. The 

UN General Assembly endorsed the UNOOSA guidelines but did not adopt them as legally 

binding. 

The IADC and UNCOPUOS guidelines are likely to be the most used mitigation 

documentation for the space industry (Lewis, et al., 2012b). However, each differs in objective, 

scope, and applicability as well as their general approach to mitigation. The objective of the 

IADC guidelines was to provide clear, coherent measures that limit the generation of space 

debris. The IADC was also able to bypass the legal and diplomatic aspects. The SDWG 

objective however, was to endorse mitigation recommendations for the safety of Earth and 

space missions. The UNCOPUOUS guidelines have a much wider consensus, consisting of 63 

national governments, compared to the IADC’s 12 space agency members. The IADC 

guidelines outlined six mitigation measures necessary to create a mitigation plan. These 

measures were specific and often quantifiable. Conversely, the UNCOPUOS guidelines endorse 

seven mitigation guidelines at a higher-level. Both sets of guidelines avoid any legal processes 

and are, therefore, voluntary. Thus, it may be impossible to depend on law for their further 

development and enforcement. This may cast doubt on these guidelines being able to withstand 

inevitable political pressure over time (National Research Council, 2011). 

In 2010, the STSC established a new working group on the Long-Term Sustainability of 

Outer Space Activities (LTSSA). Their objective is to examine and propose measures to ensure 

the safe and sustainable use of outer space for peaceful purposes, for the benefit of all countries. 

This encompasses sustainable space utilisation supporting sustainable development on Earth, 

space debris, space operations and tools to support space situational awareness, space weather 

and regulatory regimes and guidance for new actors in space. This group is tasked with 

producing a consensus report by 2014, outlining voluntary best practice guidelines for all space-

faring nations to ensure the long-term sustainable use of outer space (UNCOPUOS, 2010). 

Other international documents that have not involved directly either the IADC or 

UNCOPUOS have also been created to limit space debris. Since 1995, ESA, ASI, CNES and 

DLR have developed a European Code of Conduct for Space Debris Mitigation based on 

technically oriented guidelines. In 2006, this code was signed by four European space agencies. 

The core elements of this code are in line with the IADC guidelines but are refined to tailor to 

the needs of European projects (Anselmo, et al., 2004). Whilst many elements of the European 

Code of Conduct are similar to those in the IADC and UNCOPUOS, the European document 

separates the mitigation measures into three categories: management, design and operations, 

thereby forming a bridge between higher-level guidelines and more technically oriented 

standards (Anselmo, et al., 2004). 

Since 2003, the International Organisation for Standardisation (ISO) has been developing 

a set of debris mitigation standards, in response to industry calls for an internationally agreed set 
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of space engineering implementation standards towards mitigation. These standards have 

transformed UNCOPUOS and IADC guidelines into a set of measurable and verifiable 

requirements that are suitable for application in the commercial world (Kato, et al., 2013). The 

ISO Space Systems and Operations Committee, consisting of delegates from 19 nations, have 

led the development of one core high-level mitigation standard and six lower-level standards 

that provide detailed mitigation practices, procedures and techniques. These standards are 

voluntary but are designed primarily for the use of satellite manufacturers and operators through 

contractual arrangements between a customer and supplier (Kato, et al., 2013). 

As well as multi-national approaches, many space-faring nations have adopted their own 

sets of mitigation procedures. As early as 1988, the US addressed in their space policy, general 

guidelines of how the US will behave in space such as the need to minimise the creation of new 

debris. A set of US Government Orbital Debris Mitigation Standard Practices was later 

developed in 1997 and approved in 2000. Four major debris mitigation practices were included: 

the direct re-entry of satellites that have reached their end-of-life in LEO, acceptable parking 

orbits for end-of-life satellites in GEO, passivation of space objects, and size thresholds for 

debris released through nominal operations. Whilst many US satellite operators and 

manufactures do follow the principals laid out in these practices, they vary in their level of 

application and regulation in governmental agencies and industry (NASA Orbital Debris 

Program Office, 2014b). 

The United Kingdom (UK) requires a license to launch, operate or perform any activity in 

space. The UK Space Agency via the Secretary of State for the Department of Trade and 

Industry issues this license in accordance with the 1986 UK Outer Space Act. The licence will 

be granted if the satellite operators can show that their satellite will prevent the contamination of 

outer space, avoid interference with the activities of others and deorbit within 25 years if 

launched into LEO. This is calculated by technical evaluations of the probability of a satellite’s 

collision with other objects and its end-of-life disposal plan (Crowther, et al., 2005). 

Since 2010, the French Space Act has provided a national legislative framework for 

French space operators. The act is mandatory for all French space activities and operations in 

French territory. The technical regulations are taken predominately from the European Code of 

Conduct, but are consistent with IADC guidelines and ISO standards. They include limiting 

accidental collisions and break-ups, reducing risks for uncontrolled re-entry and removing a 

satellite from protected regions of space (LEO and GEO) at the end of their mission. France is 

currently the only nation that enforces legal penalties for their space missions that do not 

comply with this act (Lazare, 2013). 
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1.5 Remediation of the Space Debris Environment 

The IADC defines space debris remediation as 

“…efforts to manage the existing space debris population through active debris 

removal with emphasis on densely populated orbit regions” Key Definitions of the 

IADC Space Debris Mitigation Guidelines, 2013, rev. one, page one. 

As early as the 1990s, active debris removal (ADR) was identified as a credible method to 

control the future space environment (IAA, 1993). Active debris removal is the process of 

removing, or moving an object in space to prevent the object from colliding, or in order to 

reduce its collision probability. This involves applying a force to the object to change its 

velocity and therefore orbit. Concepts and ideas for capture devices have included using the 

Space Shuttle, nets, robotic arms, harpoons and soft-catch collection media. Removal devices 

include removal craft, attachable rocket motors, drag augmentation devices, electrodynamic and 

momentum tethers, solar sails; ground-based and space-based lasers (LTSSA, 2012). All these 

methods, excluding capture via the Space Shuttle, have thus far been untested in space as ADR 

concepts.  

During the development of the IADC guidelines, modelling studies had identified that the 

mitigation measures would limit the long-term growth of ≥10 cm debris population but not 

necessarily stop it (Walker, et al., 2001; Anselmo, et al., 2001; Klinkrad, et al., 2002). This 

provided the motivation to investigate other methods that could halt this expected growth. 

During this time, the IAA (1993) ad hoc expert group investigated the removal of objects in 

LEO. However, they concluded that the technology was not yet mature enough to consider the 

practical use of ADR. In doing so, they did not identify a feasible and economic concept in the 

near-term for ADR. Later, the UN Technical Report on Space Debris (UNCOPUOS, 1999) 

stated that without remediation of the debris environment or operational changes, the likelihood 

of collisions would increase and the generation of new debris continue to rise. 

Later, Liou and Johnson (2006), concluded that even if no more launches occurred, the 

LEO population would likely to continue to grow, in some altitude regions, through self-

sustained collisions. This work helped to reignite the potential need for ADR. These results 

from the study were later confirmed by a number of other modelling studies e.g. (Liou and 

Johnson, 2008; Lewis, et al., 2012a; IADC, 2013), that also indicated that even with widespread 

adoption of the IADC mitigation guidelines the LEO debris population is likely to continue to 

grow. In 2006, the IAA initiated a new study to re-evaluate and determine the feasibility of a 

variety of ADR concepts. In 2010, one of their key findings was that the removal of large debris 

objects should start soon and concentrate on a few altitude and inclination bands (IAA, 2010).  
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In 2009, the IADC initiated an action item (AI 27.1) to determine the stability of the 

future LEO environment. In this study, an increase in the size of the debris population infers 

instability. Using six agencies’ modelling capabilities, a consensus was reached that confirmed; 

even with high levels of compliance with mitigation (90% future compliance with a 25-year 

PMD rule and no future explosions), the current LEO debris population is likely to grow 

(IADC, 2013). As such, one of the key conclusions of this report was that more aggressive 

measures, such as ADR, should be considered (IADC, 2013). 

Within the last 10 years, ADR modelling studies have been completed by the NASA’s 

Orbital Debris Program Office (Liou, 2011), University of Southampton (Lewis, et al., 2012a), 

the ESA (Krag & Virgili, 2012), IAA (2010), amongst others. Results have shown that it may 

be possible to reduce the growth of the ≥10 cm LEO population by removing a number of target 

debris objects alongside widespread compliance with IADC mitigation guidelines. These studies 

have demonstrated that removal rates between three (Lewis, et al., 2012a) and 15 (IAA, 2010) 

objects per year may be sufficient to address the growth of the LEO ≥10 cm population.  

In 2012, the working group on the LTSSA presented to the members of the UNCOPOUS 

concepts and recommendations for the use of ADR (LTSSA, 2012). The growth of research into 

ADR can be seen by looking at space debris themed conferences. In 2009, ESA hosted the fifth 

European Conference on Space Debris; in this conference, fewer than 10% of papers included 

the words active (or orbital) debris removal. Five years later, the sixth European Conference on 

Space Debris had 35% of papers linked to the words active debris removal. As of writing, there 

are proposals for ADR technology demonstration missions to be flown within the decade. For 

example, the German Space Agency’s Deutsche Orbital Servicing mission designed to, amongst 

other purposes, demonstrate technologies for the controlled in-orbit disposal of a defective 

satellite in 2015, as well as the Swiss Space Centre’s CleanSpace One project, designed to de-

orbit a non-functioning Swiss satellite in 2016. 

1.5.1 The Challenges of Active Debris Removal 

There remain many questions and challenges (both technical and non-technical) that need to be 

addressed before ADR can be used effectively as part of the solution towards space 

sustainability. Some key challenges of ADR, summarised by Weeden (2011), as open questions 

are: 

• Is only the launching State allowed to remove their object from space? 

• What stops ADR activities being used for military purposes? 

• What happens if ADR missions fail in orbit, and what are the impacts to normal 

space operations? 

• Is it politically correct to remove objects that are already subject to PMD? 
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• What are the on-ground risks of objects that are being de-orbited? 

• What mechanism should be used to remove objects from space? 

• What radio frequencies are needed to conduct the debris removal mission? 

• Who will pay for ADR? 

• What will be the cost of ADR? 

• What are the overall objectives of ADR? 

• Which objects should be removed? 

• How many objects should be removed? 

The last four questions, which are relevant to this thesis, are discussed below. 

1.5.2 The Cost of Active Debris Removal 

According to Weeden (2011), the costs of researching, designing, manufacturing and operating 

removal missions are likely to exceed billions of USDs. Recent cost analysis studies have 

suggested estimates of $140 million USD per ADR mission (Wiedemann, et al., 2012) for 

conventional robotic arm capture devices, to lower estimates of $5-10 million USD for 

attachable tether designs (Levin, et al., 2012). Other estimates include $1-2 million USD for 

each small object and $50-100 million USD for each large object removed (Phipps and 

Campbell, 2009; McKnight, 2010). The IAA (2010), on the other hand, predicted that $1 billion 

USD would be required every year for 12 years to stabilise the population of large debris to its 

current level. With the cost of ADR likely to be high, it is therefore imperative that ADR be as 

effective as possible at reducing the expected long-term LEO collision rate.  

1.5.3 The Objectives of Active Debris Removal 

The development of ADR activities will depend upon its high-level objectives, and these have 

yet to be established (Weeden, 2011). Whilst it is widely recognised that ADR should form part 

of the solution to keep outer space activities sustainable, sustainability itself has not been 

explicitly defined or quantified at an international level. Thus, it may be difficult to define an 

exact goal for ADR activities. The high-level analysis needed to answer what is an acceptable 

debris environment? is unlikely to be answered in the near-term future (Bonnal, et al., 2013). 

Although, efforts are now starting to be made to identify objectives and guidelines such as work 

by a Coordination Working Group set up by members from CNES, JAXA and NASA (Bonnal, 

et al., 2013). 

There are two different risks to the sustainability of outer space activities in LEO, which 

can be categorised as either short (within a satellite’s lifetime) or long-term (decades to 

centuries). The short-term risk represents the premature loss of operational satellites if a 
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collision occurs. This threat comes from small debris particles that are big enough to potentially 

cause loss of function of a satellite (1 cm in size) (Mcknight, 1991), and small enough not to be 

routinely tracked and therefore avoided by operational satellites (>5 cm in size) (Space-Track, 

2014). There is estimated to be 400,000 objects of this size in LEO (NASA Orbital Debris 

Program Office, 2014a). Collisions involving objects this size typically result in only a small 

number of debris being generated relative to the total debris population. Selecting an orbit 

where the spatial density of objects is lower or applying shielding that prevent small debris from 

entering fragile systems in satellites are the only preventative measures to tackle this.  

On the other hand, the long-term risk to sustainability of outer space activities comes 

from collisions involving large intact objects that generate hundreds or thousands of additional 

≥10 cm fragments into the environment. Potentially, over time, a number of these collisions will 

increase the debris population and make it difficult for satellites to operate effectively in the 

long-term because of this collision risk due to increased collision avoidance manoeuvres.  

These two risks may result in two different objectives for ADR, one removing a high 

number of smaller sized objects, to reduce the short-term risk, the other removing a small 

number of larger sized objects, to alleviate the long-term risk. The majority of the current 

research effort, particularly with respect to modelling, has focused on the latter (IAA, 2010; 

Lewis, et al., 2012a). 

1.5.4 Which Objects Should be Removed? 

To ensure completely the long-term sustainability of outer space activities all non-functional 

debris, including fragments, should be removed from space. This would then lead to an 

environment where only operational satellites are left in orbit. However to remove 100 million 

objects larger than 1 mm (NASA Orbital Debris Program Office, 2014a), is currently 

impossible, and given the likely cost and current technology of ADR only a small number of 

debris objects relative to the total population can be removed (LTSSA, 2012). 

Therefore, identifying robust removal criteria is a fundamental component of the ADR 

process. As above, depending upon the objectives of ADR, the removal criterion may differ. It 

has been shown by Lewis, et al. (2009a) that removing objects at random has only a small 

beneficial effect due to the low collision probability of most objects in the debris population. 

For ADR to be effective, the correct objects must be removed with the highest collision 

probability. Liou (2009) showed that if the goal were to prevent the net long-term growth of the 

LEO debris population ≥10 cm, a sensible strategy would be to reduce the risk of collisions that 

would generate a large number of additional debris. Based on this strategy, an effective ADR 

target selection criterion, 𝑇𝑇𝑖𝑖(𝑡𝑡), (Liou, 2009) is 
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𝑇𝑇𝑖𝑖(𝑡𝑡) =  𝑝𝑝𝑖𝑖(𝑡𝑡)  × 𝑚𝑚𝑖𝑖, (1.3) 
 

where 𝑚𝑚𝑖𝑖 is the mass of an object 𝑖𝑖 and 𝑝𝑝𝑖𝑖(𝑡𝑡) is object 𝑖𝑖’s collision probability at time, 𝑡𝑡. 

Objects with the highest 𝑇𝑇𝑖𝑖(𝑡𝑡) should be removed first. The mass is included in this equation as 

it is proportional to the number of fragments generated when a collision occurs (Johnson, et al., 

2001). 

Although this criterion is a good basis for theoretical target selection, from an operational 

standpoint it does not address mission-related factors, such as cost, remover mass, removal 

mechanism or propellant mass. Work by White, et al. (2011; 2012b) has shown modifying 

Equation (1.3) to incorporate optimisations of minimum delta-V transfers between removed 

objects can be as effective as applying just Equation (1.3). 

1.5.5 How Many Removals should be Performed? 

The IAA (2010) concluded that large objects should be removed at rates in the order of 10± 5 

per year. Lewis, et al. (2011a) has shown that greater than five objects (e.g. 10) per year may be 

required to reduce or stop the growth of the ≥10 cm LEO population. Although Lewis, et al. 

(2012a) has also shown that three removals per year may enough to stop the net growth in LEO 

for objects ≥10 cm. Liou (2011), using the LEGEND model, concluded that five removals might 

be sufficient to stop the growth of the ≥10 cm LEO population over 200 years.  

These removal rates are model dependant, and are determined by the exact parameters of 

the simulation (i.e. what launch traffic/explosion rate/level of mitigation etc.) are used. The total 

number of objects that must be removed will, not only depend upon the objective of ADR, but 

also the financial constraints, political will and other mission constraints involved with the 

selected removal mechanism (Weeden, 2011). 

1.6 Sources of Uncertainty and Error when Modelling the Debris 

Population 

Over the last half century, increased awareness and research has furthered understanding of the 

space debris problem. Long-term predictions, simulated by computer models, have formed part 

of this knowledge, and have played a key role in determining what actions should be taken to 

limit the creation of space debris. Without such predictions, it would be difficult to determine 

the necessity and effectiveness of mitigation and remediation measures. 

Within these evolutionary models, there a variety of assumptions concerning the future 

that are uncertain as well as modelling errors that may limit the accuracy of results. Modelling 

error and future uncertainty have a range of definitions depending upon the scientific field. In 
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the context of this report, future uncertainty is defined as a state of having limited knowledge 

where it is impossible to describe exactly a future outcome; whereas modelling error is defined 

as the known inaccuracy associated within a model (Oberkampf, et al., 2002). 

The following is a list of the main sources of errors and uncertainties associated with 

future predictions performed by space debris models: 

The initial debris population - the initial population used in an evolutionary model is 

taken from either a space debris catalogue, calculated based on historical simulations of the 

LEO environment or from inputs of other engineering models such as the ESA’s Meteoroid and 

Space Debris Terrestrial Environment Reference (MASTER) model or NASA’s Orbital Debris 

Engineering Model (ORDEM). The current reliable tracking limit for space debris in LEO is 10 

cm (Space-Track, 2014). The number and orbits of objects <10 cm are estimated based on data 

from ground-based radar systems or retrieved object surfaces from space.  

Propagation of objects - there are errors in the future propagation of individual objects 

and thus their future position. This error can be from the model propagators themselves 

(especially those using semi-analytical propagators, where accuracy depends upon their time-

step) or the fact that exact object properties (such as ballistic coefficients or reflectivity) may be 

unknown. These object properties must be estimated, which in turn causes estimation in some 

orbital perturbations. Over time, error between the predicted position and actual position of 

objects may occur. 

Break-up models - break-up models predict the number of fragments produced when an 

explosion or collision occurs. These break-up models are based on limited ground-based data, 

hypervelocity impact experiments and analysis of observed collisions and explosions. Most 

current evolutionary models use the NASA standard break-up model (Johnson, et al., 2001), 

which was built from seven observed on-orbit explosions, several ground-based impact 

experiments, and one on-orbit collision. It is difficult to incorporate effects such as object’s 

shape, configuration and materials, which may cause a different distribution of size, mass and 

velocity of fragments than predicted by such break-up models (National Research Council 

Committee on Space Debris, 1995). 

Area to Mass ratio of debris objects - is typically not well known for the majority of 

tracked objects, particularly explosion or collision fragments. The area-to-mass ratio of these 

objects determines, in part, the drag and solar ration pressure they experience and thus how long 

they spends in orbit. Furthermore the frontal area may change (changing its area to mass ratio) if 

an object is rotating throughout the atmosphere.  

Fragments generated by the NASA standard break-up model from future explosions or 

collisions, typically calculate area-to-mas ratios on a power law (Johnson, et al., 2001) which is 

different from other models (Klinkrad, 2006). Inaccuracies in these calculated values could 

result in model predictions over or underestimating the total number of objects that have 
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decayed from orbit over time. This will then effect the total collision probability of objects in 

LEO and thus the total number of collisions. 

Collision prediction - collision algorithms are used to estimate the number of collisions, 

taking into account, to some extent, the propagated error of individual objects. These algorithms 

are typically statistical, and thus to give reliable results a large number of MC runs must be 

made. Further, the number of snapshots taken per time-step and the time between subsequent re-

evaluations of the collision probability of objects may lead to different calculated collision 

probabilities. 

Launch activity - the number of future launches will dictate, to some extent, how the 

debris population will evolve in the future (Reynolds, et al., 1991) (Martin, et al., 2004). 

Predicting the number and position of future launches depend upon the future demand for 

satellites, mission requirements (such as what orbit or the use of constellations), technologies 

(trends towards smaller sized satellites), politics and economics. 

Solar activity - the solar activity drives the upper atmospheric density and influences the 

lifetime of debris. Studies such as Lewis, et al. (2011a) and Johnson (2012) have documented its 

importance to the long-term debris population.  

Effect of thermospheric contraction from global warming - Lewis, et al. (2011a) 

suggested that every 0.05% reduction in atmospheric density per year, over 100 years, may 

increase the rate of future growth of space debris, from 39.0% to 67.9% for objects ≥10 cm. 

Compliance with mitigation measures - the implementation of mitigation measures will 

be important in constraining the growth of debris. Recent modelling studies, investigating 

mitigation measures, have used a 90% compliance with a 25-year rule (e.g. Lewis, et al., 2012a) 

and 100% compliance with passivation. This has been suggested to be optimistic and may be 

considered as a future best-case. Although compliance with mitigation is increasing, it is 

difficult to know or estimate how it may increase in the long-term future. Depending upon the 

level of future mitigation, the size of the population and number of collisions will vary.  

Advances in technology and unanticipated events - new satellite architectures, ADR 

approaches, shielding technology, intentional destruction of satellites and acts of space war will 

affect the size of the future debris population. These factors are typically not considered in 

evolutionary models.  

Space debris modelling is an advancing field; models and observations will likely become 

more sophisticated and computers will become more powerful and faster, which will allow 

better predictions to be made. Yet, future uncertainties, and to a lesser extent modelling errors, 

are unlikely to be reduced in any meaningful way. Therefore, as model predictions contain some 

uncertainty, it may be difficult to determine correct actions to tackle the space debris problem. 

21 



  Introduction 

1.7 A Case for an Adaptive Strategy: The Research Problem 

Given the evidence in previous sections, there is clear intent from the space community to 

continue to investigate, develop and potentially implement ADR within LEO. The IADC has 

recommended remediation at the very least be investigated further (IADC, 2013) to form part of 

the response to ensure long-term sustainability of outer space activities.  

Active debris removal is still in the primary phase of development, and many challenges 

still exist (Weeden, 2011). Currently, there remains no international consensus on what the 

high-level objectives for ADR should be (Bonnal, et al., 2013). Coupled with the fact ADR is 

difficult, expensive and risky to implement, it is vital for it to be as effective as possible (Liou, 

2011). For ADR to be a success, a well-thought-out strategy and a balanced, long-term roadmap 

are needed to ensure its most effective use and the best outcome for the environment (Liou, 

2011). As a result of the costs involved, one of the biggest challenges ADR faces is determining 

how many objects should be removed from LEO. This will depend on the long-term objectives 

of space sustainability and the cost of removing objects from space, but also the way we utilise 

outer space, and the way the space environment behaves in the long-term future. The future 

number of launches, compliance with established mitigation measures, solar activity, new space 

technologies, increasing numbers of space-faring nations, the additional development of policies 

and political motivations will all affect the size of the future LEO population. These factors are 

likely to affect the implementation of ADR and determine the number of objects that need to be 

removed. However, these factors remain uncertain. On the other hand, if we were able to predict 

these factors with relative certainty, evolutionary models could calculate the exact number of 

removals by simulating various removal rates, and picking the rate that produced the desired 

outcome; yet, this not the case. 

When there are many uncertain factors that lead to many plausible scenarios for the future 

LEO environment, it may well be impossible to construct a single strategy, to determine the 

required number of removals, which will perform well in all of them, where the word strategy 

refers to the actions taken to reaching a predefined goal or objective. Strategies to determine 

long-term ADR rates, based on models that limit the number of scenarios for the future 

environment, may prove to be fragile, against either assumptions that fail to hold or unexpected 

or even expected events that may happen in the future. For example, if a sudden increase in 

demand for satellites emerges, or there is an extended period of lower solar activity than 

expected or even occurrences of intentional destruction of satellites, the result may be a big 

increase in the size of the population over a relatively small period of time. Thus any 

implemented strategy for ADR may have unintended negative impacts. Removing too few may 

mean their objective is not accomplished, potentially putting the sustainability of space 
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activities at risk; whilst, removing too many will be costly, inefficient and may hinder other 

space activities. 

Thus, it becomes difficult to answer: how many objects should be removed in the future? 

This question provides the motivation for this thesis. The answer can be approached in two 

different ways. The first option is to reduce the future uncertainty and modelling error 

associated with long-term predictions. By doing so, long-term predictions will increase in 

accuracy which will give a more accurate ADR rate. The second option is to create an ADR 

strategy that addresses the future uncertainties discussed in Section 1.6. This thesis focuses on 

the latter option. Such a strategy should be able to react and adapt to current and predicted 

conditions of the space debris environment in order to estimate a removal rate that is capable of 

changing as the future changes. Fortunately, such an approach incorporating uncertainty already 

exists in other scientific areas, known as adaptive management. 

1.8 Adaptive Management 

The origin of adaptation as a concept can be traced back to Frederick Taylor in the early 1900s 

(Johnson, et al., 1999). In 1927, it was proposed that instead of treating policies as fixed courses 

of action, they should be treated as experiments, with the aim of promoting continual learning 

and adaptation in response to experience over time (Dewey, 1927). 

This adaptive response, when confronted with future uncertainty, was later developed in 

the 1970s by Holling (1978) and Walters (1986) for environmental and renewable resource 

uncertainty, and became known as adaptive management. In the 1980s and early 1990s, 

adaptive management evolved in the field of natural resource management workshops through 

decision-makers, managers and scientists focusing on building simulation models to uncover 

key assumptions and uncertainties for environmental issues (Johnson, et al., 1999). 

Whilst adaptive management has generated various interpretations no exact definition is 

agreed; Sit, et al. (1998) proposed the definition: 

“…the systematic process for continually improving management policies and 

practices by learning from the outcomes of operational programs.” Sit, V. and Taylor, 

B., 1998, Statistical Methods for Adaptive Management Studies, Chapter one, Page 

one. 

Bankes (1993) recognised that most policy problems involve complex and adaptive systems 

and, for those problems, the classical approaches of predictive modelling and optimisation that 

have been used in decisions are potentially not appropriate. He argued that for policies to be 

successful in a complex and adaptive world, they would need to be adaptive themselves. 

Relying on optimisation techniques to develop policies based on the predictions of models will 
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produce policies that make the correct move only for the estimated future that is unlikely to 

occur.  

Bankes (1993) further suggested, through observation and evaluation of the ways that 

human interventions affect managed systems, new knowledge can be acquired about system 

interactions and productive capacities. Adaptive management then became a hybrid of both 

scientific research and resource management, blending methods of investigation and discovery 

with deliberate manipulations of managed systems (Johnson, et al., 1999). 

Whilst a number of methods for adaptive management have been put forward (Bankes, 

1993; Lempert, et al., 2002), each approach must be tailored to suit the demands of the area of 

study. Consequently, there is no “one-size-fits-all” method to adaptive management. There are 

however, eight central themes of adaptive management, shown in Table 1.1. 

Table 1.1 – Summary of eight central themes of adaptive management. 

Central Theme Description 
The goal should be 

confidence  

Adaptive management should strive first for confidence in 

achieving its purpose and second for optimised performance 

Account for uncertainty  Adaptive management should recognise and account for future 

uncertainty 

Have a consensus All parties should agree on the methods used to create actions 

Be flexible Where possible provide flexibility in the implementation of 

actions 

Have automatic self-

adaptation 

Adaptive management should be set-up to change accordingly 

with changing conditions without human interaction 

Effective communication Adaptive management should include effective communication 

between the modellers and the decision-makers 

Have formal reviews Actions taken should be revised if necessary at regular time 

intervals  

All parties should have 

equal influence 

Actions should be created with effective communication 

between all parties that are involved in the problem, such as 

scientists, decision-makers, engineers, lawyers, mathematicians 

and economists 

These themes form the backbone of an adaptive management approach to control an 

environment where uncertainty exists. These themes can be combined to form a generally 
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agreed upon six step sequence of activities (Nyberg, 1999), summarised in the framework of 

Figure 1.4. 

 
Figure 1.4 – Flow diagram of the adaptive management framework (Nyberg, 1999). 

These six steps are continuously cycled and applied to the environment. Each step in the 

framework is described in Table 1.2.  

Table 1.2 – Description of each term in the adaptive management framework. 

Step Description 
1. Assess Understand the objectives and targets of the problem 

2. Design Design actions to meet these objectives 

3. Implement Execute these actions 

4. Monitor Observe how these actions are working and look for potential triggers 

that may prompt them to change 

5. Evaluate Analyse previous and current actions to determine their past, present 

and future effectiveness 

6. Adjust If necessary, adjust these actions so they perform effectively again  

 

Over the last decade, interest in adaptive management has emerged in scientific fields 

with significant uncertainty, including climate change (Parry, et al., 2007), river risk and water 

management (Wisconsin Department of Natural Resources, 2013) and energy management 

(Department of the Interior, 2010). In particular, the Intergovernmental Panel on Climate 

Change (IPCC), a scientific body that reviews and assesses information relevant to climate 

change, has investigated and endorsed the concept. In 1998, the IPCC hosted a workshop on 
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Adaptation to Climate Variability and Change, where adaptive management was recommended 

by a panel of experts. Working Group II, created to look at impacts, adaptation and vulnerability 

of climate change formed a subdivision to explore potential solutions incorporating adaptive 

policy management. This was later endorsed in the IPCC’s third and fourth assessment reports 

on climate change (Parry, et al., 2007). It was proposed that adaptive management form part of a 

method for tackling global warming, but additional research is required before it may be 

implemented. 

The space environment, like the climate of Earth, is an example of a natural resource with 

significant future uncertainty that is under threat, with potential for humans to have some 

influence on how the environment evolves. Despite future uncertainty, short-term key decisions 

must be made that will directly affect the environment in the long-term. An argument can be 

made that the space debris community has addressed the issues of space debris in an ad hoc 

adaptive way. In the late 1960s, space debris was recognised as a problem (Kessler, 1993). A 

decade or so later, mitigation measures were established and implemented. Now, within the last 

decade, ADR is being investigated and developed. As more knowledge is obtained and the size 

of the debris population changes, more actions have occurred. The space debris community is 

following, in a basic sense, the framework in Figure 1.4. The environment is continuously being 

assessed and monitored, to make decisions on actions to reduce the creation of debris. 

There is willingness within the space community to adapt its actions, when necessary, to 

reduce the space debris problem. For example, it can be seen in the IADC mitigation guidelines, 

“These guidelines may be updated as new information becomes available regarding 

space activities and their influence on the space environment.” IADC Space Debris 

Mitigation Guidelines, 2007, page 10, rev. one. 

The question, then, is how can a formal adaptive management approach that takes into account 

the key points of adaptive management be used to control the size of the space debris 

population? 

1.9 Modelling Adaptive Management using Control Engineering 

Adaptive management represents a practical, proactive approach to the management of a natural 

resource within an environment. There is no formally established method for simulating or 

modelling parts or the whole of the adaptive management process. However, adaptive 

management has many analogues to control engineering, both of which attempt to regulate a 

desired output from a system (an environment) that may be complex and subject to unmeasured, 

unpredictable disturbances (Norton and Reckhow, 2008). In a rudimentary sense, adaptive 

management is a type of feedback control.  
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Figure 1.5 demonstrates the components that make up a basic control feedback loop. 

 

Figure 1.5 – Block diagram of a control feedback loop. 

With respect to adaptive management, the plant (or system) refers to the environmental resource 

that needs to be controlled; in this case, the size of the space debris population. The plant has 

one or more system outputs that represent key environmental indicators, such as the total debris 

population or collision rate. The sensor block measures and monitors the outputs of the plant 

(this is equivalent to Table 1.2 - step 4 - Monitor), i.e. takes measurements of the current debris 

population. These measurements at the current time are compared (equivalent to Table 1.2 - step 

1 - Assess) with a reference input (which in this case remains fixed), i.e. a desired space debris 

population. The resulting error between the desired and measured population is fed into a 

controller that determines a corrective course of action (equivalent to Table 1.2 - step 5 - 

Evaluate) i.e. decision-makers determine what actions should be taken to address the space 

debris problem. The actuator then implements these actions as a system input into the plant 

(equivalent to Table 1.2 - step 6 -Adjust) i.e. implement removal missions. The system input, as 

well as disturbances that occur (such as different levels of launches/collisions/mitigation 

compliance than expected) cause the plant to generate a new system output, and the process is 

subsequently repeated. 

Figure 1.6 demonstrates how the control loop in Figure 1.5 can provide a method to 

control the debris population using ADR. 

 
Figure 1.6 – A control feedback loop showing how to control the debris population using 

ADR. 
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The plant has become the space environment. The sensor block has become a way of measuring 

the debris population; in practice, this may be by radar, optical or in-situ measurements. The 

controller has become a method to calculate the number of removals for ADR that depend upon 

the current and desired debris population. Finally, the actuator has become the implementation 

and method selected for ADR with the space debris environment.  

A feedback control loop can capture many features of adaptive management, although it 

may be considered a simplification to expect this control method to provide exact solutions to 

complex environmental management problems (Norton and Reckhow, 2008). Environmental 

management problems involve complex interdependent issues with socio-political dimensions 

and often changeable objectives (Norton and Reckhow, 2008). In contrast, control engineering 

has a less flexible method and clear objectives. Despite this, using the methods in control 

engineering can replicate the major concepts of adaptive management: to adapt and update over 

time. 

1.9.1 Model Predictive Control 

One of the most important parts in simulating this process of adaptive management using 

control system engineering is the selection of the controller. There exist many different types of 

controller, such as on-off, proportional, internal or differential. The controller should replicate 

how the space debris problem is (or will be) controlled. However, the space environment is a 

complex system; a simple controller based only on feedback about the current space debris 

population may not be accurate enough to control the population effectively over a long period. 

This is examined in chapter four. 

Model Predictive Control (MPC) (sometimes referred to as open-loop optimal feedback 

or reactive scheduling) is a control technique that utilises a predictive model that characterises 

the plant’s behaviour to make predictions about the system outputs (Morari, et al., 1999). Much 

like using an evolutionary model to predict the behaviour of the debris environment. 

Using a model prediction of the future, an optimal input value to the system with respect 

to a predefined cost function can be found; where the cost function represents the objective of 

the controller. Furthermore, the predictive model makes predictions regularly, so it can adapt to 

the changes in the system behaviour in a timely fashion. Model Predictive Control is robust with 

respect to disturbances in the plant and has the capability to handle different types of 

constraints, time delays, and inverse responses that may be analogous to real life systems 

(García, et al., 1989).  

The main principles of a MPCer are: 

1. acquire measurements and/or estimates of the state of the plant (sensor block), 
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2. calculate an optimised plant input, using a predictive model, that minimises some 

function. This optimisation is done by running the predictive model multiple times 

until the cost function has reached a minimum. 

3. Implement this optimised system input into the plant, 

4. repeat the process after some recalculation time. 

A block diagram displaying the concept of a MPCer is shown in Figure 1.7; the shaded 

grey blocks show the elements of the controller. For clarity, the actuator block shown in Figure 

1.5 has been removed. Figure 1.8, on the other hand, illustrates graphically the basic principle 

behind a MPCer, by displaying a possible system input and system output of a plant as a 

function of time.  

 

Figure 1.7 – A block diagram showing the concept of a MPCer. 

 
Figure 1.8 – Outputs from a MPCer. 
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The horizontal axis of Figure 1.8 indicates time (𝑡𝑡). The dotted lines represent the past 

and the solid lines represent the future. The solid black line represents the predicted system 

output (𝑌𝑌(𝑡𝑡𝑒𝑒,𝑈𝑈)) as a function of 𝑈𝑈 and the grey solid line represents the optimum future 

system input (𝑈𝑈∗(𝑡𝑡)). The desired system output (𝑟𝑟) is represented by a dashed line.  

At time 𝑡𝑡 in Figure 1.8, based on measurements of the system output, 𝑌𝑌(𝑡𝑡), a model of 

the system, (Figure 1.7 - predictive model block) predicts the future behaviour of the system 

over a period of time. This predictive output at the end of the prediction, 𝑌𝑌(𝑡𝑡𝑒𝑒,𝑈𝑈), (where 𝑡𝑡𝑒𝑒 is 

the time at the end of the simulation) is then sent to an optimiser (Figure 1.7 - optimiser block). 

The optimiser, by using the predictive model, determines an optimised input value, 𝑈𝑈∗, for the 

system based on some predetermined cost function, 𝐽𝐽. This optimised input is then used as the 

input to the plant.  

Disturbances within the plant cause the system behaviour to be different from the 

predicted behaviour. To incorporate feedback into the MPCer, the plant is modelled at a new 

time period, 𝑡𝑡 + 𝛥𝛥𝑡𝑡, where 𝛥𝛥𝑡𝑡 represents the update time of the MPCer. At this time, the 

prediction and optimisation procedure is repeated and an optimised input is found.  

Depending upon the controller and system being modelled, the end time of the predictive 

model, 𝑡𝑡𝑒𝑒, can either remain a fixed time in the future, known as fixed finite horizon ( 𝑡𝑡𝑒𝑒 = 𝜇𝜇𝑎𝑎), 

or continuously move forward, known as a receding horizon (𝑡𝑡𝑒𝑒 = 𝑡𝑡 + 𝜇𝜇𝑎𝑎), where 𝜇𝜇𝑎𝑎 refers to a 

predefined time variable. This thesis explores both fixed finite and receding horizons. 

To find the optimised input value a cost function is used. The cost function, 𝐽𝐽, for an 

MPCer takes the form, 

 

𝐽𝐽 =  �𝑤𝑤𝑦𝑦𝑟𝑟 −  𝑌𝑌(𝑡𝑡𝑒𝑒,𝑈𝑈)�
2

+ (𝑤𝑤𝑢𝑢𝑈𝑈)2 , (Morari, et al., 1999) (1.4) 
 

where 𝑡𝑡𝑒𝑒 is the end prediction time, 𝑤𝑤𝑦𝑦 is a weighting coefficient reflecting the relative 

importance of reaching the desired plant output, 𝑤𝑤𝑢𝑢 is a weighting coefficient reflecting the 

relative importance of 𝑈𝑈, 𝑟𝑟 is equal to the desired plant output, 𝑌𝑌(𝑡𝑡𝑒𝑒,𝑈𝑈) is the model prediction 

at the end of the simulation, as a function of the input rate 𝑈𝑈, and 𝑈𝑈 is the plant input. 

The optimisation is solved for 𝑈𝑈 and gives the least possible cost (i.e. minimise 𝐽𝐽) to 

find 𝑈𝑈∗. The two weighting coefficients (𝑤𝑤𝑦𝑦 and 𝑤𝑤𝑢𝑢) determine how the controller is optimised.  

In a MPCer, the predictive model must be descriptive enough to capture the dynamics of 

a system but simple enough to be able to run quickly to solve the optimisation (García, et al., 

1989). MPC was first used in the petrochemical industry in the late 1970s, to control complex 

chemical plants and oil refineries with a number of variables to control. More recently, the 

majority of MPC applications are still used by the petrochemical industry (Morari, et al., 1999), 
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but other manufacturing industries (such as aerospace, automotive and polymer) incorporate 

MPC in some processes (Morari, et al., 1999). 

There are many advantages of using a MPCer (Figure 1.5) to control an environmental 

system. Firstly, the controller predictive model can be relatively simple. This implies that linear 

and non-linear models based on empirical data of the environment can be utilised. Further, even 

if the predictive model is not very accurate, as there is continual optimisation of the system 

inputs, taking into account both the relatively long-term and the current input, the system input 

should be well optimised. Another advantage is that MPC contains open and closed-loop 

feedback. This allows the predictive model and optimisation to be open-loop (computes its input 

into a plant using only the current state with no feedback), implying simplicity, with the 

addition of having the benefits of feedback from the system. Thus, unlike other controllers, 

MPC is not prone to overreaction or sudden excessive reaction (such as violent oscillation 

followed by recovering periods) as the control is always taking into account the future, rather 

than just one instantaneous point in the present, these advantages offer more robustness of the 

control (Morari, et al., 1999). 

Figure 1.9 shows how a MPCer can be used with respect to the space debris problem to 

determine future ADR rates. 

 
Figure 1.9 – A MPCer used to control the debris population. 

Space debris models perform predictions of various future scenarios incorporating ADR, with 

the current debris population as their input. Using these results, an optimisation of the number 

of removals can be calculated with respect to some desired debris population. Disturbances that 

are not foreseen or predicted in the space debris model will occur in the space environment and 

then the process is restarted, acting as a closed-loop system. 

31 



  Introduction 

1.10 Hypothesis and Objectives 

In this thesis simulates the process in Figure 1.9, as a way to calculate the required number of 

removals to control the LEO population. The hypothesis tested in this thesis is: an adaptive 

strategy for ADR can control the long-term LEO debris population. The objectives are as 

follows: 

• assess the state-of-the-art research in space debris and adaptive management, 

• identify and develop an adaptive strategy to control the space debris population, 

• investigate and quantify key sources of uncertainty that may affect the size of the 

LEO debris population, 

• evaluate the effectiveness of the adaptive strategy under these key sources of 

uncertainty, 

• investigate the effects of varying the desired objective of the adaptive strategy, 

• and assess the significance and impact of the findings. 

This work shows novelty by the development of a well-defined long-term adaptive strategy to 

determine removals rates that control the LEO population, by taking concepts and ideas from 

adaptive management and control system engineering and then applying them to a different 

problem, with a new challenge.  

The remainder of this thesis is structured as follows: method, results, discussion and 

conclusion. Chapter two, the method, is split into two parts. The first introduces and provides 

the complete description of the adaptive strategy, including the methods and mathematics used. 

This is followed by the validation of the predictive model used. 

Chapters three through seven present five studies that comprise the results of this thesis. 

Chapter three investigates the effect of the main sources of future uncertainty on the predictions 

of the long-term debris population, and demonstrates the effect these sources have on ADR 

activities. The purpose of this chapter is to highlight the motivation for an adaptive approach 

and therefore does not include the adaptive strategy. 

Chapter four investigates the effectiveness of the adaptive strategy compared to removing 

objects at a constant rate. Chapter five incorporates the uncertainty of chapter three whilst 

utilising the adaptive strategy in chapter three. Chapter six examines variations in the frequency 

of adaptive strategy updates and chapter seven explores different objectives for the adaptive 

strategy and the effect this has on the evolution of the LEO population. 

Chapter eight discusses the findings and impacts of all the results and, finally, chapter 

nine draws conclusions. 
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2. Adaptive Strategy Development and 

Validation 

This chapter is split into four parts. The first establishes the framework selected for the adaptive 

strategy, the second describes the DAMAGE model, the third part describes the new model 

developed as part of the adaptive strategy and the final section validates this model. 

2.1 The Adaptive Strategy Framework 

The adaptive management approach in Figure 1.4 and the MPC method in Figure 1.9 were used 

to develop the adaptive strategy framework for this thesis. A block diagram of the adaptive 

strategy framework is shown in Figure 2.1. The actuator and sensor block normally incorporated 

in a MPC loop have not been included, as they do not form part of the modelling process. 

 

Figure 2.1 – The adaptive strategy framework. The light grey shaded area represents the 

components of an MPCer. 

The framework makes up a one input-one output control system. The shaded grey area 

represents the components of a MPCer, an open-loop feedback system where the predictive 

model is used to determine the system input of the plant. The MPCer is “wrapped” in a closed-

loop feedback system (non-shaded area). In this case, disturbances are factors that affect the size 

of the debris population that are not accounted for or considered in the predictive model. 

The symbols used in Figure 2.1 have been changed from that of conventional control 

engineering (as in Figure 1.7) to better reflect the debris problem; these are defined in Table 2.1. 
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Table 2.1 – Terminology for the adaptive strategy framework. 

Symbol 

used 

Control engineering 

equivalent  
Definition 

𝑁𝑁𝑟𝑟 𝑟𝑟 Desired size of the LEO space debris population 

(objective) 

𝑤𝑤𝑁𝑁  𝑤𝑤𝑦𝑦 Weighting coefficient reflecting the relative importance 

of reaching the desired LEO space debris population 

𝑁𝑁(𝑡𝑡) 𝑌𝑌(𝑡𝑡) The number of objects in LEO at time 𝑡𝑡 

�̇�𝑅(𝑡𝑡) 𝑈𝑈(𝑡𝑡) Number of removals per year performed by ADR 

 𝑤𝑤𝑅𝑅 𝑤𝑤𝑢𝑢 Weighting coefficient reflecting the relative importance 

of changing the current removal rate 

𝑁𝑁𝑝𝑝�𝑡𝑡𝑒𝑒, �̇�𝑅� 𝑌𝑌(𝑡𝑡𝑒𝑒,𝑈𝑈) A prediction (by the predictive model) of the number of 

objects in LEO at the end of the simulation, 𝑡𝑡𝑒𝑒 

𝐽𝐽 𝐽𝐽 The cost function, to be minimised by the optimiser 

𝛥𝛥𝑡𝑡𝐴𝐴𝐴𝐴 𝛥𝛥𝑡𝑡 The time until the predictive model is re-initiated and the 

process is repeated 

 

A summary of the strategy in the form of a flow diagram is shown in Figure 2.2. 

 
Figure 2.2 – Flow diagram of the implantation of the adaptive strategy. 
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• Initially the space environment is simulated using a computational model, and the 

number of debris objects is propagated.  

• Every five years during this simulation, the number of debris objects is passed to 

the predictive model.  

• The predictive model predicts the number of objects at the 2209 epoch, using the 

current debris population as the initial condition.  

• Several predictions are made with different values of removal rates, until a removal 

rate is found that prevents the growth in LEO population by the end of the 

simulation time.  

• This removal rate is then used within the simulated space environment for five 

years until the process is repeated. 

 A more detailed description of the strategy is explained in the following section. The grey 

shaded blocks in Figure 2.2 represent models that must be simulated to test the adaptive 

strategy.  

The plant block, in Figure 2.1, is the environment that is to be controlled; this is the space 

environment or more specifically, the debris population. In this case, it is neither possible nor 

practical to demonstrate and test the strategy on the real space environment without first 

simulating the process to determine its effectiveness. Therefore, the environment was simulated 

by an existing debris model, in this case, the University of Southampton’s DAMAGE model, 

described in section 2.2. The DAMAGE model incorporates all the major aspects of the debris 

environment, including launch traffic, explosions, collisions, mitigation compliance and solar 

activity, and thus is an excellent model to test the control of the adaptive strategy.  

The predictive model block, in Figure 2.1, is represented by a discrete propagation model, 

entitled the Computational Adaptive Strategy to Control Accurately the Debris Environment 

(CASCADE). This model was developed as part of the work for this thesis. The CASCADE 

model is capable of predicting the long-term LEO debris population, whilst incorporating the 

effects of ADR. CASCADE is described in section 2.3. 

2.1.1 The Adaptive Strategy Method 

The DAMAGE model (simulating the space environment) evolved the LEO space debris 

population from 2009 (𝑡𝑡0) until 2209 (𝑡𝑡𝑒𝑒), with the MASTER 2009-reference population ≥5 cm 

at an epoch of 1 May 2009, serving as the initial DAMAGE population. Where 𝑡𝑡0 is the start 

time of the simulation (1 May 2009), and 𝑡𝑡𝑒𝑒 is the end time of the simulation (1 May 2209). 

Two hundred year simulations were used, to be in line with previous model studies such 

as, the IAA (2010), Liou (2011), Lewis (2012a), and IADC (2013). This allowed a long enough 
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period of time to establish reliable trends in the LEO population, without requiring a long 

computational time to complete each prediction. 

Initially, the objective of the adaptive strategy was to reach a desired debris population, 

𝑁𝑁𝑟𝑟, at the end of the simulation in 2209. For consistency with previous ADR studies, such as 

Lewis, et al. (2009a) and Liou (2011), the objective was to prevent the growth of the size of 

LEO population, for objects either ≥10 or ≥5 cm. This objective remained fixed throughout each 

prediction. The desired debris population was therefore the same as the initial population at 

time, 𝑡𝑡0, such that 

 

𝑁𝑁𝑟𝑟 = 𝑁𝑁(𝑡𝑡0). (2.1) 
 

To control the space debris population (the output of the plant) and achieve this objective, 

ADR was implemented. The input value, �̇�𝑅(𝑡𝑡), was the number of removals, performed by 

ADR, each year. At time 𝑡𝑡, DAMAGE passed the number of objects in LEO, 𝑁𝑁(𝑡𝑡), to 

CASCADE. Initially, CASCADE ran a future prediction from time 𝑡𝑡 (current time) until 𝑡𝑡𝑒𝑒 (1 

May 2209), without any removals, such that 𝑁𝑁𝑝𝑝�𝑡𝑡𝑒𝑒, �̇�𝑅 = 0�, where 𝑁𝑁𝑝𝑝 refers to CASCADE’s 

predicted number of objects. This value was compared with the desired population, 𝑁𝑁𝑟𝑟, to 

calculate the magnitude of the error, 𝑁𝑁ε,  

 

𝑁𝑁ε(𝑡𝑡𝑒𝑒, �̇�𝑅 = 0) = �𝑁𝑁𝑝𝑝�𝑡𝑡𝑒𝑒, �̇�𝑅 = 0� − 𝑁𝑁𝑟𝑟�. (2.2) 
 

To find the optimised value of �̇�𝑅 (�̇�𝑅∗), the cost function 𝐽𝐽 of the MPCer must be 

minimised. The cost function used in the MPCer was 

 

𝐽𝐽 = 𝑤𝑤𝑁𝑁�𝑁𝑁𝑝𝑝�𝑡𝑡𝑒𝑒, �̇�𝑅� − 𝑁𝑁𝑟𝑟�
2

+ 𝑤𝑤𝑟𝑟�̇�𝑅2, (2.3) 

 

where 𝑤𝑤𝑁𝑁 is the weighting coefficient reflecting the relative importance of reaching the desired 

plant output (𝑁𝑁𝑟𝑟) and 𝑤𝑤𝑅𝑅 is the weighting coefficient reflecting the relative importance of 

changing the value of �̇�𝑅. Using Equation (2.2), 𝐽𝐽 was simplified to, 

 

𝐽𝐽 = 𝑤𝑤𝑁𝑁�𝑁𝑁ε(𝑡𝑡𝑒𝑒, �̇�𝑅)�
2

+ 𝑤𝑤𝑅𝑅�̇�𝑅2. (2.4) 
 

It was assumed that 𝑤𝑤𝑅𝑅= 0 and 𝑤𝑤𝑁𝑁= 1, such that the desired objective is the only consideration 

and that the value of the removal rate has no importance compared with the objective. 𝑤𝑤𝑟𝑟 may 

be considered zero as there is no penalty for changing the removal rate in this thesis. Thus, the 

minimum cost function can be shortened to  
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𝐽𝐽 = 𝑁𝑁ε(𝑡𝑡𝑒𝑒, �̇�𝑅), (2.5) 
 

therefore, 

 

𝐽𝐽𝑚𝑚𝑖𝑖𝑚𝑚 = �𝑁𝑁ε�𝑡𝑡𝑒𝑒, �̇�𝑅∗��
𝑚𝑚𝑖𝑖𝑚𝑚

 , (2.6) 
 

where min represents the minimum value. 

To find the optimised value, �̇�𝑅∗, which produces the lowest possible error, CASCADE 

predicted the future population multiple times with different values of �̇�𝑅 to find the minimum 

value of 𝑁𝑁ε. 

To find this root, a bisection method was used. The method was as follows: 

 

1. an interval for �̇�𝑅, ��̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚, �̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚�, was defined between �̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚, a minimum possible 

removal rate, and �̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚, a maxium possible removal rate, such that 

 

𝑁𝑁ε(𝑡𝑡𝑒𝑒, �̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚)  ×  𝑁𝑁ε(𝑡𝑡𝑒𝑒, �̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚) < 0, (2.7) 
 

2. then, the midpoint of �̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚 and �̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚 was calculated 

 

�̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚 =
(�̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚 + �̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚)

2
. (2.8) 

 

For the purpose of the calculation �̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚  may be a discrete value. 

3. A check was performed to determine if this new �̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚  value produced an error that 

was zero 

 

𝑁𝑁ε�𝑡𝑡𝑒𝑒, �̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚�  = 0, (2.9) 
 

if this was true then the process was stopped i.e �̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚 = �̇�𝑅∗.  

4. If this was not true,  

then if 𝑁𝑁ε(𝑡𝑡𝑒𝑒, �̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚) × 𝑁𝑁ε(𝑡𝑡𝑒𝑒, �̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎)< 0 was true, a new interval was defined 

as  

 

�̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚 = �̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎 and �̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚 = �̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚 ,  𝑁𝑁ε(𝑡𝑡𝑒𝑒 , �̇�𝑅𝑚𝑚𝑎𝑎𝑥𝑥) × 𝑁𝑁ε(𝑡𝑡𝑒𝑒 , �̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎)< 0, 
 

(2.10) 
 

if 𝑁𝑁ε(𝑡𝑡𝑒𝑒, �̇�𝑅𝑚𝑚𝑎𝑎𝑥𝑥) × 𝑁𝑁ε(𝑡𝑡𝑒𝑒 , �̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎)<0 is false, then the new interval was 
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�̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚 = �̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚 and �̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚 = �̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎, 𝑁𝑁ε(𝑡𝑡𝑒𝑒, �̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚) × 𝑁𝑁ε(𝑡𝑡𝑒𝑒, �̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎)>0, 
 

(2.11) 
 

5. the previous three steps were repeated an additional five times to find �̇�𝑅∗. 

The initial values of �̇�𝑅𝑚𝑚𝑖𝑖𝑚𝑚 and �̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚 were zero and 50 removals per year respectively. This was 

the only constraint on the optimiser (see Figure 2.1). It was assumed that a maximum of 50 

removals per year was feasible. This assumption is addressed within chapter eight. 

The bisection method was halted when the �̇�𝑅 value was found to the nearest integer that 

produced the smallest magnitude error, 𝑁𝑁ε. This required six iterations. This can be shown by  

 

�̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚
2𝑚𝑚

> 1, 
 

(2.12) 

 

where 𝑥𝑥 is the number of required iterations to achieve the smallest error for a discrete �̇�𝑅 value. 

Substituting �̇�𝑅𝑚𝑚𝑎𝑎𝑚𝑚 for 50, 𝑥𝑥 becomes 5.64, rounded to six iterations. Although the bisection 

method requires more iterations than other root-finding numerical methods, it is stable and will 

always find a root (assuming Equation (2.7) is true). Each prediction took between two and five 

seconds to complete. Therefore, the time taken to complete multiple iterations was negligible 

compared to the total simulation time of each DAMAGE MC run (four hours). 

This removal rate, �̇�𝑅∗, was then implemented in the DAMAGE MC run until 𝑡𝑡 + 𝛥𝛥𝑡𝑡𝐴𝐴𝐴𝐴. 

Where 𝛥𝛥𝑡𝑡𝐴𝐴𝐴𝐴 is the interval between process updates; initially this was set to five years. The 

value of 𝛥𝛥𝑡𝑡𝐴𝐴𝐴𝐴 was investigated in chapter six. 

Other parameters in the DAMAGE simulation, such as launch rate, explosion rate, level 

of mitigation compliance, varied depending upon the study investigated. These values are 

defined in each subsequent chapter where DAMAGE was used. 

2.2 The DAMAGE Model 

The DAMAGE tool is a full orbit propagation, three-dimensional computational model capable 

of predicting the evolution of the full LEO-to-GEO space debris environment. DAMAGE was 

developed by Hugh Lewis at the University of Southampton, starting in 1999 and is 

continuously being updated today.  

DAMAGE is one of a few leading models used at national and international level (Lewis, 

et al., 2007) (IADC, 2013) to inform decision makers on potential guidelines. DAMAGE has 

been previously validated using historic predictions, compared with other available models, and 
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validated its collision algorithm based on an assessment of the collision probability of the 

moons of Jupiter.  

The model is built on a Microsoft Windows application, based on a traditional 

“Document” and “View” architecture, using C++, OpenGL and Microsoft Foundation Classes 

(Lewis, 2011c). Figure 2.3 illustrates the flow diagram of the workings of DAMAGE during 

each time-step. 

 
Figure 2.3 – Flow diagram of the implementation of DAMAGE per time-step (Lewis, 

2011c). 

During each time step collisions are determined. These collisions are predicted using a 

fast, pair-wise collision prediction algorithm, known as Kernel, based on the Cube approach by 

Liou, et al. (2003) adopted in the LEGEND model. The cube size, a variable defined by the 

user, was set at 10 km to determine an estimation for object’s collision probability per time step. 

This made it consistent with previous studies by both DAMAGE and LEGEND, with this cube 

size (Liou, et al., 2004; Liou and Johnson, 2008; Lewis, et al., 2009a; Lewis, et al., 2011a; 

Lewis, et al., 2012a). 

Break-ups occurred when collisions were detected or explosions implemented. The 

NASA standard break-up model (Johnson, et al., 2001) was used to generate fragments, their 

area-to-mass ratios and velocities. These fragments are then added to the current population. 

Catastrophic collisions were determined to have occurred when the specific impact energy 

between two objects exceeded 40 J/g (McKnight, 1993).  

Following this mitigation and remediation are then imposed, including PMD, collision 

avoidance, passivation of objects and ADR. Once completed the new current population is then 

propagated and the process is repeated for each subsequent time-step. The time-step used within 

DAMAGE (𝛥𝛥𝑡𝑡𝐷𝐷), was selected to be five days. Once again, this was in line with previous 

DAMAGE studies and other similar models such as LEGEND (Liou, et al., 2004) and SDM 

39 



 Adaptive Strategy Development and Validation 

(Rossi, et al., 1998). This allowed for a balance between reasonable computational times and 

accuracy of the results.  

DAMAGE is supported by a fast, semi-analytical orbital propagator, which includes 

orbital perturbations due to Earth gravity harmonics, J2, J3, and J2,2, luni-solar gravitational 

perturbations, solar radiation pressure and atmospheric drag. The drag model assumes a 

rotating, oblate atmosphere including upper atmospheric winds (King-Hele, 1978) with density 

and values of density scale height taken from the 1972 Committee on Space Research 

International Reference Atmosphere (CIRA) (Committee on Space Research, 1972). 

DAMAGE uses a MC method to account for the stochastic element of the collision 

detection and other elements within the model. Multiple MC runs (typically in the order of 

hundreds) simulating the space debris environment are used to calculate mean populations, 

numbers of collisions, spatial densities and information about individual objects. DAMAGE can 

perform a 200-year future prediction (non-mitigation case for objects >10 cm) in four hours on 

2.67 GHz Intel Xeon processor (Lewis, 2012a). Consequently, one quad-core computer, can 

perform 100 predictions in less than six days. 

2.2.1 Implementing Active Debris Removal in DAMAGE 

Active debris removal activities started in the year 2020, where it was assumed ADR 

technology had matured and other non-technical challenges have been addressed. This same 

year was selected by (Liou, 2011; Lewis, et al., 2012a) as well as an on-going IADC study (as 

of 2014).  

At the start of every year when ADR was applied, DAMAGE used its collision algorithm, 

based of NASA’s ‘cube’ approach, to determine an estimation of the collision probability of all 

objects. The integration of Equation (1.2) over a relatively short time interval (days), at the start 

of each year after 2020, provided an estimate of the total collision probability of object 𝑖𝑖, 𝑝𝑝𝑖𝑖(𝑡𝑡) 

at time 𝑡𝑡. Then using Equation (1.3) as the target selection criterion, objects with the highest 

mass-collision probability product were removed immediately from the simulation. Equation 

(1.3) was selected, as various numerical simulations have been conducted to validate the 

benefits of using this criterion for efficient control of the future population growth in LEO 

(Liou, 2011). 

In addition, objects with orbital eccentricity >0.5 (e.g. geostationary transfer objects) 

were not included as they only spend a small fraction of time in LEO and consequently, have 

negligible contributions to the LEO collision activities (Liou, 2011). Objects removed were 

intact. Collision and explosion fragments normally have a smaller mass compared with intact 

objects, this coupled with the uncertainty in estimating the mass of individual fragments makes 

it difficult to apply a mass-dependent selection criterion (Liou, 2011). Finally, to simplify the 
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simulation, objects removed were taken out of the simulation instantly; thus, it was assumed the 

objects being removed were deorbited immediately and posed no further collision risk (Lewis, 

et al., 2009b; Liou and Johnson, 2009). 

2.3 The CASCADE Model 

The CASCADE tool is computer model designed to predict the evolution of the debris 

population from 200 up to 2,000 km in altitude. CASCADE is coded in C++ using a structured, 

object-oriented approach and designed to run within the DAMAGE model. 

The model employs a discrete propagation approach and uses a number of non-linear, 

first-order, ordinary differential equations to determine how the debris population evolves. 

Individual objects are not propagated; instead, mean values of objects (such as their size, mass 

or orbital elements) are used to represent all objects. CASCADE simulates launch traffic, 

explosion traffic, collisions, mitigation measures (PMD, passivation) and ADR. 

The number of objects in LEO predicted by CASCADE at time 𝑡𝑡 was 𝑁𝑁𝑝𝑝(𝑡𝑡). This value 

was made up from three debris categories: intact objects, 𝑁𝑁𝑖𝑖(𝑡𝑡), explosion fragments, 𝑁𝑁𝑒𝑒(𝑡𝑡), and 

collision fragments, 𝑁𝑁𝑐𝑐(𝑡𝑡), 

 
𝑑𝑑𝑁𝑁𝑝𝑝
𝑑𝑑𝑡𝑡

=  
𝑑𝑑𝑁𝑁𝑖𝑖
𝑑𝑑𝑡𝑡

+ 
𝑑𝑑𝑁𝑁𝑒𝑒
𝑑𝑑𝑡𝑡

+
𝑑𝑑𝑁𝑁𝑐𝑐
𝑑𝑑𝑡𝑡

, 
 

(2.13) 

 

or 

 

�̇�𝑁𝑝𝑝(𝑡𝑡) =  𝑁𝑁𝚤𝚤̇ (𝑡𝑡) + �̇�𝑁𝑒𝑒(𝑡𝑡) + �̇�𝑁𝑐𝑐(𝑡𝑡). (2.14) 
 

Given 𝑁𝑁𝑖𝑖, 𝑁𝑁𝑒𝑒  and 𝑁𝑁𝑐𝑐 at the start time, 𝑡𝑡0, the differential equation for each category was solved 

for future time-steps numerically using Euler’s method. For example, the number of intact 

objects was calculated by 

 

𝑁𝑁𝑖𝑖(𝑡𝑡 + 𝛥𝛥𝑡𝑡𝐶𝐶) = 𝑁𝑁𝑖𝑖(𝑡𝑡) + 𝑁𝑁𝚤𝚤̇ 𝛥𝛥𝑡𝑡𝐶𝐶, (2.15) 
 

where 𝛥𝛥𝑡𝑡𝐶𝐶 is equal to the time-step used in CASCADE, this was 𝛥𝛥𝑡𝑡𝐶𝐶= 0.0027 years (or 1 day). 

For comparison, one prediction was made with CASCADE using a time-step of 2.7 × 10−8 

years (or 0.001 days). The difference in total number of objects after a 200-year simulation 

between using a time-step of one day and using a 0.001 day time-step was 0.2% (for a scenario 

with five removals per year). 

The LEO region was discretised into nine altitude bands between 200 and 2,000 km in 

steps of 200 km. Objects below 200 km in altitude were not included within the model, as this 
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was the minimum altitude modelled in DAMAGE. Objects below this would decay within one 

time step of the simulation, and would not affect the total size of the LEO population. 

Figure 2.4 illustrates the processes of CASCADE for a particular altitude band. 

 
Figure 2.4 – A flow diagram to demonstrate the processes of CASCADE. 

CASCADE takes the number of LEO debris objects from DAMAGE as its initial population. 

Then ADR is applied, this is done first, as the collision algorithm requires that ADR be 

processed beforehand. Once completed, additional break-up fragments are applied to the 

altitude band. Then launched objects are added, and PMD is applied. Finally, all the objects are 

subjected to atmospheric drag. The process then moves on to the next time step, 𝛥𝛥𝑡𝑡𝐶𝐶, until the 

end of the simulation, 𝑡𝑡𝑒𝑒. 

All objects were considered to have a mean mass and area and drag that depended upon 

their object type (intact, collision or explosion fragment). Individual objects resided in one 

altitude band (i.e. near circular orbits) and can only move to lower altitude bands by decaying, 

performing PMD measures or being removed entirely by ADR. Therefore, to fit within each 

altitude band, the orbits of all objects were considered to be circular or near circular. Thus, an 

object’s semi-major axis was used to determine to which altitude band it belonged. The impacts 

of these assumptions are discussed in chapter eight. 

Equation (2.14) was separated into three separate summations for each altitude band 
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�̇�𝑁𝑝𝑝 =  ��̇�𝑁𝑖𝑖ℎ

9

ℎ=1

+ ��̇�𝑁𝑒𝑒ℎ

9

ℎ=1

 + ��̇�𝑁𝑐𝑐ℎ.
9

ℎ=1

 (2.16) 

 

For clarity, the notation indicating time dependence (𝑡𝑡) has been dropped but this equation does 

consider time. The subscript ℎ represented the altitude band number; ℎ= 1 referring to the 

lowest altitude band (200-400 km) and ℎ= 9 denoting the highest altitude band (1,800-2,000 

km). 

The rate of change of intact objects, �̇�𝑁𝑖𝑖 was 

 

�̇�𝑁𝑖𝑖 = ���̇�𝐿ℎ𝑛𝑛 𝑙𝑙 + �̇�𝐷𝑖𝑖ℎ+1𝑁𝑁𝑖𝑖ℎ+1 − �̇�𝐷𝑖𝑖ℎ𝑁𝑁𝑖𝑖ℎ − �̇�𝐸ℎ − �̇�𝐶ℎ − �̇�𝑃ℎ − �̇�𝑅ℎ�
9

ℎ=1

, (2.17) 

 

where �̇�𝐿ℎ𝑛𝑛𝑙𝑙 was the rate at which intact objects are launched into the altitude band. This was the 

product of the launch rate, �̇�𝐿ℎ, and the number of objects per launch, which was estimated to be 

𝑛𝑛𝑙𝑙= 2. �̇�𝐷𝑖𝑖ℎ+1𝑁𝑁𝑖𝑖ℎ+1 was the rate at which intact objects decay from the next highest altitude 

band, �̇�𝐷𝑖𝑖ℎ+1 was the drag parameter of the higher altitude band. �̇�𝐷𝑖𝑖ℎ𝑁𝑁𝑖𝑖ℎ was the number of 

intact objects that have decayed out of the altitude band. �̇�𝐸ℎ was the rate at which intact objects 

exploded. �̇�𝐶ℎ was the intact object collision rate. �̇�𝑃ℎ was the proportion of intact objects 

complied with PMD. �̇�𝑅ℎ was the rate of intact objects removed by ADR. 

The rate of change of explosion fragments was 

 

�̇�𝑁𝑒𝑒 = ���̇�𝐸ℎ𝑛𝑛𝑒𝑒 + �̇�𝐷𝑒𝑒ℎ+1𝑁𝑁𝑒𝑒ℎ+1 − �̇�𝐷𝑒𝑒ℎ𝑁𝑁𝑒𝑒ℎ − �̇�𝐶ℎ�
9

ℎ=1

, (2.18) 

 

where �̇�𝐸ℎ𝑛𝑛𝑒𝑒 was equal to the number of explosion fragments generated each time-step. This was 

the product of the explosion rate, �̇�𝐸ℎ, and the mean number of explosion fragments generated per 

explosion, 𝑛𝑛𝑒𝑒. 

Finally, the rate of change of collision fragments was 

 

�̇�𝑁𝑐𝑐 = ���̇�𝐶ℎ𝑛𝑛𝑐𝑐 + �̇�𝐷𝑐𝑐ℎ+1𝑁𝑁𝑐𝑐ℎ+1 − �̇�𝐷𝑐𝑐ℎ𝑁𝑁𝑐𝑐ℎ�
9

ℎ=1

, (2.19) 

 

where �̇�𝐶ℎ𝑛𝑛𝑐𝑐 is equal to the of number of collision fragments generated. This was the product of 

the intact object collision rate, �̇�𝐶ℎ, and the mean number of collision fragments generated per 

collision, 𝑛𝑛𝑐𝑐. 
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The Euler method was applied to Equations (2.17), (2.18) and (2.19) to determine the 

number of objects in each object category and within each altitude band, at subsequent time-steps 

in the future. 

2.3.1 Minimum Object Size 

The CASCADE model simulated objects within the LEO population to sizes of either ≥10 cm or 

≥5 cm. These objects are observed (for the most part) in LEO and represent approximately 98% 

of the total mass in orbit (Liou, 2011). Collisions between objects ≥5 cm are more likely to result 

in the generation of a high number of additional fragments. In contrast, collisions involving 

smaller sized objects are less likely to generate a high numbers of fragments that affect the global 

evolution of the debris environment. Limiting the size of objects to 5 cm restricts the number of 

propagated objects to approximately 30,000, allowing reasonable computational times within 

DAMAGE. This addition of objects 5-10 cm was examined, as it had not been published (or even 

investigated) with respect to ADR in any detail before. Furthermore, 5-10 cm sized objects can 

also cause catastrophic break-ups involving larger objects in LEO; it was important to capture as 

many potential catastrophic break-ups that generate a high number of fragments that can globally 

affect the evolution of the debris population (Krisko, 2007). 

2.3.2 Launch Traffic and Post-mission Disposal 

The launch rates, �̇�𝐿ℎ, and orbital positions of intact objects were defined in two ways. The first 

was to use a historic, eight-year launch traffic cycle between 2001 and 2008. The information 

on launch data has come from the Database and Information System Characterising Objects in 

Space (DISCOS) (ESA, 2013). The second, a pre-set fixed launch rate provided by the user. The 

positions of new launches were statistically derived from the initial orbital position of historical 

launches from 1962-2012. 

The number of objects per launch was assumed to be 𝑛𝑛𝑙𝑙= 2. It was expected, in this case, 

that no mission-related debris were included and that one satellite and one rocket body were 

released per launch. 

The PMD compliance rate (number of objects complying with PMD per year), �̇�𝑃, was the 

proportion of objects complying with PMD measures, such that defunct objects would decay 

within 25 years, suggested by the IADC (IADC, 2007). Objects reaching the end of their 

operational life (assumed to be eight years) moved into a lower altitude band and decay within 

25-years of the simulation. As reliable long-term data for objects complying with PMD 

guidelines do not currently exist, the objects complying with PMD are split equally into three 

altitude bands between 200 km up to 800 km. This would suggest that objects would decay 
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within 1 to 28 years. Objects were split equally between these bands so one altitude band would 

not contain an unrealistically high number of objects that will produce a high collision 

probability. The number of objects complying with PMD was 

 

�̇�𝑃ℎ = 𝑘𝑘𝑝𝑝 𝑛𝑛𝑙𝑙 �̇�𝐿 ℎ(𝑡𝑡 − 8), (2.20) 
 

where 𝑘𝑘𝑝𝑝 is the fraction of launched objects that are complying with PMD guidelines. The value 

 𝑛𝑛𝑙𝑙 �̇�𝐿 ℎ(𝑡𝑡 − 8) indicated the number of objects that were launched eight years ago and 

considered inactive. 

2.3.3 Explosion Rate 

Future explosion rates, 𝐸𝐸ℎ̇, were implemented in the same way as launch traffic rates, either by 

repeating a historical eight-year cycle (2001-2008) or by using a constant number of explosions 

per year. The number of fragments generated by each explosion, 𝑛𝑛𝑒𝑒, is reproduced by utilising 

the NASA standard break-up model (Johnson, et al., 2001), such that, 

 

𝑛𝑛𝑒𝑒 = 𝑆𝑆𝑒𝑒6𝐿𝐿𝑐𝑐−1.6. (2.21) 
 

Where 𝐿𝐿𝑐𝑐 is equal to the minimum characteristic length (mean of the three dimensions) of the 

fragments, in this case either 5 or 10 cm, and the scaling factor, 𝑆𝑆𝑒𝑒, is equal to one. The number 

of generated fragments then was 724 for objects ≥5 cm or 239 objects ≥10 cm. It was assumed 

that generated explosion fragments would remain in the same altitude band as the “parent” 

object. 

2.3.4 Collision Algorithm 

The collision rate for each altitude band, Ċℎ, was calculated using, 

 

Ċℎ = 𝑘𝑘1 + 𝑘𝑘2𝐼𝐼ℎ + k3𝐼𝐼ℎ
2. (2.22) 

 

The collision coefficients 𝑘𝑘1 through 𝑘𝑘3 are required to scale the collision rate. 𝐼𝐼ℎ accounted for 

all the possible interactions between the three object types (intact-intact, collision frag-collision 

frag, explosion frag-explosion frag, intact-collision fragment, intact-explosion frag, explosion 

frag-collision frag ). This was 

 

𝐼𝐼ℎ = 𝑁𝑁𝑖𝑖ℎ
2 + 𝑁𝑁𝑒𝑒ℎ

2 + 𝑁𝑁𝑐𝑐ℎ
2 + 𝑁𝑁𝑖𝑖ℎ�𝑁𝑁𝑒𝑒ℎ + 𝑁𝑁𝑐𝑐ℎ� + 𝑁𝑁𝑒𝑒ℎ𝑁𝑁𝑐𝑐ℎ. (2.23) 
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This algorithm was a derivative of the FADE (Lewis, et al., 2009b) and Talent (1992) 

approaches.  

To determine these collision coefficients, seven studies were performed using DAMAGE, 

with 50 MC runs, each 200 years from 2009, with ADR rates of zero, one, three, five, 10, 20 

and 50 objects per year. Included within these studies were widespread mitigation compliance 

(90% compliance with a 25-year PMD rule, no explosions) and launch traffic based on a 

repeated eight-year cycle (2001-2008). The population of objects was limited to ≥5 cm in size. 

The ADR target selection criterion used by DAMAGE, 𝑇𝑇𝑖𝑖(𝑡𝑡), was the same as in Equation (1.3). 

The collision coefficients were determined to be 𝑘𝑘1= 0, 𝑘𝑘2 = 3.8 × 10-7 and 𝑘𝑘3= 1.2 × 10-1. 

These values are shown in Section 2.4.4.  

To reproduce an estimate of the number of fragments generated by each collision the 

NASA standard break-up model was utilised 

 

𝑛𝑛𝑐𝑐 = 0.2𝑚𝑚𝑎𝑎𝑎𝑎𝑎𝑎
0.75𝐿𝐿𝑐𝑐−1.71, (2.24) 

 

where 𝑛𝑛𝑐𝑐 is the number of collision fragments, 𝑚𝑚𝑎𝑎𝑎𝑎𝑎𝑎 is equal to the mean mass of all objects 

≥10 or ≥5 cm in size. Taking the mean mass of two objects ≥10 cm to be 362 kg and 251 kg for 

objects ≥5 cm, the number of collision fragments was 426 for objects ≥10 cm and 1,058 for 

objects ≥5 cm. 

2.3.5 Active Debris Removal 

Due to all objects in the same altitude band having equal collision probability in Equation 

(2.23); removing a few objects in the model will give only a small reduction in total collision 

probability. In reality, individual objects will have different collision probabilities. According to 

Equation (1.3), only objects with a high collision probability will be selected for removal. 

To simulate the effect of ADR, a new term was implemented into the collision algorithm, 

−kr(�̇�𝑅), where kr(�̇�𝑅) is an ADR collision coefficient, which is a function of the removal rate �̇�𝑅. 

This takes into account the reduction in collision probability for objects in the altitude band 

when the “high-risk” object has been removed. The collision rate was then 

 

𝐶𝐶ℎ̇ = 𝑘𝑘1 + 𝑘𝑘2𝐼𝐼ℎ + 𝑘𝑘3𝐼𝐼ℎ2 - 𝑘𝑘r��̇�𝑅ℎ�. (2.25) 
 

The altitude band with the highest total collision probability was selected for ADR. 

The ADR collision coefficient, kr, represents the total collision rate of the objects being 

removed from orbit. To determine the equation for 𝑘𝑘r, the results of the same seven DAMAGE 

studies were used (that determined the collision coefficients in section 2.5.4). Figure 2.5 shows 
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the mean reduction of the collision probability over 200 years for each object removed for the 

scenarios with five (ADR5), 10 (ADR10), 20 (ADR20) and 50 (ADR50) as a function of the 

highest ranked object based on Equation (1.3). 

 
Figure 2.5 – A comparison the mean collision probability of each object removed in a 

variety of DAMAGE scenarios. 

The collision probability of each object removed varied depending upon the removal rate. For a 

scenario with a high number of removals (such as ADR20 or ADR50), the collision probability 

of each object was lower because the total collision probability in the environment was lower 

due to removing more objects in total.  

To find the ADR collision coefficient, the mean reduction in collision probability of these 

scenarios (all the lines in Figure 2.5) was calculated to estimate a yearly reduction in collision 

probability; this is shown in Figure 2.6. 
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Figure 2.6 – The mean reduction in collision probability as a function of yearly removal 

rate. 

The black data points show the mean of ADR5, ADR10, ADR20 and ADR50 values after each 

removal. After statistical analysis, the fitted curve with the greatest coefficient of determination, 

𝑟𝑟2, and lowest root-mean-square error (RMSE), was the power curve,  

 

∇𝑇𝑇𝑖𝑖 = 0.24�̇�𝑅−1.94. (2.26) 
 

Where ∇𝑇𝑇𝑖𝑖 represents the reduction in collision probability for each scenario within DAMAGE. 

The 𝑟𝑟2 value was 0.95 and the RMSE was 0.009. It is important to note that Equation (2.26) 

works only within the study parameters and dimensions used.  

However, this power law curve starts to become less accurate below five removals per 

year and above 20 removals per year. As a result, the ADR collision coefficient was modified to 

fit the data. Thus the ADR collision coefficient, 𝑘𝑘r, was 

 

𝑘𝑘r =

⎩
⎪
⎪
⎨

⎪
⎪
⎧

  

  
0,                                          �̇�𝑅 = 0
0.049,                                  �̇�𝑅 = 1
0.027,                                  �̇�𝑅 = 2
0.020,                                  �̇�𝑅 = 3
0.017,                                  �̇�𝑅 = 4

0.24�̇�𝑅−1.94,                 5 ≤ �̇�𝑅 ≤ 20
0.0003,                                �̇�𝑅 > 20

. 

 

(2.27) 
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Finally, the ADR collision coefficient as a function of removal rate (Equation (2.27)) is shown 

in Figure 2.7. 

 
Figure 2.7 – The ADR collision coefficient as a function of removal rate. 

Whilst making up part of the method for CASCADE, Equation (2.27) is also an important 

result; as it provides an empirical expression for the effectiveness of ADR using the target 

selection criterion in Equation (1.3).  

It was assumed that during each ADR mission there would be no rocket body or mission-

related objects released into the environment. Thus, no additional objects were added within 

CASCADE. This is consistent with current ADR modelling and technical studies (Phipps and 

Campbell, 2009; IAA, 2010; Liou, 2011; Lewis et al, 2012a). These studies have also suggested 

no additional objects were left in orbit, as this would be a violation of current established 

mitigation measures. Whilst rocket bodies may conform to the “25-year rule”, it was presumed 

in this case, for simplicity, they would de-orbit immediately. 

2.3.6 Atmospheric Drag 

Drag is the only perturbation included in the CASCADE model. Other perturbations, such as 

solar radiation pressure, Earth oblateness or third body gravitational effects (Sun and Moon) are 

not included. 

The drag parameter represents the number of objects decaying from a particular altitude 

band per year, for intact (�̇�𝐷𝑖𝑖ℎ), explosion (�̇�𝐷𝑒𝑒ℎ) and collision (�̇�𝐷𝑐𝑐ℎ) fragments.  
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The mean drag force (𝐹𝐹𝐷𝐷ℎ) per altitude band, experienced by each object is 

 

𝐹𝐹𝐷𝐷ℎ =  
1
2

 𝜌𝜌ℎ𝐶𝐶𝐷𝐷𝐴𝐴𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎ℎ
2. (2.28) 

 

Where 𝜌𝜌 is the atmospheric density (kg m-3), 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 is the velocity vector (m s-1) on a circular 

orbit relative to the atmosphere, 𝐶𝐶𝐷𝐷 is the drag coefficient of an object assumed to be 2.2 and 

𝐴𝐴𝑎𝑎𝑎𝑎𝑎𝑎 is the mean cross-sectional area perpendicular to the direction of motion for objects ≥5 or 

≥10 cm in size for intact, collision and explosion fragments. 

The mean orbital velocity, 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎ℎ, was calculated by assuming a circular orbit in the 

centre of each altitude band, such that 

 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎ℎ = �
µ𝐸𝐸
𝑎𝑎

, (2.29) 

 

where µ𝐸𝐸 is the standard gravitational parameter of Earth (km3 s−2) and 𝑎𝑎 is the semi-major axis 

of the object’s orbit (km). This gives the mean orbital velocity of all objects in each altitude 

band (assuming a circular orbit). 

The atmospheric density, 𝜌𝜌ℎ, was derived using the CIRA-72 reference atmosphere 

(Committee on Space Research, 1972) taken from the middle of the altitude band, atmospheric 

rotation and winds were ignored. A low level of solar and geomagnetic activity was assumed 

when calculating the atmospheric density (explained below). Although the drag coefficient may 

vary over altitude and shape of the object, it was considered fixed at 2.2, as this was appropriate 

for a sphere or rotating cylinder (King-Hele, 1978).  

Assuming that the change in semi-major axis produced by drag is small over one orbit, 

King-Hele (1978) calculated, to first order, the change in semi-major axis, 𝑎𝑎, as a function of 

time, 

 

𝑑𝑑𝑎𝑎
𝑑𝑑𝑡𝑡

≈ −�µ𝐸𝐸𝑎𝑎𝜌𝜌�
𝐶𝐶𝐷𝐷𝐴𝐴𝑎𝑎𝑎𝑎𝑎𝑎
𝑚𝑚𝑎𝑎𝑎𝑎𝑎𝑎

� , 

 

(2.30) 

 

where 𝑚𝑚𝑎𝑎𝑎𝑎𝑎𝑎 is equal to the mean object mass and �
𝐶𝐶𝐷𝐷𝐴𝐴𝑎𝑎𝑎𝑎𝑎𝑎
𝑚𝑚𝑎𝑎𝑎𝑎𝑎𝑎

� is the ballistic coefficient.  

This equation was integrated, as a function of time, in order to calculate the time taken for 

a mean object (for all three debris categories) to decay by 200 km, from the centre of one 

altitude band to the centre of the next lower altitude band. Assuming all objects were distributed 

uniformly in altitude within each altitude band, a rate was calculated equal to the proportion of 
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objects within each altitude band that decayed per year. This rate was the general drag 

parameter of each altitude band for each object type.  

Table 2.2 shows the general drag parameters for intact, explosion and collision objects for 

objects ≥10 and ≥5 cm (in brackets). 

Table 2.2 – General drag parameters, implemented in CASCADE, for intact objects, 

explosion and collision fragments of objects ≥10 cm. Values in brackets show the drag 

parameters for objects ≥5 cm. 

Altitude 

number 

[𝒉𝒉] 

Altitude 

(km) 

Intact object drag 

parameter 

[#/year] 

Explosion 

fragment drag 

parameter 

 

Collision fragment 

drag parameter 

[#/year] 

1 200-400 0.85 (0.87) 0.86 (0.89) 0.86 (0.89) 
2 400-600 0.0045 (0.0050) 0.0055 (0.0062) 0.017 (0.021) 
3 600-800 0.0015 (0.0021) 0.0021 (0.0028) 0.0052 (0.0085) 
4 800-1,000 0.0014 (0.0020) 0.0016 (0.0024) 0.0054 (0.0082) 
5 1,000-1,200 0.0010 (0.0015) 0.00079 (0.00092) 0.0035 (0.0058) 
6 1,200-1,400 0.00092 (0.0011) 0.00056 (0.00073) 0.0012 (0.0035) 
7 1,400-1,600 0.00073 (0.00095) 0.00043 (0.00061) 0.00076 (0.0014) 
8 1,600-1,800 0.00059 (0.00085) 0.00021 (0.00041) 0.00056 (0.00097) 
9 1,800-2,000 0.00053 (0.00079) 0.00019 (0.00030) 0.00021 (0.00033) 

 

A scaling factor 𝑆𝑆𝑐𝑐(𝑡𝑡) was used to replicate the effect of the solar radio flux in the 10.7 cm 

wavelength region (F10.7) on the atmospheric density. Solar irradiance, especially at ultraviolet 

wavelengths, is the key driver of the density change in the thermosphere.  

The F10.7 values were derived from the mean of the last four complete solar cycles. These 

data were acquired from the National Oceanic and Atmospheric Administration National 

Geophysical Data Centre (2014). Initially the CIRA-1972 atmospheric density value was 

calculated with low levels of solar activity (𝐹𝐹10.7 = 65 W m-2 Hz-1) and geomagnetic activity  

(𝐴𝐴𝑝𝑝= 0 T). 

The yearly values of 𝑆𝑆𝑐𝑐(𝑡𝑡) for one complete solar cycle (assuming each cycle was 11-years) 

are shown in Table 2.3. The appropriate scaling factor was multiplied by the values in Table 2.2 

to give the correct drag parameter for each year. The values in Table 2.3 were repeated throughout 

each prediction. 

Table 2.3 – Yearly values of the scaling factor replicating the effect of solar activity over a 

solar cycle. 

Parameter 
Years After 2009 

0 1  2 3 4 5 6 7 8 9 10 
𝑆𝑆𝑐𝑐(𝑡𝑡) 1.00 1.00 1.07 1.42 1.69 1.78 1.70 1.52 1.30 1.11 1.03 
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It was assumed that the drag coefficient remained fixed at 2.2 for each debris category 

and each altitude band. King Hele (1978) estimated that for first order and altitudes above 200 

km (where the satellite experiences free-molecule flow) for 𝑒𝑒 < 0.8, a drag coefficient of 2.2 is 

a reasonable assumption. However, this value varies depending upon the objects shape, size, 

altitude and atmospheric properties and density (driven predominately by solar activity). For 

example, in periods where solar activity is higher the upper atmospheric concentration (above 

200 km) consists predominately of helium (Klinkrad & Fritsche, 1998), which increases the 

value of 𝐶𝐶𝐷𝐷 by upwards of a factor of two, compared with low solar activity (where the upper 

atmosphere contains more atomic oxygen (Klinkrad & Fritsche, 1998)). To some extent this 

difference is taken into account with the scaling factor, 𝑆𝑆𝑐𝑐(𝑡𝑡).  

Altitude also effects the 𝐶𝐶𝐷𝐷 value, predominately due to the gas-surface interaction of the 

modules on an object (Moe & Moe, 2005) and atmospheric composition. At higher altitudes 

(above 500 km) the amount of atomic oxygen adsorbed on satellite surfaces decreases thereby 

reducing the Cd value (Moe & Moe, 2005) by upwards of 30%. 

Whilst work defining the 𝐶𝐶𝐷𝐷 has been investigated since the early 1960’s it remains a 

source of error today (Vallado & Finkleman, 2014). Typically, more accurate 𝐶𝐶𝐷𝐷 values are 

obtained by direct measurements of specific decaying objects, as the Cd is unique to each 

object. Given this, the Cd in this case (and in other computational models such as DAMAGE 

(Lewis et al., 2001), Legend (Liou et al., 2004) and Delta (Walker et al., 2001)) remained fixed 

at 2.2 throughout the simulation. 

2.4 CASCADE Validation 

Two approaches were used to validate the CASCADE model: a hindcast simulation, comparing 

the observed historical evolution of space debris with a historical CASCADE simulation and the 

second, comparing different future CASCADE predictions with DAMAGE and other available 

computational model predictions. 

2.4.1 Comparison with the Historic Evolution of Space Debris 

The historic evolution of catalogued objects in orbit ≥10 cm from 1957 is documented by the 

SSN. Using these data, a historical hindcast prediction was made by CASCADE. CASCADE 

simulated the object population from 1957 to 2009, with the known launch traffic, explosion 

and collision events of this period. These data were acquired from DISCOS (ESA, 2013). 

Figure 2.8 illustrates the comparison of the total number of objects in LEO between the 

CASCADE prediction (grey dotted line) and the measured catalogue evolution (solid black 
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line). CASCADE’s prediction compared with the SSN data with a 𝑟𝑟2 value of 0.99 and an 

RMSE of 0.0012 objects2. 

 
Figure 2.8 – A comparison of the historic evolution of space debris ≥10 cm (solid black 

line) and the predicted evolution by CASCADE (grey dotted line). 

Figure 2.9 compares the measured spatial density of catalogued debris ≥10 cm on 1 May 2009 

(solid black line) as a function of altitude with CASCADE (grey dotted line). The 𝑟𝑟2 was 0.97 

and RMSE was 0.0031 objects2. 

 
Figure 2.9 – A comparison of the 2009 space debris spatial density distribution (black line) 

and the predicted distribution by CASCADE (grey dotted line). Bin size equal to 200 km. 
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Both sets of data were in agreement with each other, suggesting that the sources and sinks 

of debris (launches and break-up events) have been modelled correctly. There are short periods 

where CASCADE predicted fewer objects. This has been when collisions or explosions have 

occurred that have generated a high number of fragments. In contrast, fragments generated in 

CASCADE were based on the mean mass of intact objects, collisions and explosions. Thus, 

CASCADE was unlikely to match individual break-up events involving various masses.  

In these two figures, individual explosions and collisions were inputted manually to the 

correct date and altitude band, reflecting the true historic events. Figure 2.10, on the other hand 

shows the CASCADE prediction when using its collision algorithm and statistical data to 

generate the number and position of explosions and collisions.  

 
Figure 2.10 – A comparison of the historic evolution of space debris ≥10 cm (solid black 

line) and the predicted evolution by CASCADE (grey dotted line). 

A smoother linear curve appears with a R2 correlation coefficient of 0.95 and an RMSE 

of 0.072 objects2.  Whilst the prediction does not fit the data as well as Figure 2.8 it is still 

reassuringly accurate; however, specific events such as the Cosmos-Iridium collision and 

Fengyun-1C satellite incident were not foreseen by CASCADE. 

2.4.2 Comparison with DAMAGE and other Model Results 

CASCADE was compared with 10 future scenarios modelled in DAMAGE. These scenarios 

were split into three categories described in Table 2.4. 
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Table 2.4 – Description of scenarios used to compare DAMAGE and CASCADE. 

Scenario Description  

Business-as-usual (BAU) No mitigation measures or ADR was used. 

Eight-year explosion cycle 

Optimistic mitigation (OM)  No explosions occurred, PMD compliance 

with the 25-year rule was set to 90% 

Removal scenarios (ADR3, ADR5, 

ADR10, ADR15, ADR20, ADR40, 

ADR50)  

Same as OM scenario with three, five, 10, 15, 

20, 40 and 50 removals per year 

 

The BAU and OM scenarios used a debris population ≥10 cm in size, whilst the removal 

scenarios used both a population of ≥5 cm and ≥10 cm in size. All scenarios used an eight-year 

launch cycle between 2001 and 2008, and were based on 100 MC runs.  

These scenarios demonstrate a likely worst-case (BAU) and best-case (ADR50). Table 

2.5 shows the mean difference over 200 years for a variety of parameters between CASCADE 

and DAMAGE for each scenario. 

Table 2.5 – Summary comparison between the mean differences in ≥10 cm object’s long-

term predictions made by CASCADE and DAMAGE over 200 years. 

Scenario 

Mean 

difference in 

the total LEO 

population  

(%) 

Mean 

difference in 

numbers of 

intact 

objects  

(%) 

Mean 

difference in 

numbers of 

explosion 

fragments 

(%) 

Mean 

difference in 

numbers of 

collision 

fragments 

(%) 

Mean 

difference in 

numbers of 

total number 

of collisions 

(%) 
BAU 5.5 2.1 1.3 7.1 8.3 
OM 3.6 2.3 1.3 6.5 7.6 
ADR1 4.9 3.8 2.7 8.9 6.5 
ADR3 5.8 3.7 2.7 9.3 6.8 
ADR5 5.2 3.6 2.7 8.6 6.3 
ADR10 4.8 3.5 2.7 8.5 6.1 
ADR15 4.6 3.6 2.7 8.6 6.7 
ADR20 4.5 3.5 2.7 8.4 5,2 
ADR40 4.9 3.4 2.7 8.4 6.9 
ADR50 4.5 3.4 2.7 8.3 6.2 
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Table 2.6 shows the 𝑟𝑟2 and RMSE values between CASCADE and DAMAGE for each 

scenario. 

Table 2.6 – Statistics for different ADR scenarios calculated for the mean DAMAGE and 

CASCADE ≥10 cm populations at the 1 May 2209 epoch. 

Scenario 
Coefficient of determination Root-mean-squared-error 

(number of objects2) 

Total Intacts Explosion 
frags. 

Collision 
frags. Total Intacts Explosion 

frags. 
Collision 
frags. 

BAU 0.94 0.98 0.97 0.94 453 51 442 40 
OM 0.97 0.98 0.98 0.97 129 21 18 54 
ADR1 0.96 0.98 0.98 0.96 197 41 30 134 
ADR3 0.96 0.97 0.98 0.96 175 39 29 185 
ADR5 0.95 0.97 0.98 0.95 203 45 33 212 
ADR10 0.94 0.96 0.98 0.94 215 47 32 177 
ADR15 0.96 0.96 0.98 0.93 201 53 30 197 
ADR20 0.96 0.96 0.98 0.93 197 56 31 237 
ADR40 0.95 0.96 0.98 0.93 189 56 30 221 
ADR50 0.96 0.95 0.98 0.92 192 64 30 216 

 

Figure 2.11 shows the mean population results for the BAU scenario separated by object type 

predicted by DAMAGE (black lines) and CACADE (grey lines). 

 
Figure 2.11 – A comparison of the number of objects between DAMAGE and CASCADE, 

separated by object type for the BAU scenario. 
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The minor underestimation of objects for the first 100 years made by CASCADE occurs 

because a lower number of collision fragments are being generated. This is because CASCADE 

was predicting fewer collisions (52) in the first 100 years compared with DAMAGE (58). 

However, after 200 years the total number of collisions is approximately equal with 223 for 

CASCADE and 224 for DAMAGE.  

The mean populations for the OM scenario are shown in Figure 2.12.  

 
Figure 2.12 – A comparison of the number of objects between DAMAGE and CASCADE, 

separated by object type for the OM scenario. 

For comparison, CASCADE’s results were compared to an IADC study (IADC, 2013), which 

shared the same study conditions. Six international debris models were used for the IADC 

study, their results are summarised in Table 2.7.  

Table 2.7 – Model prediction results for an IADC study (IADC, 2013). Where UKSA 

stands for United Kingdom Space Agency.  

Agency/model ASI ESA  ISRO  JAXA  NASA  UKSA CASCADE 
Mean change in 
population after 
200 years [%] 

29 22 19 36 33 33 32 

 

Figure 2.13 and Figure 2.14 illustrate the ≥5 cm LEO debris population for the ADR 

scenarios predicted by CASCADE and DAMAGE respectively. 
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Figure 2.13 – CASCADE predictions of the total number of objects ≥5 cm for each 

removal scenario. 

 
Figure 2.14 – DAMAGE predictions of the total number of objects ≥10 cm for ADR0, 

ADR3, ADR5 and ADR10 scenarios. 

2.4.3 Comparing Intact Objects and Explosion Fragments 

Figure 2.15 compares four separate CASCADE scenarios with the same simulation conditions 

as DAMAGE. Details of each scenario are shown on the figure. The launch cycle used derived 
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from the launch rates between 2001 and 2008 using ESA’s DISCOS database (ESA, 2013). 

Post-mission disposal was implemented with a 25-year rule. 

 
Figure 2.15 – A comparison of the number of intact objects between DAMAGE and 

CASCADE in a variety of scenarios. 

The 𝑟𝑟2 values for each scenario from the largest population to the smallest were 0.99, 0.87, 0.96 

and 0.99. The RMSE values were 19, 10, 13 and 11 objects2 respectively. 

Figure 2.16 shows the explosion fragments for the repetition of an eight-year explosion 

cycle (2001 and 2008) and a case with no explosions. 

 
Figure 2.16 – A comparison of the number of explosion fragments predicted by DAMAGE 

and CASCADE under a variety of scenarios. 
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The explosion cycle scenario had a 𝑟𝑟2 of 0.97 and RMSE of 2921 objects2, whereas the 

no explosion cycle had a 𝑟𝑟2 0.99 and RMSE of 59 objects2. 

2.4.4 Comparing Collision Algorithms 

Two other collision algorithms previously developed for use with discrete propagation models 

were compared with the algorithm developed for CASCADE. The first, developed by Talent 

(1992) used the kinetic theory of ideal gases to calculate the collision probability of randomly 

moving debris particles in a volume. The rate at which collisions occur is, 

 

Ċ = 𝑘𝑘1  ×  (𝐹𝐹𝑎𝑎) �
�√2𝑉𝑉𝑎𝑎𝑎𝑎𝑎𝑎� 𝐹𝐹12

(4/3)�𝑅𝑅𝑡𝑡3 − 𝑅𝑅𝑏𝑏3�
� �

1− 1/𝑁𝑁𝑡𝑡  
2

� ×  𝑁𝑁𝑡𝑡 . (2.31) 

 

Where 𝑘𝑘1= 3.4 × 104 is the collision factor, 𝐹𝐹𝑎𝑎 = 0.55 is the incomplete mixing factor, 𝑉𝑉𝑎𝑎𝑎𝑎𝑎𝑎 is 

the orbital velocity at the middle of the altitude band, 𝐹𝐹1 = 0.63 and is a fraction of the mean 

number of objects per launch meeting membership conditions. 𝑅𝑅𝑡𝑡 is radius of the top of LEO 

band from Earth’s centre, 𝑅𝑅𝑏𝑏 is radius of the bottom of LEO band from Earth’s centre and 𝑁𝑁𝑡𝑡  is 

the number of objects in orbit. 

The second algorithm was developed by Lewis, et al. (2009b) for the FADE model. This 

approach, formed the initial basis for CASCADE’s algorithm, this rate is 

 

Ċ = �𝑘𝑘1 + 𝑘𝑘2𝑁𝑁𝑡𝑡  +  𝑘𝑘3𝑁𝑁𝑡𝑡2,  𝑁𝑁𝑡𝑡 < 𝑁𝑁𝑘𝑘
𝑘𝑘4 + 𝑘𝑘5𝑁𝑁𝑡𝑡  + 𝑘𝑘6𝑁𝑁𝑡𝑡2,  𝑁𝑁𝑡𝑡 ≥ 𝑁𝑁𝑘𝑘

. (2.32) 

 

Where 𝑘𝑘1= 0, 𝑘𝑘2 = 4.0 × 10−7, 𝑘𝑘3 = 7.0 × 10−10, 𝑘𝑘4 = 0.025, 𝑘𝑘5 = 1.8 × 10−5, 𝑘𝑘6= 4.0 ×

10−9, 𝑁𝑁𝑘𝑘 is a threshold number of objects used to separate differing rates of deposition by 

collision activity and was 3,500 (Lewis, et al., 2009b).  

Figure 2.17 and Figure 2.18 show a comparison of each collision algorithm and the mean 

results from the OM study. 
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Figure 2.17 – Comparison of collision algorithm results with the mean DAMAGE results 

of 50 MC runs. Graph shows the cumulative predicted number of collisions over 200 

years. 

 

Figure 2.18 – Comparison of collision algorithm results with the mean results of a 50 MC 

run DAMAGE study. Graph shows the number of collision fragments generated 

throughout a 200-year simulation. 
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Table 2.8 shows the 𝑟𝑟2 and RMSE statistics for the different collision algorithms with respect to 

DAMAGE. 

Table 2.8 – Statistics for different collision algorithms compared with DAMAGE results 

over 200 years. 

 Collision fragments Number of collisions 

 CASCADE FADE Talent CASCADE FADE Talent 
𝒓𝒓𝟐𝟐 0.99 0.98 0.96 0.99 0.98 0.97 
RMSE (objects2) 112 142 154 0.05 0.09 0.15 

 

The algorithm in CASCADE had lowest RMSE value and highest 𝑟𝑟2 value. 

2.5 Other Approaches to Calculate the Removal Rate 

To demonstrate the effectiveness of the MPC approach, CASCADE was compared with other 

methods that calculated the removal rate based only on the measurement of the current number 

of objects in LEO at specific time internals. These methods used the gradient of the number of 

objects as a function of time, i.e. 𝑚𝑚𝑁𝑁
𝑚𝑚𝑡𝑡

 or ∇𝑁𝑁(𝑡𝑡), to determine and control the removal rate. These 

gradient methods followed a simplistic way of controlling the environment that represented the 

basic control feedback loop, as shown in Figure 1.5.  

These gradient methods estimated the increase or decrease of the total number of objects 

≥10 cm, ∇𝑁𝑁(𝑡𝑡), between the start of the simulation, 𝑡𝑡0, and the current simulation time, 𝑡𝑡. This 

was 

 

∇𝑁𝑁(𝑡𝑡) =
𝑁𝑁(𝑡𝑡) −𝑁𝑁(𝑡𝑡0)

(𝑡𝑡 − 𝑡𝑡0) . (2.33) 

 

At the start of each year, after 2020, this equation was applied. Three different variations were 

developed in order to identify an ADR rate based on Equation (2.33): a weak gradient method 

(WG), strong gradient method (SG), and advanced gradient method (AG). 

The WG method started with five removals per year at 2020. After each subsequent year, 

the gradient was measured as in Equation (2.33). If the gradient was positive (i.e. the number of 

objects had increased), the number of removals was increased by one. However, if the gradient 

were negative, the removal rate was decreased by one. As such, the removal rate was calculated 

as 
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�̇�𝑅(𝑡𝑡) = �
 �̇�𝑅(𝑡𝑡 − 1) + 1, ∇𝑁𝑁(𝑡𝑡) > 0 
�̇�𝑅(𝑡𝑡 − 1) − 1, ∇𝑁𝑁(𝑡𝑡) < 0
�̇�𝑅(𝑡𝑡 − 1),                 ∇𝑁𝑁(𝑡𝑡) = 0

, (2.34) 

 

where �̇�𝑅(𝑡𝑡 − 1) refers to the removal rate in the previous year. 

The SG method modifies the removal rate by two objects per year instead of one. 

Beginning at 2020 with six removals the removal rate is then calculated every year by 

 

�̇�𝑅(𝑡𝑡) = �
 �̇�𝑅(𝑡𝑡 − 1) + 2, ∇𝑁𝑁(𝑡𝑡) > 0 
�̇�𝑅(𝑡𝑡 − 1) − 2, ∇𝑁𝑁(𝑡𝑡) < 0
�̇�𝑅(𝑡𝑡 − 1),                 ∇𝑁𝑁(𝑡𝑡) = 0

. (2.35) 

 

The removal rates of the WG and SG methods were constrained between zero and 50 removals 

per year (0 ≤ �̇�𝑅(𝑡𝑡) ≤ 50).  

Finally, the AG method estimated the required removal rate based on the gradient at the 

current time 𝑡𝑡 divided by a constant, 𝑘𝑘𝐴𝐴𝐴𝐴, 

 

�̇�𝑅(𝑡𝑡) = int�
∇𝑁𝑁(𝑡𝑡)
𝑘𝑘𝐴𝐴𝐺𝐺

�. (2.36) 

 

Where 𝑘𝑘𝐴𝐴𝐴𝐴  is a constant and int refers to integer value. The calculated value of 𝑅𝑅(𝑡𝑡) was 

rounded to the nearest interger. To calculate the 𝑘𝑘𝐴𝐴𝐴𝐴  an effective reduction factor (ERF) was 

used. The ERF, first used by Liou and Johnson (2009), defined as the number of debris objects 

reduced in the environment over a period 𝑡𝑡 using ADR, divided by the total number of removed 

objects, 

 

𝐸𝐸𝑅𝑅𝐹𝐹 =
𝑁𝑁𝑎𝑎 −  𝑁𝑁𝑏𝑏

𝑁𝑁𝑅𝑅
. (2.37) 

 

Where 𝑁𝑁𝑎𝑎 is the total number of objects ≥ 10 cm or ≥ 5 cm at the end of a scenario with no 

ADR (ADR0), 𝑁𝑁𝑏𝑏 is the total number of objects ≥ 10 cm or ≥ 5 cm at the end of an ADR 

scenario, and 𝑁𝑁𝑅𝑅  is the total number of objects removed in the ADR scenario. The ERF was 

measured as the end of each DAMAGE MC run. 

The ERF, based on results from Liou and Johnson (2009), for a scenario with ADR 

starting in 2020 and using five removals per year, was 30, thus, 𝑘𝑘𝐴𝐴𝐴𝐴  = 30. Although lower ERF 

values between five and 10 for DAMAGE have been found (Lewis, et al., 2012a), the value of 

30 gave reasonable values of ADR rates (between zero and 20) per year, whereas lower ERF 

values gave much higher removal rates (between zero and 60).  
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The calculated removal rate was rounded up to the nearest integer and the maximum 

removal rate was capped at 50 removals per year.  

2.5.1 Results of Other Approaches  

A 100 MC study was performed to compare the adaptive strategy (AS) with the WG, SG and 

AG methods and a baseline case of three removals per year (ADR3). Table 2.9 shows a 

summary description of the set-up for the study. For a more comprehensive description of the 

method for this study refer to Chapter four.  

Table 2.9 – Description of the set-up for a study to compare various methods to calculate a 

removal rate that would prevent the net growth of the ≥10 cm debris population. 

Parameter Description 
Projection period 1 May 2009 - 1 May 2209 

Desired objective  LEO debris population ≥10 cm at the 1 May 2009 epoch 

Initial population  MASTER population ≥10 cm residing in or crossing the LEO 

protected region on 1 May 2009 

Launch traffic Repeated eight-year (2001-2009) launch traffic  

Explosions  No explosions 

PMD  Satellites and rocket bodies were moved immediately to orbits 

that decay within 25 years with a 90% success rate 

ADR start time and 

target selection criteria  

ADR started in 1 Jan 2020. Objects with the greatest mass-

collision product were removed first 

 

Table 2.10 shows a summary of the results for these three scenarios. Both the SG and AG 

did not maintain the size of the population in many MC runs (20 and 36 respectively) despite 

both having higher mean removal rates (5.6 and 4.2) than the AS. The AG on the other hand, 

prevented growth in the population in over half the MC runs but again required 81% more 

removals than the AS. 

As such, none of these three scenarios were either efficient or reliable at preventing the 

total number of objects growing after 200 years. In fact, all three gave lower ERF values than 

removing a fixed number of objects (ADR3), and fewer MC runs below the initial population. A 

more intelligent approach, taking into account both the current and predicted debris population 

is required as demonstrated by CASCADE. 
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Table 2.10 – Summary of results for each gradient scenario compared with the adaptive 

strategy. Values in brackets show one standard deviation from the mean. 

Scenario 

Mean LEO 

population 

≥10 cm after 

200 years 

Number of MC 

run’s populations 

below the initial 

population 

Mean total 

number of 

collisions 

Mean 

removal rate 

[#/year] 

Mean 

ERF 

AS 16,240 (1,720) 88 43.2 (5.9) 3.1 (1.2) 7.2 
WG 19,014 (3,432) 20 55.8 (13.4) 4.8 (2.3) 1.6 
SG 15,460 (4,832) 54 44.3 (15.8) 5.6 (2.2) 4.7 
AG 18,332 (3,237) 36 51.1 (11.3) 4.2 (2.5) 2.7 
ADR3 16,830 (3,630) 58 51.9 (12.3) 3 (0) 6.4 
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3. The Many Futures of Active Debris Removal 

The majority of this chapter was published in White, et al. (2013) and White, et al. (2014a). 

In 2009, the IADC initiated an action item (AI 27.1) to determine the stability of the future 

LEO space debris environment (IADC, 2013); and as such, establish whether remediation 

measures such as ADR should be investigated further. In doing so, optimistic levels of 

mitigation (90% future level of compliance with a 25-year PMD rule and 100% passivation of 

satellites and rocket bodies) and what may be considered potentially optimistic levels of launch 

and solar activity were used. Despite these optimistic values, using six agencies’ modelling 

tools, a consensus was reached that confirmed the current ≥10 cm LEO debris population, over 

200 years was still likely to grow. A key conclusion of AI 27.1 was that: 

 

“…to stabilize the LEO environment, more aggressive measures, such as active debris 

removal, should be considered.” IADC report, Stability of the Future LEO 

Environment, 2013, IADC-12-08, Rev. one, page 17. 

 

Figure 3.1 highlights the difference in mean debris populations between an optimistic 

(same set-up as AI 27.1) and a business-as-usual (no mitigation) scenario using the DAMAGE 

tool. If ADR activities were not performed, the future debris population is likely to be between 

the black and grey lines within the figure. Over the last 30 years, implementing and complying 

with mitigation measures have increased, such that the most realistic future population is likely 

to be closer to the optimistic mitigation line (grey) than to the non-mitigation line (black). 

Active debris removal studies performed by NASA’s Orbital Debris Program Office 

(Liou, 2011), the IAA (2010), the University of Southampton (Lewis, et al., 2009a) and many 

others, have demonstrated the effectiveness of ADR in reducing the predicted LEO population. 

These studies have demonstrated that removal rates in the order of five to 15 objects per year 

may be sufficient to address the growth of the LEO population ≥10 cm over a 200-year period 

(Liou, et al., 2010). 

66 



 The Many Futures of Active Debris Removal 

 
Figure 3.1 – A comparison of DAMAGE results between optimistic (grey line) and no 

(black line) mitigation of LEO objects ≥10 cm. Dotted lines show the standard deviation 

from the mean for each scenario. 

To constrain the many degrees of freedom in these ADR studies some reasonable 

assumptions were made that constrained parameters including the future launch, explosion and 

mitigation activity to a limited number of cases. The values of these parameters remained 

unchanged throughout the studies, for example eight-year launch traffic cycles, repeating solar 

cycle projections, a fixed level of PMD compliance and no explosion activity. In recognition of 

this, some authors of these studies have stated that calculated removal rates are only intended to 

serve as a guide, in particular, 

“The ‘removing five objects per year can stabilize the LEO environment conclusion’ is 

somewhat notional. It is intended to serve as a benchmark for ADR planning.” J.C. 

Liou, June 2012, Presentation at the second European Workshop on Active Debris 

Removal, CNES HQ, France, slide 19. 

Consequently, because of the restrictions placed on these parameters, the effectiveness of 

ADR has only been investigated for a narrow range of possible future cases. Previous modelling 

studies (Eicher, et al., 1993; Liou and Johnson, 2005; Martin, et al., 2004; Horstman, 2005) 

have shown that adjusting the values of these parameters can influence the size of the future 

debris population. Whilst these previous studies have investigated variations in individual 

parameters, they have not considered the effects of their variations together and in conjunction 

with ADR activities. 
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Before using the adaptive strategy, detailed in chapter two, there remains a need to model 

a broader range of values for these parameters to establish the overall effectiveness of a fixed 

ADR rate. This then will highlight some of the uncertainties that may affect the evolution of the 

debris population. In doing so, this study will provide the motivation for the use of the adaptive 

strategy on the debris environment.  

In this study, four key modelling parameters were varied; these were launch and 

explosion rates, magnitude of solar activity and compliance with PMD. To investigate these 

parameters, with respect to the effectiveness of ADR, DAMAGE was used to simulate the 

future ≥5 cm LEO debris population over 200 years. 

At the beginning of each DAMAGE MC run, four uniformly distributed random numbers 

were generated. These numbers dictated the future launch rate (�̇�𝐿), magnitude of solar activity 

(𝑆𝑆), level of compliance with PMD (𝑘𝑘𝑝𝑝) and explosion rate (�̇�𝐸) for that particular run. The range 

of each parameter’s value, excluding PMD compliance, was derived from the maximum and 

minimum values of the last 50 complete years of historical data. The range of PMD compliance 

was between an estimate of the current level of PMD and an optimistic level that may be 

achievable in the future. Throughout the MC run, the value of each parameter remained fixed. 

Thus, each MC run contained a different set of future conditions. To demonstrate the effect 

these parameters had on ADR activities, two ADR scenarios and a baseline scenario with no 

ADR were investigated. 

3.1 Method 

A future projection run from 1 May 2009 to 1 May 2209 was used by DAMAGE to generate the 

LEO debris ≥5 cm population. Three scenarios were investigated using a MC simulation 

method that comprised of 200 MC runs per scenario. Two hundred MC runs per scenario 

enabled a balance between computational time and investigating a wide range of possible 

futures. These scenarios were: the removal of five objects per year (ADR5), the removal of 10 

objects per year (ADR10) and a scenario with no removals (ADR0). The description of this 

study is shown in Table 3.1. 
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Table 3.1 – Summary description of the study in DAMAGE. 

Parameter Value 
Initial 

population  
MASTER population ≥5 cm residing in or passing through the LEO regime 

on 1 May 2009 

Object size Objects ≥5 cm were simulated 

Sources 

included 

Satellites, rocket bodies, mission-related debris, explosion and collision 

fragments  

Sources 

excluded 

Reusable launch systems, space stations, new solid rocket motor slag, 

sodium potassium droplets, ejecta and paint flakes  

Satellite 

properties  

The operational lifetime of satellites was set to eight years, no station 

keeping or collision avoidance manoeuvres occurred 

Post-mission 

disposal 

Satellite and rocket bodies were moved to orbits that decay within 25 years 

(with a one-year tolerance) or re-orbited above LEO and taken out of the 

simulation 

3.1.1 Launch Activity 

The number and location of future launches are essential components of the future collision rate 

and the evolution of the debris environment (Martin, et al., 2004; Eicher, et al., 1993). In this 

study, the maximum yearly launch rate (�̇�𝐿𝑚𝑚𝑎𝑎𝑚𝑚= 129) and minimum yearly launch rate  

(�̇�𝐿𝑚𝑚𝑖𝑖𝑚𝑚 = 36) of the last 50 complete years (1962-2012) were used to define the range of future 

launch rates. A uniformly distributed random variable, 𝑋𝑋𝐿𝐿, between zero and one, 𝑋𝑋𝐿𝐿~𝑈𝑈(0,1), 

was generated for each MC run. The yearly launch rate, �̇�𝐿, was 

 

�̇�𝐿 = �̇�𝐿𝑚𝑚𝑖𝑖𝑚𝑚 + (�̇�𝐿𝑚𝑚𝑎𝑎𝑚𝑚 − �̇�𝐿𝑚𝑚𝑖𝑖𝑚𝑚)𝑋𝑋𝐿𝐿. (3.1) 
 

The launch rate was rounded to the nearest integer and remained fixed throughout the MC run. 

Figure 3.2 illustrates the possible launch rates for each MC run (shaded region), bounded 

by the minimum and maximum launch rates (solid black lines). The dotted line shows the 

historical launch rates of the last 50 years. 
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Figure 3.2 – Historical (dotted line) and possible future launch rates for this study (shaded 

region). 

For each launched object, six additional numbers were drawn from distributions of the 

initial orbital elements, along with a further five numbers to determine the object’s type 

(satellite/rocket body), mass, area, size and number of objects released per launch. These initial 

orbital elements, mass, area and size distributions came from eight complete years of space 

activities (2004-2012). Thus, the properties of future launched objects reflected the current trend 

of launch activities. This process was then subsequently repeated for each additional MC run. 

Launch statistics and information for this method was acquired from ESA’s DISCOS (ESA, 

2013). Figure 3.3 shows a comparison of launched object’s mass distributions between 2004 

and 2012 and one MC run for this study. 
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Figure 3.3 – Distribution of launched objects masses. The grey bar represents the 

distribution of objects launched between 2004 and 2012, and the black line represents an 

example of one MC run’s distribution in the study.  

3.1.2 Solar Activity 

Solar activity drives the upper atmospheric density, which influences the drag and hence the 

orbital lifetime of debris. Studies, such as Whitlock (2006), have shown the important effect that 

the long and short-term effects of variations in projected solar activity can have on the LEO 

debris population. 

In this study, projected solar activity was described by sine and cosine functions for F10.7 

cm values. The amplitude of these cycles, 𝑆𝑆, ranged from the largest amplitude (𝑆𝑆𝑚𝑚𝑎𝑎𝑚𝑚 = 179×10-

22 W m-2 Hz-1) to the smallest amplitude (𝑆𝑆𝑚𝑚𝑖𝑖𝑚𝑚 = 71×10-22 W m-2 Hz-1) solar cycles of the last 50 

years. A uniformly distributed random variable, 𝑋𝑋𝑠𝑠, between zero and one, 𝑋𝑋𝑠𝑠~𝑈𝑈(0,1), 

determined the amplitude of each F10.7 solar cycle, 

 

𝑆𝑆 = 𝑆𝑆𝑚𝑚𝑖𝑖𝑚𝑚 + [𝑆𝑆𝑚𝑚𝑎𝑎𝑚𝑚 − 𝑆𝑆𝑚𝑚𝑖𝑖𝑚𝑚]𝑋𝑋𝑠𝑠 W m-2 Hz-1. (3.2) 
 

The minimum F10.7 value of each solar cycle remained fixed at 71×10-22 W m-2 Hz-1, 

thus only the maximum F10.7 value varied. Throughout each MC run, the projected maximum 

solar cycle amplitude remained fixed. Figure 3.4 illustrates this; the dotted line shows the 

monthly historical F10.7 cm values from 1962-2012. This information was obtained from the 
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National Oceanic and Atmospheric Administration National Geophysical Data Centre (2013). 

From the beginning of 2013, the shaded region indicates all possible solar cycle amplitude 

values. Solid lines show the boundaries of these cycles. 

 
Figure 3.4 – Historic (dotted line) and possible future monthly F10.7 values for the study 

(shaded region). 

3.1.3 Compliance with Post-mission Disposal 

The effectiveness of PMD has been well demonstrated (Walker, et al., 2001; Krisko, 2007; 

Lewis, et al., 2012a; Liou and Johnson, 2005). Some recent ADR studies have used future PMD 

compliances levels of 90% with a 25-year de-orbit time (Liou and Johnson, 2008; Lewis, et al., 

2012a). The 10% of objects not complying with PMD guidelines were assumed to either fail or 

not have any mechanism to de-orbit. However, in 2010, it was estimated that less than 14% of 

satellites and rocket bodies reaching their end-of-life in the critical altitudes of 600-1,400 km 

reduced their altitude to comply with the 25-year rule. Since the completion of this study, this 

value of 14% has been re-evaluated to 8% (Krag, et al., 2012b). 

Compliance with PMD in this study ranged between 𝑘𝑘𝑝𝑝𝑚𝑚𝑖𝑖𝑚𝑚= 0.14 and 𝑘𝑘𝑝𝑝𝑚𝑚𝑎𝑎𝑚𝑚= 0.9 for 

objects launched after 2009. This reflected the estimated compliance in 2010 and an optimistic 

future case. The fraction of objects complying with PMD, 𝑘𝑘𝑝𝑝, for each MC run was calculated 

using a uniformly distributed random variable, 𝑋𝑋𝑝𝑝, between zero and one, 𝑋𝑋𝑝𝑝~𝑈𝑈(0,1), such that 

 

𝑘𝑘𝑝𝑝 = 𝑘𝑘𝑝𝑝𝑚𝑚𝑖𝑖𝑚𝑚
+ �𝑘𝑘𝑝𝑝𝑚𝑚𝑎𝑎𝑚𝑚

− 𝑘𝑘𝑝𝑝𝑚𝑚𝑖𝑖𝑚𝑚
�𝑋𝑋𝑃𝑃. 

 
(3.3) 
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This value remained fixed throughout the duration of the MC run. Objects complying with PMD 

were manoeuvred to orbits that decayed within 25 years (with a one-year tolerance). 

3.1.4 Explosion Activity 

To model the variation in explosion activity, the highest number of explosions (�̇�𝐸𝑚𝑚𝑎𝑎𝑚𝑚= 8) and 

the lowest number of explosions (�̇�𝐸𝑚𝑚𝑖𝑖𝑚𝑚= 0) yearly observed explosion rates were taken from the 

past 50 years (ESA, 2013). A uniformly distributed random variable, 𝑋𝑋𝐸𝐸 , between zero and one, 

𝑋𝑋𝐸𝐸~𝑈𝑈(0,1), determined the yearly explosion rate, �̇�𝐸, between these two values, 

 

�̇�𝐸 = ��̇�𝐸𝑚𝑚𝑎𝑎𝑚𝑚 − �̇�𝐸𝑚𝑚𝑖𝑖𝑚𝑚� 𝑋𝑋𝐸𝐸 
 

(3.4) 
 

The explosion rate was rounded to the nearest integer and remained fixed for the MC run. The 

orbital elements, object type and mass were all calculated from a further eight numbers that had 

the same distributions of the orbital elements, object type and mass, of explosions that occurred 

over eight complete years of explosions (2004-2012). 

3.1.5 Active Debris Removal 

The ADR target selection criterion used by DAMAGE, 𝑇𝑇𝑖𝑖(𝑡𝑡), was based on minimising the 

risks of a collision by removing objects with the highest mass-collision probability as in 

Equation (1.3) (Liou and Johnson, 2009). 

Objects were removed at the beginning of each year after 2020. As well as this criterion, 

the objects removed were intact, had an orbital eccentricity <0.5, perigee altitude <1,400 km 

and were removed immediately. 

3.1.6 Performance Metrics 

To measure the performance of each scenario, a number of metrics were used. These metrics are 

used throughout all the studies in this thesis. 

To determine the effectiveness of ADR, an ERF was calculated to quantify the effect of 

ADR, calculated by 

 

𝐸𝐸𝑅𝑅𝐹𝐹 =
𝑁𝑁𝑎𝑎 −  𝑁𝑁𝑏𝑏

𝑁𝑁𝑅𝑅
, (3.5) 

 

and measured at the end of the MC run on 1 May 2209. Also measured, was the number of 

objects that were required to be removed to prevent one collision.  
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Other outputs included the total number of objects ≥5 cm and ≥10 cm in size in LEO, as 

well as the cumulative number of collisions (catastrophic and non-catastrophic) and their 

fragments, for each MC run. 

3.2 Results and Analysis 

Graphically, the mean number of objects provides a straightforward way to interpret key future 

trends. The mean of all 200 MC runs for each scenario, for the size of the population is 

presented in Figure 3.5 for the ≥5 cm population and Figure 3.6 for the ≥10 cm population. 

Additional statistical information including the standard deviations of these populations and 

ERF values at the 2209 epoch are shown in Table 3.2. 

Table 3.2 – Summary of the population statistics for each scenario at the 2209 epoch. 

Scenario 

Standard deviation 

from the mean at the 

2209 epoch 

Percentage of MC run’s 

populations that have 

grown in size [%] 

Mean  

ERF 

≥5 cm ≥10 cm ≥5 cm ≥10 cm ≥5 cm ≥10 cm 
ADR0 16,703 5,030 70 54 - - 
ADR5 11,367 3,662 51 17 18.3 5.2 
ADR10 10,817 3,626 32   6 11.9 3.6 

 

In the ADR0 scenario, the mean population increased with the ≥5 cm population 

increasing over seven times larger than that of the ≥10 cm population. This increase was driven 

by a doubling of objects between five and 10 cm in size, resulting in a net growth of 64% of 

total number of objects ≥5 cm in size. 
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Figure 3.5 – The mean effective number of objects ≥5 cm in size for each scenario. 

Percentage values indicate the percentage change in the 2209 population compared with 

the initial population in 2009. 

 
Figure 3.6 – The mean effective number of objects ≥10 cm in size for each scenario. 

Percentage values indicate the percentage change in the 2209 population compared with 

the initial population in 2009. 
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Whilst a 9% growth in ≥10 cm population may be manageable, a 124% growth in objects 

between five and 10 cm in size may pose a major collision risk, particularly as these sized 

objects are currently difficult to observe and track. 

Active debris removal reduced the mean LEO population over the projection period; this 

is in line with previous ADR studies (IAA, 2010; Liou, 2011; Lewis, et al., 2012a; Krag & 

Virgili, 2012) Optimising the Effectiveness of Remediation Measures on the Environment, 

Second European Active Debris Removal Workshop, 18-19 June 2012, CNES HQ, Paris, 

France.). Further, ADR had a larger effect on the ≥5 cm population compared with the ≥10 cm 

population (see ERF values in Table 3.2). However, removing five objects per year stopped the 

growth of ≥10 cm objects in 83% of MC runs, but in only 49% of the runs for ≥5 cm objects. 

This suggests that more removals will be required to stop the 5-10 cm population from 

increasing than the ≥10 cm population. Even in the case of 10 removals, there remained 32% of 

MC runs where the ≥5 cm population grew (Table 3.2). 

Increasing the removal rate from five to 10 removals per year reduced the overall 

effectiveness of ADR; as demonstrated by the ERF values in Table 3.2. Doubling the removal 

rate reduced the ERF values by between 30% and 40%. Figure 3.7 shows the mean values of 

𝑇𝑇𝑖𝑖(𝑡𝑡) for the top 10 ranked objects over each MC run.  

 
Figure 3.7 – The mean ADR target selection values for the top 10 objects removed each 

year from orbit in the ADR10 scenario. 

The more objects that were removed the less effect each individual object had on reducing the 

debris population. The mean number of collisions (and their standard deviation) for each 

scenario is shown in Table 3.3. 
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Table 3.3 – The mean number of collisions, separated by type and impactor size, for each 

scenario. Values in brackets show the one standard deviation of the mean result. 

Scenario 

Mean 

number of 

collisions 

Non-catastrophic Catastrophic 

involving an impactor of size 

<10 cm ≥10 cm <10 cm ≥10 cm 
ADR0 77.6 (30.4) 31.6 19.3 3.5 23.2 
ADR5 40.3 (19.4) 15.7 7.6 2.2 14.7 
ADR10 31.3 (16.0) 12.0 6.0 1.8 11.4 

 

Forty five per cent of collisions involved at least one object <10 cm in size. Simulating the ≥5 

cm population increased the total number of collisions by almost a factor of two compared with 

modelling only the ≥10 cm population alone. Whilst this is a major proportion of the total 

number of collisions, only a small number (1.8-3.5) were catastrophic (15-11% of the total). 

This is because the smaller sized impactors usually do not have a great enough mass to exceed a 

specific impact energy of 40 J/g in a collision. Despite this, the high number of collisions caused 

by objects between five to 10 cm in size increased the total number of objects ≥10 cm by 7%. 

Figure 3.8 displays a histogram of all ≥5 cm LEO debris populations after 200 years in 

bins of 5,000 objects. Each bin represents the normalised number of MC runs (number of MC 

runs divided by the total number of MC runs) that had a particular debris population at the 2209 

epoch. Therefore, this histogram illustrates the distribution of debris populations for each 

scenario. 

 
Figure 3.8 – Distribution of the normalised number of MC runs having a certain 

population ≥5 cm at 1 May 2209, with a bin size equal to 5,000 objects. 
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For each scenario, the maximum population was over a factor of 10 greater than the 

minimum population. The grey shaded portion of Figure 3.8 indicates the region where the 

population had grown in comparison with the initial population (expressed as percentage values 

in Table 3.2). 

In all the scenarios, there was a region where the population distribution of two or more 

scenarios intersected. Expressed as a percentage of the total area under each distribution, the 

overlap was 52% for ADR5 and ADR0, 36% for ADR10 and ADR0 and 58% for ADR5 and 

ADR10. The region of overlap shows where the implementation of ADR, or increasing the 

removal rate, did not have any additional benefit. This was because the modelled parameters, 

representing launch, explosion, solar and mitigation activity, had a larger influence on the 

evolution of the debris environment. Therefore, this shows that the values of the factors 

modelled can offset the positive effect of ADR. Conversely, depending upon the values of these 

parameters, ADR was not always required to prevent the growth of the debris population. This 

was shown by the fact that the final population had reduced in 30% of ADR0 MC runs. 

The distribution of populations for each scenario in Figure 3.8 does not fit a uniform or 

Gaussian distribution. The 𝑟𝑟2 ranged between 0.63 and 0.68 for a fitted Gaussian. Instead, a 

better distribution was found to be log-normal, with higher values of 𝑟𝑟2, between 0.89 and 0.91.  

Using the data in Figure 3.8, a log-normal probability density function for the number of 

objects ≥5 cm at the 2209 epoch was calculated as 

 

𝑓𝑓(𝑁𝑁(2209)) = 𝑘𝑘𝑎𝑎 × 𝑒𝑒− 
�𝑙𝑙𝑚𝑚(𝑁𝑁(2209))−𝑘𝑘𝑏𝑏

𝑘𝑘𝑐𝑐
�
2

2 , 
 

(3.6) 

 

where 𝑘𝑘𝑎𝑎, 𝑘𝑘𝑏𝑏 and 𝑘𝑘𝑐𝑐 are coefficients of the log-normal distribution and 𝑁𝑁(2209) is the total 

number of objects at the end of the 200-year MC run. The coefficients and statistics for each 

distribution are given in Table 3.4. 

Table 3.4 – Coefficients of the log-normal distributions for objects ≥5 cm, their coefficients 

of determination and averages. 

Scenario 𝒌𝒌𝒂𝒂 𝒌𝒌𝒃𝒃 𝒌𝒌𝒄𝒄 𝒓𝒓𝟐𝟐 Mean Mode Median 

ADR0 0.13 10.69 -0.34 0.88 46,528 39,120 43,915 
ADR5 0.19 10.26 -0.35 0.93 30,371 25,273 28,567 
ADR10 0.20 10.10 0.39 0.91 26,226 20,973 24,343 

 

As the distributions are not uniform or Gaussian, the mean populations shown in Figure 3.5 and 

Figure 3.6 do not represent the most likely (mode) future population. In fact, the mode 

population was between 15 and 25% lower than the mean. 
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To give an indication of the effect of the launch, PMD, explosion, and solar activity had 

on the total number of debris objects, multiple linear regression was used. The total number of 

objects ≥5 cm after a 200-year run, 𝑁𝑁(2209), can be approximated as 

 

𝑁𝑁(2209) = 𝜇𝜇1 + 𝜇𝜇2�̇�𝐿 + 𝜇𝜇3𝑆𝑆 + 𝜇𝜇
4
𝑘𝑘𝑝𝑝 + 𝜇𝜇5�̇�𝐸 + 𝜇𝜇6�̇�𝑅, (3.7) 

 

where �̇�𝑅 is equal to the number of objects removed by ADR each year. The coefficients of 

multiple linear regression represent the effect on the population that the launch (𝜇𝜇2), solar (𝜇𝜇3), 

PMD (𝜇𝜇4), explosion (𝜇𝜇5) and ADR (𝜇𝜇6) had. �̇�𝐿, 𝑆𝑆, 𝑘𝑘𝑝𝑝 , �̇�𝐸 and �̇�𝑅 are the normalised values of 

the launch, solar, mitigation, explosion and ADR activity. For example in the case of launch 

rate, the launch rate (�̇�𝐿) was subtracted by minimum value of the launch rate (�̇�𝐿𝑚𝑚𝑖𝑖𝑚𝑚) and then 

dividing by the maximum launch rate (�̇�𝐿𝑚𝑚𝑎𝑎𝑚𝑚), such that 

 

�̇�𝐿 =
�̇�𝐿 − �̇�𝐿𝑚𝑚𝑖𝑖𝑚𝑚

�̇�𝐿𝑚𝑚𝑎𝑎𝑚𝑚
 . 

 
(3.8) 

 

The value of the coefficients of multiple linear regression are shown in Table 3.5 for each 

scenario and with all scenarios combined. 

Table 3.5 – Coefficients of multiple linear regression for objects ≥5 cm and their 

coefficients of determination. 

Scenario 𝝁𝝁𝟏𝟏 

Launch 

activity 

[𝝁𝝁𝟐𝟐] 

Solar 

activity 

[𝝁𝝁𝟑𝟑] 

Compliance 

with PMD 

[𝝁𝝁𝟒𝟒] 

Explosion 

activity 

[𝝁𝝁𝟓𝟓] 

ADR 

[𝝁𝝁𝟔𝟔] 
𝒓𝒓𝟐𝟐 

ADR0 60,563 4,767 -39,820 -2,241 16,204 - 0.57 
ADR5 33,743 6,047 -23,555 -3,987 18,189 - 0.71 
ADR10 29,089 6,066 -23,846 -3,090 18,172 - 0.74 

All 
scenarios  52,498 5,401 -28,727 -3,664 17,093 21,839 0.79 

 

This multiple linear regression assumes each variable is independent, and that no other 

factors contribute to the population. Of course, there is interdependence between the 

effectiveness of PMD compliance and the number of objects launched. Yet, 𝑟𝑟2 values 

associated with these regressions (Table 3.5) indicate that the relationship between the actual 

values and multiple linear regression are enough of a fit to approximate which parameters have 

the greatest effect on the size of the population. In order of largest to smallest effect, these were 

solar activity, ADR rate, explosion activity, launch activity and, finally, PMD compliance.  
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This appears to be a direct contradiction of results by White, et al. (2012a) that have 

shown that PMD compliance had a greater effect on the LEO debris population than passivation 

(explosion activity). The probable reasons for this are that White, et al. (2012a) used an object 

size ≥10 cm and a repeated eight-year explosion and launch traffic cycle, compared with the ≥5 

cm population and variable explosion and launch activity used in this study. 

3.2.1 Validating the Number of Monte Carlo Runs 

To determine if 200 MC runs were sufficient to establish the trends and distributions of the 

results, a sub-sampling technique was applied (Liou, 2008). The technique was modified from 

Liou (2008) to allow the standard deviation to be analysed instead of the mean. In doing so, this 

allows the statistical dispersion between MC runs to be analysed. The procedure for this 

analysis for each scenario was: 

• starting with an integer value, 𝑍𝑍, of value one, 

• randomly select a sample of MC runs (from the pool of 200 MC runs) equal to the 

value of 𝑍𝑍,  

• calculate the standard deviation in the size of debris population at the end of the 

2209 epoch for the selected number of MC runs, 

• repeat the previous two steps, randomly selecting 𝑍𝑍 samples of MC runs, a further 

199 times and storing their standard deviation, 

• repeat the previous four steps incrementing 𝑍𝑍 by one until 𝑍𝑍= 100. 

Figure 3.9 illustrates the results of this process for the ADR0 scenario. The x-axis 

represents the number of samples taken for 𝑍𝑍 between one and 100. At each 𝑍𝑍 value, 200 

individual standard deviation values are plotted (y-axis). Each point represents the standard 

deviation of the ≥5 cm population from a MC run. The 200 MC run mean standard deviation 

and ±20% from this deviation value (dark solid lines) are also shown. 
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Figure 3.9 – Sub-sampled standard deviations from 200 MC runs of the ≥5 cm LEO debris 

populations in 2209 for the ADR0 scenario. 

Both ADR5 and ADR10 scenarios show a very similar trend to the ADR0 scenario in 

Figure 3.9, and are thus not shown. To achieve a standard deviation within 20% of the 200 MC 

run “true” standard deviation nine out of 10 times, 71 MC runs must be performed for ADR0, 

69 for ADR5 and 66 MC runs for ADR10. Beyond 80 MC runs, the improvements start to 

decline and after 100 MC runs there is no further improvement. Given this, 100 MC runs were 

selected for the remaining studies. 

3.3 Discussion of Results 

Active debris removal is an effective measure to assist in controlling the size of the LEO 

population. Results show, however, that it is not possible to rely solely on removing 10 objects 

per year to prevent the growth of either the ≥5 or ≥10 cm population. On the other hand 30% of 

MC runs did not require any removals to maintain or reduce the ≥5 cm population. Launch, 

solar, mitigation and explosion activity can have a larger influence on how the population 

evolves compared with ADR.  

The efficiency of ADR is inversely proportional to the removal rate (within the two data 

points), for the target selection criterion used. This is highlighted with the population overlap of 

36-58% between scenarios (Figure 3.8), and the difference between the minimum and maximum 

number of objects at the 2209 epoch in each scenario differing by a factor of 10. 
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The values of the solar, mitigation and launch parameters are vital in determining the 

evolution of the environment. Launch activity, compliance with PMD and explosion activity can 

in theory, be controlled. It can be argued that, with the growing momentum and further 

implementation of guidelines, standards and legal practices, the number of spacecraft and rocket 

bodies that comply with PMD guidelines will increase, and the number of orbital explosions 

decrease. This said, solar activity was shown to have the biggest impact in the size of the 

population, and this is the one parameter with no control.  

For the purpose of this study, a uniform distribution of values for each of these 

parameters was selected in order to investigate and analyse as wide a range of potential future 

cases as possible. Despite using this uniform distribution, the distributions of populations at the 

2209 epoch were found to be a log-normal. Because of this, the mode of the number of objects 

at the 2209 epoch was lower than the mean by 15-25%. This, then, suggests controlling the 

population size based on the mean number of objects is a more conservative approach than 

using the mode population.  

The debris sized between five and 10 cm is likely to grow far more rapidly than debris 

≥10 cm in size because of the greater number of fragments produced per collision or explosion 

despite higher area-to-mass-ratios that result in faster decay. As a result, it is probable that a 

higher number of removals will be required to reduce the growth of this population compared 

with the ≥10 cm population. This smaller sized debris poses a greater short-term risk to satellite 

operators, as this size starts to become difficult to observe and track, and impacts of this size can 

lead to the partial or complete loss of a satellite or even result in a catastrophic collision. 

To meet a specific objective concerning the desired future debris environment (such as 

limited or zero growth in the LEO population), the required number of removals performed by 

ADR will be dependent, in part, upon the future values of launch, explosion, PMD and solar 

activity. Yet, the exact values of these in the future remain uncertain. However, by monitoring 

the behaviour of each MC run and adjusting, at regular intervals, the ADR rate, it may be 

possible to increase the probability of preventing the growth of the number of objects. To test 

this, the following chapters utilise the adaptive strategy, described in chapter two, to meet 

specific objectives concerning the space debris problem. 
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4. An Adaptive Strategy for Active Debris 

Removal 

The majority of this chapter was published in White, et al. (2012c) and White, et al. (2014b). 

The way we utilise near-Earth space, and the way the space environment responds in the 

long-term future will determine if ADR is necessary and if so, the number of debris objects to 

be removed. New space technologies, increasing numbers of space-faring nations, developing 

policies and political motivations will affect launch and mitigation activity, and thus, the size of 

the LEO population. The results from the previous chapter have shown that variations in launch, 

explosion, mitigation and solar activity can increase the number of objects in orbit, even with 

the implementation of fixed ADR rates. Whilst also demonstrating, in some cases, that ADR 

may not be necessary to prevent the size of the LEO population from increasing. 

Having a well-thought-out long-term ADR strategy to prevent the long-term growth of 

the LEO debris population will ensure both the most effective use of ADR and the best outcome 

for the environment. Further, such a strategy may also drive solutions to current ADR 

challenges, including the most suitable objects to remove, the choice of appropriate and 

effective ADR technology and allow for a better understanding of the financial costs associated 

with the selected form of remediation. Of course, methods to control of the size of the 

population are not just limited to the implementation of ADR. Launch rates and mitigation 

measures are two additional factors that may form part of any long-term strategy. This is 

discussed further in chapter eight.  

This study implements, for the first time, the adaptive strategy described in chapter two, 

to adjust the number of removals per year (ADR rate) in response to the evolution of the debris 

population. Every five years of each DAMAGE MC run, CASCADE predicted the long-term 

change in the debris population, using the current DAMAGE debris population as an initial 

condition. CASCADE made six predictions with differing ADR rates, until an appropriate ADR 

rate was found that stopped the growth of the ≥10 cm LEO population in the MC run. This 

removal rate was then implemented within the MC run for a period of five years, and then 

recalculated. Unlike the study in the previous chapter, this study had fixed launch, explosion, 

mitigation and solar activity and considered the ≥10 cm LEO population.  

The results of the adaptive strategy (AS) were compared with those from three different 

scenarios: a scenario with no ADR (ADR0) and two scenarios in which three (ADR3) or five 
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(ADR5) objects were removed per year. Each scenario used a MC simulation method that 

comprised of 100 MC runs. 

4.1 Method 

A summary of the key study parameters and their implementation in the adaptive strategy, 

DAMAGE and CASCADE models are shown in Table 4.1 through to Table 4.3. 

Table 4.1 – Key study parameters of the adaptive strategy. 

Parameter Description/Value 
Projection period 1 May 2009 - 1 May 2209 

Measured output (𝑁𝑁(𝑡𝑡)) LEO debris population ≥10 cm 

Desired objective (𝑁𝑁𝑟𝑟) LEO debris population ≥10 cm at the 1 May 2009 epoch 

Input (�̇�𝑅) Number of removals per year 

Time to update (𝛥𝛥𝑡𝑡𝐴𝐴𝐴𝐴) Five years 

Weighting coefficients 

(𝑤𝑤𝑢𝑢, 𝑤𝑤𝑝𝑝) 

𝑤𝑤𝑢𝑢= 0 and 𝑤𝑤𝑝𝑝= 1 (i.e. the adaptive strategy was only 

optimised to achieve the desired objective) 

Constraints 0≤ �̇�𝑅 ≤50 

 

This study used a minimum object size of 10 cm; this represented the historical detection 

threshold limit for the SSN sensors in LEO and accounts for approximately 97% of the total 

mass in LEO. This size was selected over five cm (used for the other studies in this thesis) to 

better compare with previous ADR studies, which have used a ≥10 cm population size. This 

study also had the same launch traffic, mitigation measures and initial populations as the IADC 

AI27.1 (IADC, 2013). In doing so, quantities such as the ADR rates and number of objects can 

then be directly comparable with studies performed by the international community such as IAA 

(2010), Liou (2011), Lewis, et al. (2011a), Lewis, et al. (2012a) and many others.  

One hundred MC runs were carried out for each scenario to acquire the mean, standard 

deviation from the mean, mode and distributions of the ≥10 cm LEO population. In addition, the 

proportion of MC runs demonstrating a decrease in population after 200 years as well as the 

cumulative number of collisions, both catastrophic and non-catastrophic, were recorded and 

analysed for each MC run. 

An ERF value was also calculated to quantify the effect of ADR and measured at the end 

of the MC run on 1 May 2209. 
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Table 4.2 – Key study parameters and how they were implemented in DAMAGE. 

Parameter DAMAGE implementation  
Projection period 1 May 2009 - 1 May 2209 

Initial population  MASTER population ≥10 cm residing in or crossing the LEO 

protected region on 1 May 2009 

Object sources 

modelled 

Explosion and collision fragments, operational and defunct 

satellites and rocket bodies and mission related objects  

Launch traffic Repeated eight-year (2001-2009) launch traffic, acquired from 

ESA’s DISCOS (ESA, 2013). The operational lifetime of satellites 

was set to eight years 

Explosions  No explosions 

PMD  Satellites and rocket bodies were moved immediately to orbits that 

decay within 25 years (1-year tolerance) or re-orbited above LEO 

and taken out of the MC run with a 90% success rate 

ADR start time 1 Jan 2020 

ADR selection 

criteria and 

properties  

Objects with the greatest mass-collision product were removed 

first (as in Equation (2.37)). Objects removed were intact, had an 

orbital eccentricity <0.5, perigee altitude <1,400 km and removed 

immediately 

Time-step (𝛥𝛥𝑡𝑡𝐷𝐷) Five days 
 

Table 4.3 –Key study parameters and how they were implemented in CASCADE. 

Parameters in Table 4.2 that have not been repeated here in this table are implemented in 

the same way. 

Parameter CASCADE implementation 
Projection period  1 Jan 2020 and every five years after - 1 May 2209 

Initial population  DAMAGE population ≥10 cm at 1 Jan 2020  

PMD  Intact objects at altitudes 800 km were moved immediately at end-

of-life to altitudes 200-800 km with a 90% success rate (𝑘𝑘𝑝𝑝= 0.9) 

ADR selection criteria 

and properties  

Intact objects in the altitude band with the highest collision 

probability were removed immediately 

Time-step (𝛥𝛥𝑡𝑡𝐶𝐶) One day 
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4.2 Results and Analysis 

The mean number of objects ≥10 cm in size for each scenario is presented in Figure 4.1. A 

summary of results for each scenario, including the standard deviations of the populations and 

the total number of collisions is shown in Table 4.4. 

 
Figure 4.1 – The mean effective number of objects ≥10 cm in size for each scenario. 

Percentage values indicate the percentage change in the 2209 population compared with 

the initial population in 2009. 

On average, each scenario with ADR was able to prevent the net growth of the LEO 

population whilst the population in ADR0 grew by 20% over 200 years. The removal of five 

objects per year generated the biggest decrease in the population, with a 12% mean reduction in 

size compared with the initial population. This was followed by the AS scenario with a 5% 

decrease and the ADR3 scenario with a 2.6% decrease. However, the populations in 42 out of 

100 ADR3 MC runs still saw a growth, as did 26 MC runs for the ADR5 scenario. The AS 

performed best in this regard, with only 12 MC runs showing a population increase above the 

initial population.  
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Table 4.4 – Summary of the population statistics for each scenario at the 2209 epoch. 

Values in brackets indicate the one standard deviation from the mean. 

Scenario 

Standard deviation 

from the mean at 

the 2209 epoch 

Number of MC run’s 

populations that have 

grown in size 

Mean 

number of 

collisions 

Mean number 

of catastrophic 

collisions 

ADR0 3,660 84 63.4 (14.8) 37.8 (8.6) 
ADR3 3,630 42 51.9 (12.3) 33.7 (8.3) 
ADR5 3,390 26 41.8 (9.1) 27.3 (7.4) 
AS 1,720 12 43.2 (5.9) 29.4 (3.6) 

 

The biggest difference between the AS and other ADR scenarios was that the range of 

individual MC run’s populations was less. The standard deviations in the population for the 

ADR3 and ADR5 scenarios were more than double that for the AS scenario.  

Figure 4.2 shows a histogram of all of populations for the AS and ADR5 MC runs after 

200 years, in bins sizes of 500 objects. Each bin shows the normalised number of MC runs 

(number of MC runs divided by total number MC runs) with a particular debris population at 

the 2209 epoch. This histogram, therefore, illustrates the difference in the distribution of the 

debris populations between the two scenarios. The grey shaded portion of Figure 4.2 indicates 

the region where the population had grown in comparison to the initial population. 

 
Figure 4.2 – Distribution of the normalised number of MC runs having a certain 

population ≥10 cm at 1 May 2209, with a bin size equal to 500 objects. 
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The ADR5 scenario had over double the range in population after 200 years compared 

with the AS scenario. The highest ADR5 MC run population was 24,770 objects and the lowest 

was 10,908 objects. In contrast, the highest AS MC run population was 18,461 objects and 

lowest was 13,701 objects. 

The mode number of objects ≥10 cm for each scenario was, 20,500 for ADR0, 17,500 for 

ADR3, 15,500 for ADR5, and 16,500 for the AS. A summary of ADR statistics for each 

scenario is shown in Table 4.5. The number of removals required to prevent a collision from 

occurring in the AS scenario was approximately two-thirds that of the other ADR scenarios. 

Table 4.5 – Summary of ADR statistics. Value in brackets shows the one standard 

deviation from the mean. 

Scenario 
Mean removal 

rate [#/year] 

Mean  

ERF 

Mean number of removals 

required to prevent a collision 
ADR3 3 6.4  44 (6.6) 
ADR5 5 5.7  49 (6.9) 
AS 3.1 (1.2) 7.2  29 (4.3) 

 

The AS had both the highest ERF and required the lowest number of removals to prevent a 

collision (between 35% and 41% less than ADR3 and ADR5). Figure 4.3 illustrates a histogram 

of the mean removal rates, for all AS MC runs.  

 
Figure 4.3 – Histogram of the mean yearly ADR rate for all AS MC runs, with a bin size of 

0.5. 

Only 11 of the runs required a removal of greater than five objects per year. In fact, over half of 

the MC runs required fewer than three removals per year in order to prevent the population from 

growing. Both the mode and average number of removals were similar, with the maximum 
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average removal rate reaching 6.5 removals per year. The maximum removal rate at any point 

during all MC runs was 12 objects per year.  

4.3 Discussion of Results 

The adaptive strategy is preferable to a fixed removal rate. The AS had 14 more MC runs 

achieving zero net growth compared with the ADR5 scenario. In doing so, the mean number of 

removals required was 3.1 per year. This, therefore, shows such a strategy is more efficient, 

requiring on average fewer removals. Further, the strategy is also more effective, 26% more MC 

runs below the initial population in 2009 compared with ADR5, throughout the projection 

period. 

Almost all MC runs for the AS scenario were close to meeting the objective to prevent 

population growth. In some MC runs, removing five objects per year was not enough to prevent 

growth, and in others, no (or very few) removals were required to prevent growth.  

The AS perhaps, represents a more realistic implementation of ADR. In reality, if ADR is 

implemented routinely and the debris population continues to grow the number of removals will 

likely be increased. Conversely, if the population is reducing in size, the number of removals 

may also be reduced. 

None of the methods demonstrated in this study guaranteed that the long-term debris 

population would not grow. This is due to the objective selected, as the measure of success was 

to assess the number of debris objects at the end of each MC run. It is possible to revise this 

objective to address the issue. For example, modifying the objective to stop the growth of the 

number of objects over a fixed number of years or allowing a controlled growth of the 

population, not exceeding a fixed number of collisions, or even to reduce the population would 

be equally valid but might require different removal rates. Chapter seven explores some 

variations in objective and the time taken to achieve these objectives. 

Finally, the MC runs in this study were based on a set of assumptions that constrained the 

launch, explosion, solar and mitigation activity. The MC runs were based on a set-up that may 

be considered optimistic (IADC, 2013). In particular, launch rates may increase and mitigation 

is not yet at the level of compliance predicted in this work. As a result, the AS has only been 

established and quantified for a narrow range of possible outcomes. This was done to show the 

fundamental effectiveness of such a strategy against previous studies using ADR with fixed 

removal rates. 
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5. Utilising the Adaptive Strategy in a Variety of 

Future Cases 

This chapter expands on the previous two chapters, combining the use of the adaptive strategy 

with an investigation into the impacts of variations in launch and explosion rates, solar activity 

and PMD compliance, for objects greater than five cm in size. In doing so, the study was able to 

determine the behaviour of the adaptive strategy in response to a wider range of future cases. 

5.1 Method 

The launch (�̇�𝐿), solar (𝑆𝑆), explosion (�̇�𝐸) and mitigation (𝑘𝑘𝑝𝑝) activity were all randomised at the 

beginning of each MC run according to Equations (3.1) through to (3.4) in chapter three. Other 

DAMAGE parameters remained the same as in chapter three (Table 3.1). The key adaptive 

strategy parameters are shown in Table 5.1, and the properties of the CASCADE model are 

shown in Table 5.2. 

Table 5.1 – Key adaptive strategy parameters. 

Parameter Description/value 
Projection period (𝑡𝑡0 − 𝑡𝑡𝑒𝑒) 1 May 2009 - 1 May 2209 

Measured output (𝑁𝑁(𝑡𝑡)) LEO debris population ≥5 cm residing in or passing 

through the LEO regime 

Desired output (𝑁𝑁𝑟𝑟) LEO debris population ≥5 cm residing in or passing 

through the LEO regime at the 1 May 2009 epoch 

Input (�̇�𝑅) Number of removals per year 

Time to update the strategy (𝛥𝛥𝑡𝑡𝐴𝐴𝐴𝐴) Five years 

Weighting coefficients (𝑤𝑤𝑝𝑝, 𝑤𝑤𝑅𝑅) 𝑤𝑤𝑝𝑝= 1 and 𝑤𝑤𝑅𝑅= 0 

Constraints 0≤ �̇�𝑅 ≤50 
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Table 5.2 – Key CASCADE parameters. 

Parameter CASCADE implementation 
Projection period  1 Jan 2020 and every five years after - 1 May 2209 

Initial population  DAMAGE population ≥5 cm at 1 Jan 2020  

Launch traffic Randomised according to Equation (3.1) 

PMD  Intact objects with altitudes greater than 800 km were moved 

immediately to altitudes between 200 km and 800 km with a success 

rate taken from Equation (3.2) 

Explosions  Randomised according to Equation (3.3) 

ADR start time 1 Jan 2020 

ADR selection 

criterion 

Any intact object in the altitude band with the highest collision 

probability was immediately deorbited 

Time-step (𝛥𝛥𝑡𝑡𝐶𝐶) One day 

 

 For the study, the objective of the AS was to prevent the net growth of the ≥5 cm 

population at the 2209 epoch. Using a MC simulation method, 100 MC runs were carried out to 

acquire the mean, standard deviation and distributions of the ≥5 cm LEO population. Along 

with this, the cumulative number of collisions, both catastrophic and non-catastrophic, was 

recorded and analysed for each MC run. An ERF was used, as in Equation (2.37), and was 

measured at the end of the MC run. 

In using the same simulation set-up as chapter three, the AS scenario can be compared 

with the scenarios presented in that chapter: ADR0, ADR5 and ADR10. 

5.2 Results and Analysis 

Figure 5.1 shows the mean size of the debris populations of objects ≥5 cm from all 100 MC runs 

for the ADR0, ADR5, ADR10 scenarios and the AS scenario, whilst Figure 5.2 displays the 

means for objects ≥10 cm in size. 
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Figure 5.1 – The mean effective number of objects ≥5 cm in size for each scenario. 

Percentage values indicate the percentage change in the 2209 population compared with 

the initial population in 2009. 

 
Figure 5.2 – The mean effective number of objects ≥10 cm in size for each scenario. 

Percentage values indicate the percentage change in the 2209 population compared with 

the initial population in 2009. 
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For the ADR0 scenario, a reduction was seen in the ≥10 cm population for the first 80 

years before the population then increased. The reason for this is, initially explosion fragments 

decayed faster than collision fragments were generated. It was not until 2089, when a number of 

explosion fragments had decayed and collision fragments were generated at an increased rate 

that the total population started to increase. 

On average, ADR prevented the growth of the debris population ≥5 cm in all scenarios. 

The AS population remained at a level between the ADR5 and ADR10 populations throughout 

the prediction period. The mean AS number of objects at the 2209 epoch was 27,388, with 76 of 

MC run’s population sizes below the desired population. A summary of some of the key results 

from each scenario, including the numbers of collisions, is given in Table 5.3. 

The standard deviation from the mean at the 2209 epoch was 7,379; this was between 

31% and 66% less than the corresponding standard deviation for the other scenarios. 

Table 5.3 – Summary of the population statistics for each scenario at the 2209 epoch. 

Values in brackets indicate the one standard deviation from the mean. 

Scenario 

Standard deviation 

from the mean at 

the 2209 epoch 

Number of MC run’s 

populations that have 

grown in size 

Mean 

number of 

collisions 

Mean 

number of 

catastrophic 

collisions 
≥5 cm ≥10 cm ≥5 cm ≥10 cm 

ADR0 16,703 5,030 70 54 77.5 (30.4) 26.6 (9.9) 
ADR5 11,367 3,662 51 17 40.3 (19.4) 16.8 (7.7) 
ADR10 10,817 3,626 32 6 31.3 (16.0) 13.3 (7.1) 
AS 7,379 2,201 12 1 32.9 (11.2) 13.2 (4.8) 

 

Considering only the ≥10 cm population, ADR reduced the LEO population in all 

scenarios. The mean results show that the AS and ADR10 scenarios behave similarly. For the 

AS, the number of objects in 97 MC runs reduced in size, with the mean population being 32% 

below the size of the initial population. 

The objective, in this case, was to keep the ≥5 cm population size constant by the year 

2209. Clearly, in both Figure 5.1 and Figure 5.2, in achieving the objective for objects sized ≥5 

cm, the number of ≥10 cm objects was reduced. It is reasonable to assume then that if the 

objective was to stop the growth in the ≥10 cm population, the 5-10 cm population will increase. 

This highlights the importance, and potential impact, of objective selection. This is investigated 

in chapter seven. 

Figure 5.3 shows the mean number of collisions for the ADR0 and AS scenarios as a 

function of altitude. 
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Figure 5.3 – The mean number of collisions for objects ≥5 cm as a function of altitude for 

the ADR0 and AS scenario. The bin size equal is equal to 50 km. 

Active debris removal had a considerable effect in reducing the number of collisions in the 

orbital regions between 700 km and 1,000 km, where ADR was most implemented. In fact, 89% 

removals came from this region. In doing so, in this region, the AS reduced the number of 

collisions by 35.8 (64%) compared with the ADR0 scenario. The AS also reduced the collision 

rate between 1,300 km and 1,500 km altitude by 69% compared with the ADR0 scenario. 

Figure 5.4 compares the initial number of objects in LEO as a function of altitude with 

the mean number of objects in LEO for all MC runs at the 2209 epoch for the AS scenario. 

 
Figure 5.4 – Number of objects ≥5 cm in the AS scenario as a function of altitude at the 

2009 and 2209 epochs. The bin size is equal to 200 km. 
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Whilst the total number of objects in LEO at the 2209 epoch and initial population were similar, 

their distribution within LEO was different. The AS reduced the population between 300 km 

and 900 km compared with the initial number of objects, whilst the population between 1,100 

km and 1,900 km increased. This occurred because the majority of removals were between 600 

km and 1,000 km altitude. One of the constraints in removing objects was that their perigee 

altitude was below 1,400 km. As such, this has led to a small increase in the number of objects 

above this region. On average, the number of objects between 1,300 km and 2,000 km had 

grown by 3,450 objects. Despite the growth in this region, the overall risk was 83% lower 

compared to the 600 – 1000 km region.  

5.2.1 All Scenario Populations 

Figure 5.5 through to Figure 5.8 illustrate all 100 MC run’s populations (≥5 cm) for each 

scenario. Each line represents one MC run and one potential future case. For comparison, all 

figures have the same y-axis scale. 

 
Figure 5.5 – Number of objects sized ≥5 cm for 100 MC runs of the ADR0 scenario. 
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Figure 5.6 – Number of objects sized ≥5 cm for 100 MC runs of the ADR5 scenario. 

 
Figure 5.7 – Number of objects sized ≥5 cm for 100 MC runs of the ADR10 scenario. 
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Figure 5.8 – Number of objects sized ≥5 cm for 100 MC runs of the AS scenario. 

 From these figures, it can be seen that the AS constrained the number of objects to a 

narrow range, the majority of AS runs were close to the desired population. The maximum 

population for the AS at the 2209 epoch was 51,589, compared with 84,324 for the ADR5 

scenario and 70,529 for the ADR10 scenario. Although ADR10 performs, on average, similarly 

to the AS, it had a much larger variance. Even with variations in launch, solar, mitigation and 

explosion activity, only 3 MC runs of the AS scenario grow by 50%. This in contrast to 21 MC 

runs for the ADR5 scenario, and 16 for the ADR10 scenario. 

5.2.2 Debris Population Distributions 

Figure 5.9 shows a distribution of all the individual populations (≥5 cm) for the 2209. The area 

in light grey on the figure shows where the population was greater than the initial population. 

Here, the effectiveness of the AS scenario compared with both ADR5 and ADR10 scenarios can 

be seen. 
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Figure 5.9 – Distribution of the normalised number of MC runs having a certain 

population ≥5 cm at 1 May 2209, with a bin size equal to 5,000 objects. 

 In chapter three, these distributions were shown to be a log-normal. Fitting a log-normal 

to the AS here gave a 𝑟𝑟2 fit of 0.97. This equation was 

 

𝑓𝑓(𝑁𝑁(2209)) = 0.31 × 𝑒𝑒− 
�𝑙𝑙𝑚𝑚(𝑁𝑁(2209))−10.25

−0.20 �
2

2  , 
(5.1) 

 

where 𝑁𝑁(2209) is the total number of objects ≥5 cm at the 2209 epoch. The mean was 27,389 

and the mode was 33,500 objects. 

5.2.3 Active Debris Removal Results 

Table 5.4 gives a summary of the key ADR results for each scenario. The mean target selection 

criterion was equal to the mean mass-collision probability product for all the objects removed in 

each scenario. 
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Table 5.4 – Summary of the mean results for each scenario at the 2209 epoch. The value in 

brackets represents the one standard deviation from the mean. 

Scenario 

Mean 

removal 

rate [#/year] 

Mean 
ERF 

Mean target 

selection 

criterion 

value 

Mean number of 

removals required 

to prevent one 

collision ≥5 cm ≥10 cm 

ADR5 5 (0) 18.3 5.2 39.2 (7.4) 25.4 (5.8) 

ADR10 10 (0) 11.9 3.6 22.3 (6.7) 40.9 (7.3) 

AS 6.2 (6.8) 17.4 5.4 29.5 (6.5) 26.3 (6.1) 
 

The mean ADR rate for the AS was 38% lower than the corresponding rate for ADR10, which 

accounts for 718 fewer removals within the span of the simulation. However, the standard 

deviation from the mean of the removal rate was 6.8; this reflects the wide differences between 

each MC run set-up. The ERF was greater for the ≥5 cm than for the ≥10 cm population as there 

are fewer objects sized ≥10 cm. Each removal, on average, reduces the total number of ≥10 cm 

objects by between 3.6 and 5.4.  

 In general, the more removals performed the lower the mean target selection value, this is 

because the more objects that are removed, the lower the individual objects mass-collision 

probability product was. Thus, the more ADR is performed, the less effective (lower the ERF) it 

becomes. Curiously, the ERF for the AS was less than that for ADR5 for objects sized ≥5 cm, 

but marginally greater (within statistical error) for objects sized ≥10 cm. 

 The mean number of removals required to prevent one collision also highlights how 

effective ADR was. On average, between 25 and 41 removals were required to prevent one 

collision in the environment and, despite these removals, collisions still occurred. The reduction 

in the number of collisions for each ADR scenario compared with the ADR0 scenario was: 48% 

for ADR5, 60% for ADR10 and 58% for the AS scenario. 

 Figure 5.10 shows the mean removal rate as a function of time (black solid line) for the 

AS scenario. Also within this figure is the one standard deviation displayed as grey lines. 
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Figure 5.10 – The mean removal rate of the 100 MC runs as a function of time for the AS 

scenario. Light grey lines indicate the one standard deviation from the mean. 

The removal rate is high initially with a mean of 16 removals per year. Then reduces over time, 

until approximately four removals per year after 100 years. This suggests that CASCADE 

initially over predicted the number of objects at the 2209 epoch, which caused the removal rate 

to be high relative to the rest of the MC run. Further, there is no big step change in removal rate 

over the projection period. The biggest difference in removal rate between any subsequent five-

year intervals was 1.5 removals. After 2189 when the objective was only 20 years away the 

removal rate tended to vary more (shown by the increase in standard deviation). 

 Figure 5.11 shows a histogram of the mean removal rate for each MC run. The range was 

between 0.5 and 26 removals per year. The highest removal rate, within one MC run, was 50 

removals per year, this was the maximum permitted rate constrained by the optimiser. This rate 

only occurred in two MC runs, on both occasions this rate was only used for five years. 
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Figure 5.11 – Histogram of the mean ADR rate (2020-2209), with a bin size equal to one 

removal. 

 The mean removal rate was 6.2 per year, whereas the mode was three removals per year. 

To achieve this mean ADR rate, with such a low mode, there were several MC runs where the 

removal rate was much higher than the mean. Twelve of the MC runs had a mean removal rate 

greater than 15 objects per year, and five MC runs with a mean removal rate greater than 20 

objects per year. 

 Given the uniform distribution of launch, explosion, mitigation and solar parameters, an 

expectation would be to expect a similar uniform distribution of the mean ADR rate. Instead, 

the distribution had a better fit with a log-normal. This distribution was 

 

𝑓𝑓(�̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎) = 0.19 × 𝑒𝑒− 
�
𝑙𝑙𝑚𝑚��̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎�−1.0

0.54 �
2

2  , 
 

(5.2) 

 

where �̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎 is the mean yearly removal rate over the time ADR was implemented (2020-2209). 

Using linear regression, given a launch rate, explosion rate, solar cycle amplitude and 

PMD compliance, an approximate empirical equation to calculate the mean yearly removal rate, 

�̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎, was determined by 

 

�̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎 ≈ 12.48 − 1.65𝑘𝑘𝑝𝑝 + 1.30�̇�𝐸 + 0.038�̇�𝐿 − 0.08𝑆𝑆. (5.3) 
 

This equation approximates the mean yearly removal rate within the bounds of 0.14 ≤ 𝑘𝑘𝑝𝑝 ≤ 0.9, 

0 ≤ �̇�𝐸 ≤ 5, 36 ≤ �̇�𝐿 ≤ 129 and 77× 10−22 ≤ 𝑆𝑆 ≤179× 10−22. This equation also assumes that 
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the variables were independent. The 𝑟𝑟2 and RSME values were 0.73 and 0.54 removals2 

respectively.  

5.3 Discussion of Results 

Applying the adaptive strategy in the simulations presented gives the benefit of having a higher 

confidence (greater number of MC runs) of reaching a specific objective; whilst simultaneously, 

requiring fewer removals compared to a “traditional” method of removing a fixed number of 

objects per year, on average. This comes down to the fact that the adaptive strategy makes 

intelligent decisions on how many objects to remove based on a predictive model. This is a 

similar conclusion to chapter four, but here the AS has shown to have an even greater advantage 

over a fixed removal rate due to the addition of random set-ups for each MC run. 

All MC runs for the AS showed control over the size of population at the 2209 epoch. 

This is a reassuring result, even with pessimistic future parameters (high launch rate, low PMD 

compliance, low solar activity and a high number of explosions), using the correct removal rate, 

the strategy can help control the number of objects. 

Initially the number of removals remained high and then slowly reduced over time to a 

more constant rate, until nearer the end of the projection where a bigger dispersion of removal 

rates was seen. The transition between different removal rates for subsequent five-year internals 

remained small throughout the projections. For spacecraft operators and manufactures, this is a 

positive result as it allows the number of ADR missions to remain relatively stable, rather than 

removing one object one year, then 20 objects the next. This then will make the operation of 

ADR missions more consistent.  

From an efficiency point of view, it is best to avoid performing a high number of 

removals, if possible. The more removals performed the less was the overall effectiveness of 

ADR to reduce the population. As a result of this reduced ADR effectiveness, in cases with 

pessimistic future parameters, where already a high number of removals are required, even more 

are required, because the overall effectiveness of ADR has reduced. This is additionally seen 

with the difference in mean and mode values for the ADR rates. However, whilst removing 10 

objects per year compared with five has a lower ERF, removing more objects decreases further 

the total collision probability of LEO and have a better overall impact for the environment.  

It is unlikely the variations between populations (standard deviation and range) can be 

reduced much further using the AS. Given that, within the simulations, the targets for removal 

are objects that are likely to collide in the future, not objects that will collide. Thus, ADR target 

selection within the modelling process is statistical, and in a similar way, so too is the 

generation of collisions. Therefore, there will always be MC runs (assuming many are run) 

where the objects removed by ADR will have little effect on the collision rate. Thus, any 
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successful objective that uses a population size as its goal must allow for a certain tolerance to 

the number of objects. The topic of objectives is covered in chapter seven. 
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6. The Frequency of Adaptive Strategy Updates 

An important variable in adaptive management is investigating the most appropriate timescale 

for updates of the environmental system in question (Norton and Reckhow, 2008). Step four 

(evaluation of the environment) in Figure 1.4 of the adaptive management framework, is 

defined as observing how the current strategy is working and look for potential triggers that 

may prompt the strategy to change.  

Delays in reacting to events that have occurred within the debris environment or reacting 

too quickly to any changes may result in overshooting or undershooting the desired objective 

with the potential for causing large population changes in the environment. Too frequent 

updates could misconstrue short-term variations in the environment as long-term behaviour, 

leading to fluctuations in removal rates over a small period. On the other hand, infrequent 

updates could mean that the objective is not reached or lead to a less efficient approach. 

It is difficult to determine the best time to update the removal rate without running a 

series of experiments or simulations of the environment with different update times and triggers. 

In this study, a variety of different triggers within the environment were used to prompt an 

update to the removal rate. In the previous chapters, the frequency of updates to the adaptive 

strategy was set at every five years (𝛥𝛥𝑡𝑡𝐴𝐴𝐴𝐴= 5 years). This study investigates four scenarios that 

update their removal rates based on a fixed time interval: updating the strategy every year (AS-

1YR), 10 years (AS-10YR), 15 years (AS-15YR) and 20 years (AS-20YR). For the purpose of 

this study, the results of the original AS in chapter five was renamed to AS-5YR. 

Two additional scenarios were investigated that used catastrophic collisions as trigger 

points to update the strategy. Each catastrophic collision is likely to add thousands of additional 

fragments to the environment potentially causing a change in the evolution of the space 

environment. The first scenario updated the strategy every time a catastrophic collision occurred 

in the MC run (AS-CAT), whilst the second updated the strategy when a catastrophic collision 

occurred and every five years (AS-CAT-5YR). 

Finally, three more scenarios used the size of debris population as a trigger to update the 

strategy. An update occurred when the debris population increased or decreased beyond a 

certain threshold number of objects. The first scenario used an increase or decrease of 5% in the 

initial population size at the 2009 epoch (AS-5%), whilst the second used a 10% increase or 

decrease in initial population size (AS-10%) and the third, 20% increase or decrease in initial 

population size (AS-20%). If, after five years the population size had not increased or decreased 

to be within ±5%, ±10% or ±20% region, the removal rate was updated again. This update was 
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subsequently repeated every five years until the population size was within ±5%, ±10% or 

±20% of the initial population size.  

6.1 Method 

The ten scenarios triggers’ to update the removal rate are summarised in Table 6.1. 

Table 6.1 – Description of scenarios triggers to update the removal rate. 

Scenario acronym Trigger to update the removal rate 
AS-1YR Update every year  

AS-5YR Update every five years 

AS-10YR Update every 10 years 

AS-15YR Update every 15 years 

AS-20YR Update every 20 years 

AS-CAT Update when a catastrophic collision occurs 

AS-CAT-5YR Update when a catastrophic collision occurs and every five years 

AS-5% Update when the current debris population goes above 105% or 

below 95% of the initial population 

AS-10% Update when the current debris population goes above 110% or 

below 90% of the initial population 

AS-20% Update when the current debris population goes above 120% or 

below 80% of the initial population  

 

The removal rate was updated at the beginning of the year following a trigger event. At the 

beginning of 2020, when ADR activities commenced, all scenarios ran the adaptive strategy to 

find an initial removal rate. 

The set-up for DAMAGE and other CASCADE parameters for this study remained the 

same as in chapter five. One hundred MC runs were carried out for each scenario to attain the 

mean, standard deviation of the mean and mode of the ≥5 cm and ≥10 cm LEO population. 

Further, the proportion of MC runs showing a decrease in population after 200 years, as well as 

the total number of collisions, both catastrophic and non-catastrophic, were recorded and 
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analysed for each MC run. The ERF was used and was measured at the end of the MC run on 1 

May 2209. 

6.2 Results and Analysis 

Figure 6.1 and Figure 6.2 display the mean populations for each scenario for objects sized ≥5 

and ≥10 cm respectively. 

 

 
Figure 6.1 – The mean effective number of objects ≥5 cm in size for (top) each scenario 

that updates on specific yearly intervals and (bottom) all other scenarios. 
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Figure 6.2 – The mean effective number of objects ≥10 cm in size for (top) each scenario 

that updates on specific yearly intervals and (bottom) all other scenarios. 

In Figure 6.1, the mean populations can be separated into four distinct groups. The highest 

population consists of the AS-20% scenario, the first group form the AS-1YR, AS-5YR and 

AS-20YR scenarios, and the second group comprises the AS-CAT-5YR, AS-10YR, AS-CAT 

and AS-10% scenarios, the third AS-15YR and AS-5%, and fourth AS-20YR. The same 

groupings can be seen, although to a lesser extent in Figure 6.2. 

From Figure 6.2, all scenarios reduced the ≥10 cm mean population by values between 

71% and 63% of the initial population size. Almost all MC run’s populations, in all scenarios, 
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reduced in objects sized ≥10 cm. A summary of the results for each scenario is shown in Table 

6.2. 

Table 6.2 – Summary of the population statistics for each scenario at the 2209 epoch. 

Values in brackets indicate the one standard deviation from the mean. 

Scenario 

Standard 

deviation from 

the mean at the 

2209 epoch 

Number of MC run’s 

populations that have 

grown in size 

Mean 

number of 

collisions 

Mean 

number of 

catastrophic 

collisions 
≥5 cm ≥10 cm ≥5 cm ≥10 cm 

AS-1YR 6,631 1,869 35 1 33.3 (12.6) 14.2 (5.3) 
AS-5YR 7,379 2,201 24 3 32.9 (11.2) 13.2 (4.8) 
AS-10YR 6,695 2,235 16 0 29.4 (10.0) 12.0 (5.2) 
AS-15YR 6,602 1,911 25 1 29.9 (10.5) 12.5 (4.6) 
AS-20YR 6,449 1,927 41 3 33.1 (13.0) 13.3 (5.6) 
AS-CAT 7,663 2,346 22 0 28.3 (11.2) 12.1 (4.9) 
AS-CAT-5YR 5,912 1,835 40 0 30.1 (8.8) 12.6 (4.4) 
AS-5% 7,386 2,326 22 0 29.9 (11.3) 12.3 (5.6) 
AS-10% 6,542 1,910 20 1 28.9 (9.6) 12.6 (4.4) 
AS-20% 7,301 2,209 49 2 34.8 (13.1) 14.2 (8.7) 

 

The AS-20% scenario had the worst performance, with respect to increases in the ≥5 cm 

population, with 49 MC runs over the initial population, whilst the AS-10YR had the best with 

only 16 MC runs slowing an increase in population.  

The standard deviations were relatively consistent for all scenarios. These values were 

slightly higher than the number of fragments produced by a mean catastrophic collision in LEO 

(5,490 fragments and 1,585 fragments of objects sized ≥5 or ≥10 cm respectively).  

The ratio of catastrophic collisions to the total number of collisions was similar for each 

scenario, and varied between 0.40 and 0.48. There is also, as expected, a correlation between the 

mean number of collisions and the number of MC runs showing a population growth. 

Table 6.3 shows the number of MC runs above or between a certain population at the 

2209 epoch. 
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Table 6.3 – Results all MC run’s populations at the 2209 epoch compared with the initial 

population. 

Scenario 

Number of MC run’s final 

populations that were bigger 

than the initial population by  

Number of MC 

run’s end 

populations 

between 80% 

and 120% of the 

initial population 

Number of MC 

run’s end 

populations 

between 90% and 

110% of the 

initial population 80% 100% 120% 140% 

AS-1YR 72 35 8 0 64 46 
AS-5YR 73 24 10 3 63 51 
AS-10YR 49 16 7 2 42 34 
AS-15YR 67 25 11 1 46 29 
AS-20YR 69 41 13 3 39 19 
AS-CAT 47 22 12 0 35 29 
AS-CAT-5YR 77 40 10 3 67 53 
AS-5% 55 22 8 0 69 51 
AS-10% 52 20 7 1 45 32 
AS-20% 76 49 19 4 57 39 

 

The AS-CAT and AS-10YR scenarios had the greatest reduction in population with 53 

and 51 of MC runs below 80% of the initial population respectively. However, the objective 

was to prevent the growth of the population not reduce it. Thus the most effective strategies 

ensured that the number of MC runs came as near as possible to the original population size. 

The two final columns in Table 6.3 show the number of MC runs that were between 80% and 

120% and 90% and 110% of the initial population. The AS-1YR, AS-5YR and AS-CAT-5YR 

all have the highest number of MC runs within this range.  

Table 6.4 summaries the statistics of the number of updates performed for each scenario. 

The AS-1YR scenario had over three times the number of updates than any other scenario, but 

did not perform any better at preventing the growth of the population than the AS-10YR 

scenario. However, the scenarios with the highest number of updates also had the highest 

number of MC runs between 80 and 120% of the initial population. 

The AS-20% scenario had the highest mean population and almost double the number of 

MC runs greater than 140% of the initial population. This may be partly due to having the 

fewest number of updates per MC run. This however, was not the case for the AS-10YR that too 

had only a small number of updates per MC run, but had the greatest number of MC runs 

preventing growth and the lowest mean population. 
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Table 6.4 – Mean, maximum and minimum number of updates per MC run for each 

scenario in order of mean number of updates per MC run. Values in brackets show one 

standard deviation. 

Scenario 
Mean number of 
updates per MC 
run 

Maximum number 
of updates per MC 
run 

Minimum number 
of updates per MC 
run 

AS-20YR 9 (0) 9 9 
AS-15YR 12 (0) 12 12 
AS-CAT 14.3 (6.2) 24 2 
AS-20% 17.6 (11.0) 38 1 
AS-10YR 18.0 (0) 18 18 
AS-CAT-5YR 19.6 (5.9) 31 6 
AS-10% 29.9 (8.0) 39 13 
AS-5% 34.2 (11.2) 42 16 
AS-5YR 37.0 (0) 37 37 
AS-1YR 189 (0) 189 189 

 

A summary of key ADR results for each scenario is shown in Table 6.5, ranked from 

highest to lowest ERF. 

Table 6.5 – Key ADR results for each scenario ranked in order of highest to lowest ERF. 

Values in brackets show the one standard deviation from the mean. 

Rank Scenario 
Mean removal 

rate [#/year] 

Mean ERF 

≥5 cm ≥10 cm 
1 AS-10YR 5.7 (5.6) 22.2 5.6 
2 AS-10% 5.7 (6.6) 21.8 5.4 
3 AS-5% 6.9 (6.0) 18.5 5.5 
4 AS-5YR 6.2 (6.8) 17.4 5.4 
5 AS-CAT 7.2 (7.0) 17.4 5.3 
6 AS-CAT-5YR 7.2 (5.6) 15.2 4.4 
7 AS-15YR 7.8 (5.7) 15.1 4. 3 
8 AS-1YR 7.5 (7.1) 14.4 4.5 
9 AS-20YR 7.8 (6.2) 14.1 4.1 
10 AS-20% 9.5 (7.8) 10.6 4.0 

 

The total number of removals per scenario, ranged between 1,077 and 1,796 over the 200-year 

projection. Including both the ADR and population statistics, the AS-10YR appeared to perform 

marginally better than the other scenarios, by having the lowest ADR rate, highest ERF (over 

double compared with the AS-20% scenario), greatest number of MC runs below the initial 

population with the additional benefit of having the least number of updates. Scenarios with the 
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highest ERF also had the lowest ADR rate. No MC runs in any of the scenarios reached the 50 

removals per year cap set in CASCADE. 

Figure 6.3 shows the mean ADR rates as a function of time for each scenario that updates 

on specific yearly intervals whereas; Figure 6.4 shows the mean ADR rates of the other 

scenarios. 

 
Figure 6.3 – Mean removal rate as a function of time of the three scenarios with the 

highest ERFs. 

 
Figure 6.4 – Mean removal rate as a function of time of the three scenarios with the lowest 

ERFs. 
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All the scenarios, except AS-20%, have the same characteristic shape as in chapter five. The 

AS-20% scenario had a much smaller initial peak and a much higher total number of removals. 

The AS-15YR scenario had a higher peak removal rate than most of the scenarios, 

removing 22 objects per year for the first 15 years, but fell faster ending with a low removal 

rate. As such, the total number of objects removed was less than the other scenarios whilst 

simultaneously providing a majorly better performance. This may be because, initially, in each 

MC run, there are a high number of objects with large mass-collision probability products. The 

longer these objects stay in orbit, the greater the cumulative collision probability. Thus, the 

more of these objects are removed quickly the lower the total collision probability in LEO will 

be over a long time period. This explains why the AS-20% performs poorly compared with the 

AS-10YR scenario (Figure 6.4), in terms of both ERF and the number of MC runs reaching 

their objective.  

Figure 6.5 shows the mean populations ≥5 cm (in 2209) of each scenario with a different 

AS update frequency (based on specific years). 

 
Figure 6.5 – Mean ≥5 cm population at the 2209 epoch as a function of AS update 

frequency. Errors bars are equal to the one standard deviation of the population. 

Figure 6.6 shows the mean ADR rate of each scenario with a specific yearly update frequency. 
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Figure 6.6 – Mean ADR rate at the 2209 epoch as a function of AS update frequency. 

Errors bars are equal to the one standard deviation of the ADR rate. 

According to Figure 6.5 and Figure 6.6 the most optimum update frequency is AS-10YR. 

Updating the AS faster or slower than this value produces a greater population and a greater 

mean ADR rate.  

6.3 Discussion of Results 

The purpose of this study was to investigate a selection of update triggers to determine how they 

affect the efficiency and effectiveness of the adaptive strategy. All the investigated scenarios 

were effective at controlling the population and reaching their objective; whether updates to the 

removal rate were made every year, every 10 years or every collision the outcome is (more or 

less) the same. This allows the advantage of flexibility of when the strategy is updated.  

This study has shown three different approaches to determine the update frequency: a 

fixed update time, using triggers that occur within the environment, or using a population size 

threshold. Other approaches too could be used to update the strategy. For example, an update 

trigger could be the value of the number of removals itself, such that, more updates are 

performed in the response to high removal rates and fewer when there are lower removal rates. 

Although this could lead to a divergence in removal rate. The update frequency could also be 

dependent upon previous years’ launch rates and mitigation compliance. For example, if the 

launch rate or compliance to mitigation measures dramatically changes over a period of a few 

years an update will occur. 

 Reducing the time interval between updates may have provided the most effective 

strategy, as this would have provided a faster reaction to any changes in the environment that 

occurred. Thus, any small disturbance in the environment can be accounted and adapted for 
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quickly, increasing the overall efficiency and effectiveness of ADR. However, the performance 

of a particular removal rate cannot be properly assessed over less time than it takes the 

environment to undergo any change from the particular removal rate. Work in the previous 

chapter has shown that ADR takes time until it becomes effective. Figure 5.1 shows the mean 

debris population as a function of time for the scenarios with ADR (ADR5, ADR10 and AS) 

and a scenario with no ADR (ADR0). Although ADR activities start in the year 2020, it is not 

until 2030 that any difference in population can be seen. This is a function of the target selection 

criterion; the mean number of objects that must be removed to prevent a collision was between 

20 and 41 and thus given that on average, thus, on average, several years of removals are 

required before any affect is seen. It was found that the most optimum update fixed frequency 

was every 10 years, with AS-5YR being a close second. The AS-10YR had the lowest mean 

population and lowest ADR rate.  

The AS-CAT scenario was updated when a catastrophic collision occurs, on average 

every 15 years. Once this has occurred, DAMAGE used this removal rate, based on one 

CASCADE prediction based directly after a collision, until anther collision occurs. As the 

CASCADE model is only based on mean collision values, rather than individual fragment area-

to-mass ratios and velocities, CASCADE may then not provide an accurate picture of the 

environment directly after a collision occurs, either overestimating or underestimating the 

removal rate, depending on the size of the collision. 

The AS-20% and AS-10% scenarios had a predefined region of acceptable debris 

populations, when outside these regions the adaptive strategy will update, causing the number of 

objects, in theory, to reduce or increase back to this region. If these regions are too small, 

however oscillations between removal rates could occur. Fortunately, for the AS-10%, this 

population region was 6,000 objects or one mean sized catastrophic collision, so no oscillations 

occurred.  

The AS-10YR scenario had the best performance, potentially due to the high number of 

objects removed quickly in each MC run. Why then not remove a high number of objects in the 

first few years of ADR activities? Firstly, ADR is likely to be initially very expensive and have 

many risks. Whilst some developing ADR concepts, in theory, are able to remove a multitude of 

objects (i.e. attaching tether systems, rocket motors, and drag sails to objects) these are not yet 

verified. Furthermore, in these simulations, a high number of objects were removed that were 

only launched later in the simulation and thus cannot be removed initially.  

This suggests there is a trade-off between an initially higher or lower removal rate for 

long-term population control. On the one hand, a benefit is gained from removing as many as 

possible quickly; whilst on the other hand, practical and financial constraints limit this number. 

Interestingly, the adaptive strategy lends itself naturally to initially removing more objects than 

the mean removal rate. 
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The adaptive strategy has been shown to be more effective than a fixed yearly removal 

rate, but looking at the wider picture a question is raised: how does a varying removal rate affect 

the space industry’s ability to perform ADR missions? The space industry, particularly the 

design, manufacture and operations of satellites, will be constructing ADR missions. Changing 

between removal rates on a potentially yearly basis may be problematic. The length of time 

from design to launch of satellites is typically measured in decades. Having a requirement for a 

different number of missions on a yearly basis implies satellites must either be manufactured 

within a year or stockpiled in case removal rates increase. Another option may be to launch 

missions in advance only for them to lay dormant until required to remove objects. A final 

option may be to have an ADR mission that can remove multiple targets; this may then allow 

flexibility in the number of objects removed. 

Thus far, the studies performed have all been directed at preventing the increase of either 

the ≥10 cm or ≥5 cm LEO population. The following chapter expands this, investigating other 

options for potential objectives of the adaptive strategy. 
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7. The Objective of the Adaptive Strategy 

Modelling studies such as those by the IAA (2010), Liou (2011) and Lewis (2012a) have shown 

ADR can potentially prevent the net growth of the ≥10 cm LEO debris population over a 200-

year period. The objective of the adaptive strategy thus far had a similar objective: maintain the 

debris population for objects sized ≥10 cm or ≥5 cm (depending upon the study). 

There is currently no consensus on or definition of what comprises sustainable outer 

space activities and as such, no specific guidelines or objectives for ADR exist. There are a 

variety of potential objectives, these include: 

• maintain the current size of the LEO debris population, 

• prevent the population growing in size above a certain threshold level, 

• reduce the population size below a certain threshold level, 

• reduce the population size to a level where collisions do not dominate new space 

debris creation, 

• prevent the total collision risk to operational satellites reaching beyond a certain 

level, 

• or prevent key orbit regions (such as Sun-synchronous orbits) reaching a certain 

threshold spatial density. 

Some of these objectives are quantifiable by measuring the total number of debris objects, be it 

within the whole of LEO or specific orbital regions. 

This study explores a selection of quantifiable objectives for the adaptive strategy. 

Modifying the objective from previous chapters may lead to a different behaviour in the strategy 

that, in turn, may lead to different removal rates being required. The study is separated into two 

categories. The first category investigates modified objectives that prevented the debris 

population reaching beyond a fixed population size measured with respect to the initial 

population. This consists of six scenarios with objectives to constrain the debris population to 

within 150% (AS-150), 120% (AS-120), 110% (AS-110), 90% (AS-90), 80% (AS-80) and 50% 

(AS-50) of the initial population by 2209.  

The second category of scenarios aimed to prevent the growth of the ≥5 cm population, 

as before, but over different time periods. Instead of meeting this objective at the 2209 epoch, 

the time to reach this objective moved continuously forward with the current simulation time, 

known as a receding horizon, described in chapter two. Three scenarios were investigated: 
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maintaining the initial population size in 100 years (ASG-100), 50 years (ASG-50), or 25 years 

(ASG-25) years into the future with respect to the current simulation time. 

7.1 Method 

The first category of scenarios is displayed in Table 7.1.  

Table 7.1 – The objectives of the first five scenarios presented in this chapter. 

Scenario acronym Objective 
AS-150 

 

Allow the population to grow by 150% of the initial population by 

the end of the 200-year simulation 

AS-120 

 

Allow the population to grow by 120% of the initial population by 

the end of the 200-year simulation 

AS-110 

 

Allow the population to grow by 110% of the initial population by 

the end of the 200-year simulation 

AS-90 Reduce the space debris population to 90% of the initial population 

by the end of the 200-year simulation 

AS-80 Reduce the space debris population to 80% of the initial population 

by the end of the 200-year simulation 

AS-50 Reduce the space debris population to 50% of the initial population 

by the end of the 200-year simulation 
 

To reach these new objectives, the desired number of objects in the LEO population, 𝑁𝑁𝑟𝑟, was 

changed to reflect each scenario. For example, in the AS-120 scenario the desired number of 

objects was changed to 

𝑁𝑁𝑟𝑟 = 1.2𝑁𝑁(𝑡𝑡0), (7.1) 
 

where 𝑁𝑁(𝑡𝑡0) is the initial population. The error between the desired population and the 

population predicted by CASCADE was then 

 

𝑁𝑁ε(𝑡𝑡𝑒𝑒, �̇�𝑅) = 𝑁𝑁𝑝𝑝�𝑡𝑡𝑒𝑒, �̇�𝑅� − 1.2𝑁𝑁(𝑡𝑡0). (7.2) 
 

The bisection method was used to identify an appropriate removal rate in CASCADE that 

minimised this error. 

The second category of scenarios is described in Table 7.2. 
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Table 7.2 – A description of scenarios with different times to complete their objective. 

Scenario Acronym Objective 
ASG-100  Prevent the net growth of the space debris population with 

respect to the initial population within 100 years of the 

current time  

ASG-50 Prevent the net growth of the space debris population with 

respect to the initial population within 50 years of the current 

time  

ASG-25 Prevent the net growth of the space debris population with 

respect to the initial population within 25 years of the current 

time  
 

To simulate these scenarios, CASCADE found a removal rate, �̇�𝑅*, that would prevent the 

growth of the LEO debris population within the time specified in each scenario. Unlike previous 

scenarios that maintained the MC run end time constant at 𝑡𝑡𝑒𝑒= 2209, each simulation tried to 

prevent the net growth in number of objects at a census date, 𝑡𝑡 + 𝜇𝜇𝑎𝑎. Such that  

 

𝑁𝑁ε(𝑡𝑡 + 𝜇𝜇𝑎𝑎, �̇�𝑅) = 𝑁𝑁𝑝𝑝�𝑡𝑡 + 𝜇𝜇𝑎𝑎, �̇�𝑅� − 𝑁𝑁(𝑡𝑡0), (7.3) 
 

where 𝜇𝜇𝑎𝑎, is a time variable, that varied between 25, 50 and 100 years depending upon the 

scenario. 

Each scenario consisted of 100 MC runs. All other adaptive strategy, DAMAGE and 

CASCADE parameters remained the same as in chapter five. 

7.2 Results and Analysis 

The results section is separated into the two categories discussed above. 

7.2.1 Scenarios with Modified Population Objectives 

Figure 7.1 and Figure 7.2 show the mean number of objects ≥5 and ≥10 cm in size for each 

scenario. 
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Figure 7.1 – The mean effective number of objects ≥5 cm in size for each scenario.  

 
Figure 7.2 – The mean effective number of objects ≥10 cm in size for each scenario.  

On average, the populations (≥5 cm) ranged between 4.0% and 8.2% lower than their target 

population size (their objective), excluding AS-50 that was 26% higher than its objective 

population size. As in previous results, there was little difference between scenarios until 2030.  

The ≥10 cm populations all decreased in size throughout the simulation, except the AS-

150 scenario that remained relatively constant (14,700 objects ± 500 objects) throughout the 

projection after a small drop in population over the first 30 years. The reduction in number of 
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objects ≥10 cm is correlated with the reduction of objects between five and 10 cm in size. The 

𝑟𝑟2 values between the ≥10 cm and ≥5 cm population were between 0.89 and 0.81 for each 

scenario. Once again, an objective that prevented the growth of the ≥10 cm population would 

likely see a doubling of objects between five and 10 cm in orbit. 

Table 7.3 shows population statistics for each scenario, ranked in terms of the highest to 

lowest target population size. Included in this table are the ADR0 and AS scenarios from 

chapter three and five respectively. 

Table 7.3 – Summary of the population statistics for 100 MC runs for each scenario at the 

2209 epoch.  

Scenario 

Standard deviation of 

the population from 

the mean  

Number of MC runs 

showing growth in 

the population 

Number of MC runs 

not meeting their 

objective population 

≥5 cm ≥5 cm ≥10 cm ≥5 cm ≥10 cm 

ADR0 16,703 5,030 70 54 - 
AS-150 11,912 3,467 88 40 44 
AS-120 8,249 2,424 68 6 39 
AS-110 6,632 1,955 54 5 34 
AS 7,379 2,201 24 3 24 
AS-90 6,654 1,978 22 1 35 
AS-80 7,024 1,922 13 0 35 
AS-50 7,688 2,135 8 0 74 

 

The standard deviation of the population at the 2209 epoch decreased for lower target 

populations, because for higher population objectives, a proportion of the simulations never 

grow in size to reach their objective population, even without ADR activities. For example, in 

the AS-150 scenario 12 MC runs remained below the initial population, despite the adaptive 

strategy allowing up to a 50% growth in the size of the population. This reduction in standard 

deviation trend is seen from AS-150 to AS-110, however from AS-110 to AS-50 the values of 

standard deviations were similar. 

Excluding the AS, ADR0 and AS-50 scenarios, all scenarios had a similar proportion of 

MC runs below their intended objective (between 56 and 66). Table 7.4 shows the mean, mode 

and median populations of each scenario at the 2209 epoch expressed as a percentage increase 

or decrease compared with the size of the initial population. As the number of MC runs is 

relatively small compared with the number of potential populations, to calculate the mode value, 

populations have been placed into bins of 3,000 objects. The bin with the most MC runs is 

estimated to be the mode value of the data. 
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Table 7.4 – Summary of all scenarios mean, mode and median percentage increase or 

decrease in population size at the 2209 compared to the initial population for objects ≥5 

cm. 

Scenario 

Mean percentage 

change at the 2209 

epoch [%] 

Mode percentage 

change at the 2209 

epoch [%] 

Median percentage 

change at the 2209 

epoch [%] 

ADR0 64 54 54 
AS-150 44 52 43 
AS-120 13 21 12 
AS-110 1.8 12 1.4 
AS -7.6 3.0 -10 
AS-90 -15 -13 -18 
AS-80 -24 -21 -31 
AS-50 -34 -28 -30 

 

The mean and median populations were all below their individual objective target, between 4% 

and 11%), whilst the mode was close to the objective for each scenario, between 1% and 3%. 

Table 7.5 displays a summary of the number of collisions for each scenario. 

Table 7.5 – Summary of the number of collisions and catastrophic collisions in each 

scenario. Values in brackets represent the one standard deviation from the mean. 

Scenario 
Mean number of 

collisions 

Mean number of 

catastrophic collisions 

ADR0 77.5 (30.4) 26.6 (9.9) 

AS-150 62.0 (26.9) 22.4 (9.8) 
AS-120 39.8 (17.8) 15.8 (5.8) 
AS-110 34.0 (11.9) 14.3 (5.7) 
AS 32.9 (11.0) 13.2 (5.0) 
AS-90 26.2 (8.7) 11.0 (4.2) 
AS-80 22.0 (9.0) 9.3 (4.0) 
AS-50 16.8 (7.8) 7.8 (3.7) 

 

The ratio between the total number of catastrophic collisions and the total number of 

collisions is very similar for each scenario, ranging between 0.34 and 0.46. On average, the AS-

150 scenario has 2.8 times as many collisions compared with the AS-80 scenario, and 4.6 times 

as many as the AS-50 scenario. This accounts for the 21,450 mean population difference 

between these two scenarios. Despite the low target population size, the AS-80 collision rate 
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was 0.084 collisions per year. Figure 7.3 compares the population distributions for all the 

scenarios at the 2209 epoch. 

 
Figure 7.3 – Distribution of the normalised number of MC runs having a certain 

population ≥5 cm at 1 May 2209, with a bin size equal to 5,000 objects. 

All the scenarios have a similar distribution shape as in previous chapters. The overlap between 

scenarios is shown in Table 7.6. 

Table 7.6 – Number of MC runs overlapping with the same population size ≥5 cm at the 

2209 epoch between scenarios. 

Scenario AS-150 AS-120 AS-110 AS AS-90 AS-80 AS-50 

AS-150 - 54 42 36 34 30 12 
AS-120 54 - 77 63 51 46 45 
AS-110 42 77 - 79 64 51 55 
AS 36 63 79 - 77 63 67 
AS-90 34 51 64 77 - 81 76 
AS-80 30 46 51 63 81 - 82 
AS-50 12 45 55 67 76 82 - 

 

Despite the wide difference in target population sizes between the AS-50 and AS-150 scenarios, 

there remained 12% of MC runs overlapping in population size. The overlap between scenarios 

increased as the population objective reduced. This is seen in Figure 7.3. As the objective 
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population size reduced, the distribution of each scenario shifted left, reduced in variation but 

the minimum population appeared (relatively) fixed equal to approximately 15,000 objects. 

Figure 7.4 compares the distribution of populations of the AS-150 scenario with the 

ADR0 scenario. The vertical dotted grey line shows the target number of objects for the AS-150 

scenario. 

 
Figure 7.4 – Comparison of all ADR0 and AS-150 scenarios populations at the 2209 epoch. 

The mode population value for the AS-150 scenario is very similar to the objective. The ADR0 

also shares this same mode value. The total overlap between the AS-150 and ADR0 scenario 

was 72%. However, the main difference between the AS-150 and ADR0 scenarios was to 

prevent the majority of AS-150 MC runs increasing beyond 60,000 objects; the stripped region 

represents this region. Twenty two per cent of ADR0 MC runs were over this population size. 

An objective to prevent the population growing in size over 150%, may be useful in order to 

prevent extremely large populations from occurring. 

Table 7.7 shows a summary of the mean ADR statistics between scenarios. 
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Table 7.7 – Summary of the mean ADR statistics for each scenario at the 2209 epoch. 

Values in brackets represent the one standard deviation from the mean. 

Scenario 
Mean removal 

rate [#/year] 
Mean ERF 

≥5 cm ≥10 cm 
AS-150 2.3 (6.1) 13.5 4.8 
AS-120 4.7 (5.5) 16.7 5.1 
AS-110 5.8 (6.6) 16.7  5.0 
AS 6.2 (6.8) 17.4 5.4 
AS-90 9.2 (8.6) 13.4 4.0 
AS-80 11.1 (11.2) 12.4 3.8 
AS-50 31.2 (13.7) 4.6 1.5 

 

The AS had the highest ERF, followed by AS-110, and AS-120. Typically, the higher the 

removal rate the lower the ERF values. The original AS, may have had the highest ERF value as 

CASCADE was validated specifically against reaching zero net growth in the population, and 

therefore worked more effectively at maintaining this population size. Figure 7.5 shows the 

mean population change in each scenario compared with their mean removal rate; thus showing 

what removal rate is required to reach a certain mean debris population. 

 
Figure 7.5 – The mean percentage change in initial population for objects ≥5 cm 

compared with yearly removal rate. 

The thinner grey lines show one standard deviation of the percentage change of each scenario. 

The black thicker line in the figure is a best-fit quadratic curve. As shown, the population 
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approximately decreases proportionally with the square increase in removal rate. The 𝑟𝑟2 

between the data and fitted curve values was 0.98. The equation for this curve, relating the mean 

population at the 2209 epoch, 𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎(2209), for a given mean removal rate, �̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎, is 

 

𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎(2209) = ��
0.56�̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎

2 − 14.47�̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎  +  10067
100

� + 1� × 𝑁𝑁(𝑡𝑡𝑜𝑜). (7.4) 

 

The removal rate, �̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎, for a desired 𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎(2209) is 

 

�̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎 =  0.001 �100 �
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎(2209)

𝑁𝑁(𝑡𝑡𝑜𝑜)
− 1��

2

− 0.15 �100 �
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎(2209)

𝑁𝑁(𝑡𝑡𝑜𝑜)
− 1��  +  6.29. (7.5) 

 

This equation is an approximation and based on the mean results of each scenario. Nevertheless, 

it can serve as a guide for calculating the removal rate required to reach a certain number of 

objects at the 2209 epoch. On average, 6.3 removals per year were required to prevent the 

number of objects ≥5 cm from increasing with a standard deviation of two removals. 9.1 

removals per year were required to prevent 90 of the 100 MC runs from increasing in population 

size. 

In Equation (7.5), the minimum population size, 𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎(2209), was 75.5% of the initial 

population or 22,348 objects found using 
𝑚𝑚𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎(2209)

𝑚𝑚�̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎
= 0. This was achieved by removing 13.4 

objects per year (standard deviation of 1.8). Alternatively, to prevent 90 of the 100 MC runs 

from growing required 18.3 removals per year. This however, is only an estimation as no data 

was simulated above a mean removal rate of 11.1 objects per year. 

Figure 7.6 shows the mean percentage change in population for objects ≥10 cm in size as 

a function of mean removal rate. 
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Figure 7.6 – The mean percentage change in initial population for objects ≥10 cm 

compared with yearly removal rate. 

The following equations, formed from the quadratic fitted curve in Figure 7.6 (𝑟𝑟2 of 0.95), 

describe the mean population change for objects ≥10cm for a given mean removal rate,  

 

𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎(2209) = ��
0.31�̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎

2 − 8.21�̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎  +  10011
100

�+ 1� × 𝑁𝑁(𝑡𝑡𝑜𝑜), (7.6) 

 

or mean removal rate for a given population size 

 

�̇�𝑅𝑎𝑎𝑎𝑎𝑎𝑎 =  0.0027 �100 �
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎(2209)

𝑁𝑁(𝑡𝑡𝑜𝑜)
− 1��

2

− 0.11 �100 �
𝑁𝑁𝑎𝑎𝑎𝑎𝑎𝑎(2209)

𝑁𝑁(𝑡𝑡𝑜𝑜)
− 1��  +  1.42. (7.7) 

 

The intersection of this curve with the x-axis (i.e. the root of the function), showing the mean 

removal rate that prevented the growth of the ≥10 cm population, was 1.42 removals per year, 

including the standard deviation was between 0 and 3.0 objects per year. Once again 

extrapolating from this equation, the number of removals, which lead to the smallest population 

size, was equal to 13.6 objects per year. This population size was 57.3% of the initial population 

or 9,283 objects.  

Figure 7.7 shows the mean removal rate for each scenario as a function of time. 
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Figure 7.7 – Mean removal rate of each scenario as a function of time. 

All the scenarios, excluding the AS-150 scenario, follow a similar shape trend as found in 

previous results, with a high initial removal rate that decreased gradually to a relatively constant 

rate after 100 years, until 2149 where large fluctuations started to occur. The removal rate for 

the AS-150 scenario on the other hand, slowly increased for the first 130 years, and then 

remained fixed at 2.7 removals per year (with fluctuations from this value at 3 removals per 

years). 

The major difference between scenario removal rates is within the first 100 years of the 

simulation. The AS-80 scenario had 12.8 times more removals than AS-150 for the first 100 

years. 

7.2.2 Scenarios with Variable Times to Complete their Objective 

Figure 7.8 shows the mean population of objects ≥5 cm for the three scenarios with different 

receding horizons to complete their objective, alongside the original AS scenario. 
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Figure 7.8 – The mean effective number of objects ≥5 cm in size for each scenario.  

The difference between these scenarios populations at the 2209 epoch was 3,000 objects; this 

was within the standard deviation of the mean population of each scenario. The same trend can 

be seen with objects ≥10 cm, the range of mean populations was less than 1,000 objects. Table 

7.8 shows a summary of the statistics for each scenario. 

Table 7.8 – Summary of the population statistics for each scenario at the 2209 epoch. 

Values in brackets indicate the one standard deviation from the mean. 

Scenario 

Standard 
deviation of the 
population from 
the mean at the 

2209 epoch 

Number of MC run’s 
populations that 

have grown in size 
Mean 
number of 
collisions 

Mean 
number of 
catastrophic 
collisions 

≥5 cm ≥10 cm ≥5 cm ≥10 cm 
AS 7,379 2,201 24 3 33.0 (11.0) 13.0 (5.0) 
ASG-100 10,389 3,136 45 11 33.7 (14.0) 14.9 (7.3) 
ASG-50 5,424 1,415 35 1 32.1 (10.9) 13.9 (4.5) 
ASG-25 6,940 1,835 29 1 32.7 (12.5) 14.0 (5.6) 

 

The ASG-100 scenario had the largest standard deviation, mean population and highest number 

of MC run’s populations growing in size. This could be because there was allowed to be a much 

longer time to prevent the growth over 100 years, compared to the other scenarios, making the 
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strategy less aggressive and allowing for initially fewer removals and less possibility of 

preventing the net growth at a specific time. 

Figure 7.9 shows the distribution of populations for these scenarios and Table 7.9 shows 

the summary ADR statistics. 

 
Figure 7.9 – Distribution of the normalised number of MC runs having a certain 

population ≥5 cm at 1 May 2209, with a bin size equal to 5,000 objects. 

Table 7.9 – Summary of ADR statistics for all scenarios with different times to reach their 

objective. Values in brackets represent the one standard deviation from the mean. 

Scenario Mean removal 
rate [#/year] 

Mean ERF 
≥5 cm ≥10 cm 

AS 6.2 (6.8) 17.4 5.5 
ASG-100 5.8 (3.9) 16.6 4.7 
ASG-50 7.3 (14.7) 12.4 3.6 
ASG-25 8.7 (19.0) 11.8 3.6 

 

The ASG-50 scenario had the largest peak nearest the original population, and lowest standard 

deviation; however, its ERF was lower than both the AS and ASG-100 scenario. The AS 

scenario had the highest ERF value, even compared with the ASG-100 scenario, which had a 

lowest mean removal rate. The ASG-25 performed the worst of the four scenarios, in terms of 

highest removal rate and lowest ERF. 

7.3 Discussion of Results 

The adaptive strategy has been shown to work with the variety of different population 

objectives, the stricter the required population size the more removals required. 
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Despite a mean increase of 44% in the ≥5 cm population, the AS-150 scenario, on 

average, still prevented the growth of the ≥10 cm population. This is a similar result as in 

chapter three: preventing the growth of the ≥10 cm population does not necessarily prevent the 

growth of objects smaller than this. Although, the size of the 5-10 cm population is likely to be 

correlated with the ≥10 cm, almost three times the number of removals were required to prevent 

the ≥5 cm population from increasing compared with the ≥10 cm population. 

The standard deviation of the populations at the 2209 epoch did not fall below 5,400 

objects, even with a lower population objective. The value of this standard deviation remained 

consistent with other the studies in this thesis. This is likely to represent the limit on how 

accurate ADR may be in achieving a certain number of objects within DAMAGE. Therefore, 

some tolerance needs to be incorporated within any objective involving a specific number of 

objects to increase any potential success rate with ADR activities. A good starting point may be 

to have an objective number of objects with a tolerance equal to the number of fragments 

generated by one catastrophic collision. 

In the writing of the adaptive strategy, there was no penalty included for not meeting the 

required objective. The adaptive strategy always aimed for achieving the exact target number of 

objects. This is why the mode population value tended to be very close to the objective, with an 

equal number of MC runs having populations above and below this mode (or above and below 

the target population). 

The quadratic equations showing population change as a function of removal rate 

(Equation (7.4) and (7.6)), demonstrate the reducing effectiveness of ADR as the objective 

population size reduces. As the objectives reduced in population size the overlap between 

scenario’s populations increased. If this trend continued, there appears to be a minimum 

population that could be reached with ADR activities. This was approximately 22,000 for 

objects ≥5 cm (75.5% of the initial population) and 9,000 for objects ≥10 cm (57.3% of the 

initial population). To achieve this minimum population size, the removal rate would be similar 

for both ≥5 cm and ≥10 cm sized objects, 13.4 and 13.6 objects per year respectively. This may 

imply that any long-term mean removal rate beyond these values will have little effect on the 

environment, within the set-up of the simulations. 

The use of different times to complete each objective did not make a significant 

difference to the overall effectiveness of the strategy or removal rate. This adds some flexibility 

about how the adaptive strategy may be used, without compromising the effectiveness of the 

strategy itself. As a caveat, this study is not intended to suggest an objective as there are, of 

course, a range of other factors in determining an appreciate objective other than how many 

removals are required to achieve it. This as well as other general points are discussed in the 

following chapter. 
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8. Summary and General Discussion 

An adaptive strategy that selects and removes a number of objects via ADR can help to control 

the size of the LEO debris population. Until now, ADR modelling studies have simulated ADR 

at fixed yearly rates, such as three, five or 10 removals per year (Lewis, et al., 2009a; Liou, 

2009; IAA, 2010; Liou, 2011; White, et al., 2011; 2012b, 2013). These studies have shown the 

effectiveness of ADR on reducing the expected number of collisions in LEO, and reducing the 

predicted population size compared with scenarios with no ADR. Now this has been shown 

from a modelling perspective, it was necessary to investigate and simulate different approaches 

that dictate when and how many removals are performed, in an attempt to optimise potential 

future ADR activities. It is difficult however to determine ahead of time precise removal rates 

that will lead to a long-term sustainable space activities as there will always be uncertainty in 

how we utilise and the behaviour of the space environment. 

The approach taken in this thesis blended elements of adaptive management and control 

engineering to highlight the benefits of a flexible adaptive approach to control the size of the 

LEO debris population. Such an approach is a more efficient and robust solution than a 

“traditional” approach of removing a fixed number of objects that may not be robust against 

uncertain future conditions and not perform well in a fast-changing dynamic space environment. 

There are three novel aspects to the work in this thesis: firstly, utilising a discrete 

propagation model as a way to regulate the size of the debris population in a full propagation 

model. Secondly, the adaptive strategy has taken the existing concept of adaptive management 

and applied this within a completely new setting. Until now, adaptive management has been 

discussed, conceptualised or even utilised for a variety of scientific fields, but not space debris 

or the space environment. Finally, this thesis has proposed a concept for a long-term strategy 

that identifies ADR rates based on future predictions. Active debris removal based research is 

relatively new compared with other space disciplines and as such, currently there has been no 

proposed long-term strategy or solution for its best most effective use within the space debris 

environment. 

8.1 Summary of Key Results 

The key results of this thesis are as follows: 
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Mitigation to control the debris population - mitigation is vital in reducing the future 

debris population. As such, efforts to improve compliance with existing mitigation measures are 

paramount. Many modelling studies (Walker, et al., 2001; Anselmo, et al., 2001; Klinkrad, et 

al., 2002; IADC, 2007), including the results in developing this thesis (White, et al., 2012a; 

2012b; 2013; 2014a; 2014b), have shown that mitigation alone can reduce the expected ≥10 cm 

population by upwards of 70% (White, et al., 2012a). These studies have advocated that 

mitigation should be the first and predominant approach to address the growth of the debris 

population. Mitigation has the additional benefit of being relatively inexpensive, compared with 

proposed ADR activities, according to recent cost estimates (Wiedemann, et al., 2012). Further, 

the acceptance and implementation of such mitigation measures have been growing steadily 

over the last two decades (Wiedemann, et al., 2004). There is however room for improvement, 

particularly with respect to PMD compliance, which has been shown to be one of the most 

effective (White, et al., 2012a) but currently, the least implemented measure (Lewis, et al., 

2012b; Krag, et al., 2012b). 

The range of future debris populations - using a wide range of future parameter values 

describing launch, explosion, mitigation and solar activity, results in a wide range of future LEO 

population sizes. Over a 200-year MC run, without ADR, the range in the LEO population size 

was between 57% and 331% of the initial population.  

Debris sized between five and 10 cm is likely to grow far more rapidly than objects 

≥10 cm in size - as a result, it is probable that a higher number of removals will be required to 

reduce the growth of this population compared with the ≥10 cm population. Thus, any objective 

to prevent the ≥10 cm population from increasing in size must be prepared for objects below 

this size threshold to increase.  

The effectiveness of ADR – it has been shown throughout the simulations that ADR is an 

effective means to assist in controlling the LEO population. Removing objects that are likely to 

collide will inevitably prevent some collisions from occurring, thereby reducing the number of 

fragments and reducing the total debris population.  

The efficiency of ADR - within the context of space debris models, is set by the target 

selection criterion and as such, reduces with increasing removal rate. From a technical point of 

view, it is in our best interest to keep a removal rate to a minimum, to ensure the most efficient 

use of ADR. The more removals performed the less likely each removed object would have 

gone on to have caused a collision. This is shown with the ERF values reducing from 18.3 for 

ADR5 to 11.9 for ADR10.  

It is not certain that the debris population will grow if no ADR activities take place - 

in the simulations performed, 30% of the MC runs showed a reduction in the ≥5 cm population 

and 46% in ≥10 cm population, without the use of ADR. It is possible, then, that an objective to 
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prevent the space debris population growing may already be met without using ADR. 

Unfortunately, this can only be known in hindsight.  

It is not certain that removing 10 objects per year, every year past 2020 will prevent 

the growth of the debris populations - within the scenarios presented, removing 10 objects per 

year saw the populations in 32% of MC runs still increasing, and 6% of MC runs for 

populations ≥10 cm in size. Launch, solar, mitigation and explosion activity can all offset or 

have a larger influence on how the population evolves compared with performing even 

substantial ADR activities. Thus, the number of removals required to control the population is 

dependent upon how we utilise the environment and solar activity. If future launch rates are 

increased combined with low levels of mitigation compliance and solar activity, then more 

removals will be required to control the population and vice versa.  

The advantages of the adaptive strategy - the adaptive strategy can control the size of 

the population within the range of future parameters used. Almost all MC run’s populations 

were within a narrow range of the selected objective chosen. As such, the adaptive strategy 

increases the confidence of achieving a desired objective compared with “traditional” fixed 

removal rates. The AS scenario prevented the growth in 86% of the future MC runs and kept 

92% MC runs within 10% of the objective population size. In comparison, 10 removals per year 

prevented 68% of MC runs from increasing in population and 64% within 10% of the objective 

population size. 

Modifying the frequency of adaptive strategy updates - how often the adaptive 

strategy is updated does not have a strong effect on the overall effectiveness of the strategy in 

achieving its objective. Some variability in results between different triggers or times to update 

exist (18% mean population difference between the highest and lowest scenario populations), 

but these are small compared with the variability seen when utilising an adaptive approach over 

a fixed removal rate. This is an advantageous result, as it demonstrates that flexibility is possible 

within the strategy. There is confidence that, updating the strategy every one, five, or 10 years, 

or even every catastrophic collision, will still be effective at reaching its objective. 

The long-term objective for the sustainability of outer space activities - modifying the 

objective population size determines, in part, the required removal rate. To prevent the 

population increasing by 20% requires on average 4.7 removals per year, whereas to go to 80% 

of the initial population requires on average 11.1 removals per year. 

8.2 Robustness of the Adaptive Strategy  

The adaptive strategy has been implemented within 2,100 future DAMAGE MC runs (2,100 

hours of one quad core computer time). The results from each MC run showed that the strategy 

had a good degree of control over the LEO population, despite a wide range of disturbances 
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incorporated within DAMAGE. The following section is split into four parts analysing the 

robustness, assumptions and possible future improvements of the strategy and its 

implementation within the models used.  

8.2.1 The Adaptive Strategy Framework 

The adaptive strategy framework had a basic structure, with one system input, one system 

output and one objective (Figure 2.1). Adding additional layers within the framework may allow 

the investigation of different variables of the adaptive strategy and could form part of the future 

work in this area. For example, the additions of an actuator and sensor block to the adaptive 

strategy framework in Figure 2.1. The inclusion of an actuator block would simulate various 

implementations of ADR activities such as different target selection criteria, different removal 

mechanisms and times to remove, constrained mission analysis and even mission failures.  

The sensor block, on the other hand, estimates the plant’s output (size of the debris 

population) which feeds into the predictive model. This block represents the current observing 

and tracking of space debris objects. This could be incorporated within the adaptive strategy 

framework to include some realistic uncertainty in the number of smaller sized objects and their 

positions, which then could be fed into CASCADE. 

Other additional factors that were not included within the framework, such as political, 

social and economic factors surrounding the space debris problem, could also be, in theory, 

modelled. However, these can become difficult to simulate, due to their subjective and 

constantly changing nature (Norton and Reckhow, 2008). As a result, the adaptive strategy had 

only one fixed objective and one predictive model.  

The use of an adaptive strategy is not limited to one system input, i.e. the number of 

removals per year. It may incorporate other parameters that can help control the LEO space 

debris population, such as launch rates and masses or compliance with mitigation measures. 

Incorporating additional parameters gives the benefit of further flexibility, as well as a 

potentially greater degree of control over the environment (Morari, et al., 1999). However, 

mitigation measures are well established and unlikely to change due to the momentum of 

existing policies (Anselmo, et al., 2004; IADC, 2007; UNCOPUOS, 2010; Kato, et al., 2013) 

relaxing compliance to mitigation measures may be seen as a step backwards, given how 

effective it is (White, et al., 2012a). Secondly, it is unlikely to be a legal solution that restricts 

launch traffic operations, particularly when space is such a vital asset to nations. The OST states 

that outer space shall be free for exploration and use by all States (UNOOSA, 2002).  

Adapting ADR rates, mitigation compliance and launch traffic simultaneously would lead 

to a trade-off between these factors to find an optimum solution. If the solution were optimised 

to the least cost, it would most likely lead to full compliance with mitigation measures, no 
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launch restrictions and then the minimal removal rate required to maintain the current size of the 

debris population. This is because implementing mitigation measures is relatively cheap 

compared with the revenue generated by satellites and ADR activities (Wiedemann, et al., 2012) 

and satellites, for the most part directly or indirectly generate revenue (Space Foundation, 

2013).  

A final improvement to the adaptive strategy framework could be incorporating a variety 

of different predictive models, or variations in the CASCADE model to determine a more robust 

removal rate. As the predictive models contain assumptions (average masses of objects, drag 

parameters, collision coefficients etc.), a number of models could be used with slightly different 

assumptions. Then a voting system could be used with all the models working together to find a 

removal rate. Having a variety of different predictive models may also be able to replicate the 

differences of different nations models.  

8.2.2 Using a Model Predictive Controller to Tackle the Debris Problem 

Model predictive control evolved in the early 1970s to handle problems associated with the 

control of poorly modelled, complex processes subject to stringent operating constraints and a 

significant number of disturbances caused by uncertainties (García, et al., 1989). One of the 

biggest advantages of MPC is that the predictive model does not have to fully represent the 

system, nor model all possible system interactions within the system to give a reasonable degree 

of control and optimisation (García, et al., 1989). As inputs in the system are updated regularly, 

any discrepancies with previous predictions from the predictive model can be rectified via 

feedback to ensure long-term stability (Wisconsin Department of Natural Resources, 2013). 

This avoids any possible danger of having a highly optimised predictive model that is only 

robust for a small range of assumed uncertainties, which may then be fragile and fail when these 

assumptions are breached (Carlson and Doyle, 2000). There MPCer provides a balance between 

being robust to uncertainties, but also being as optimum as possible (Carlson and Doyle, 2000).  

Building a predictive model to simulate the debris environment with accuracy across a 

wide range of parameters is difficult. Within the space environment, small variations in future 

conditions can have a great effect on the evolution of the population. One of the keys to the 

adaptive strategy’s success was that the predictive model did not necessarily need to be fully 

accurate, yet, because of the feedback incorporated in the MPCer and that regular updates of the 

ADR rate (every five years), good performance was achieved (88% of MC runs achieved their 

objective). The most important aspect of the adaptive strategy is that it did not necessarily need 

to know precisely how the future of the LEO environment would evolve to fulfil its objective. 

The simplest type of MPC is one that uses the current state of the system and uses that to 

determine what action should be taken (i.e. a feedback loop). The results in Section 2.5 have 
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shown that approaches based purely on the debris population at a specific time (gradient 

approach) are not as effective as the adaptive strategy (requiring on average 35% to 56% more 

removals with 34 to 66 fewer MC runs reaching their goal), or in fact any more effective than 

using a fixed removal rate. The debris population cannot be controlled by taking into account 

the present number of objects without looking at the future, as this may not necessarily be an 

indicator of how the environment will evolve over time.  

One objection to the MPC approach it that it is likely to reduce total performance (in any 

singular MC run) in order to be robust against the worst-case (Morari, et al., 1999). Another 

problem discussed in Morari, et al. (1999) is that an excessively misleading predictive model 

may cause a breakdown in the system, by causing large disturbances or cumulative modelling 

error. However, given the results in the thesis, this has not been shown to be the case in the 

current adaptive strategy. There is no MC run where the removal rate is either excessively high 

(50 removals per year for decades) or any MC run where the removal rate was zero when the 

size of the current population was over 10% higher than the objective population size.  

One possible improvement to the current MPCer is to update the parameters in 

CASCADE to reflect the historical values of DAMAGE during each MC run. That is, values 

within CASCADE (such as collision coefficients, drag parameters, ADR coefficients launch 

rates etc.) could be updated throughout each MC run depending upon how the DAMAGE 

population behaves. These potential updates, based on observations of DAMAGE, may then 

improve the predictive model’s precision over time and help prevent sustained discrepancies 

between model and system behaviour. This reflects what occurs in reality, the current set of 

debris models used (DAMAGE, DELTA, LEGEND etc.), are regularly being updated (i.e. 

atmospheric models, breakup models, launch traffic models) based upon new knowledge of the 

evolution of the debris environment. 

8.2.3 Assumptions in the CASCADE Model 

The CASCADE model used a discrete propagation approach to provide an estimation of the 

number of objects in LEO. This allowed a simulation to be performed in under two seconds, 

enabling CASCADE to perform multiple projections rapidly. The CASCADE approach was 

based on mean values of objects’ sizes, masses, and orbits, mean atmospheric density values, 

and mean numbers of generated collision and explosion fragments. This approach limits the 

capability of CASCADE to model individual interactions between objects, which may then 

reduce the accuracy of collision detection in some scenarios (Rossi, et al., 1995).  

Furthermore, CASCADE used uniform probability distributions for all object's positions 

in each altitude band, as well as the generation of collision and explosion fragments and their 

velocities. This does not represent the most realistic distributions. For example, Figure 1.2 
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shows the spatial density of objects as a function of altitude, and this is clearly not uniform over 

any 200 km region. The same uniform distribution was used to generate the number of 

fragments produced when a collision or explosion occurred. Whereas, the NASA standard 

break-up model uses a power law to generate the number of fragments (Johnson, et al., 2001). 

This uniform distribution was used in order to simplify the generation of fragments within 

CASCADE. Modifying this probability to fit the NASA standard break-up model approach 

could be used as a potential upgrade to CASCADE. 

The orbits of objects were assumed to be circular or near-circular, to allow them to fit into 

one altitude band (87% of the total catalogued objects in LEO have an eccentricity <0.1) 

(Space-Track, 2013). However, this circularisation of orbits causes potentially large 

discrepancies on the correct atmospheric drag on objects. Given that the atmospheric density 

reduces approximately exponentially with altitude, objects with high eccentricities will 

experience large fluctuations in atmospheric drag within one orbit. This drag variation may not 

reflect well when constraining all objects to one altitude band. Yet, only a very small number of 

highly eccentric objects (4% of catalogued objects have an eccentricity <0.6 (Space-Track, 

2013)) exist in LEO, and these are typically on geostationary transfer orbits. Given that there is 

only a few of these objects and that they spend only a small portion of time within LEO (<10%) 

they were ignored. This approach is also taken within DAMAGE (Lewis, et al., 2001) and 

LEGEND (Liou, et al., 2004). 

Incorporating the eccentricity of objects into the model requires the addition of 

eccentricity orbital bands, such as Kebschull, et al. (2013) to be utilised. Other orbital elements 

such as the right ascension of the ascending node and argument of perigee were also not taken 

into account in the model. These additions were not included to keep the model as fast and as 

simple as possible. 

Atmospheric drag was the only perturbation modelled in CASCADE. Other perturbations 

(such as Earth oblateness, solar radiation pressure or third body gravitational effects) were not 

included. To calculate these other perturbations required knowledge of individual objects’ 

masses and areas, which were not recorded in the model. Whilst this introduced an error in the 

number of objects in each altitude band, the adaptive strategy was only concerned with the total 

number of objects in LEO at any time, 𝑁𝑁(𝑡𝑡), and as such this error had little impact. 

8.3 Applying an Adaptive Strategy to the Space Debris Problem 

Throughout the history of space activities, the space community has followed an adaptive 

approach in its response to the space debris problem. As early as the 1960s, space debris had 

been recognised as a potential problem (Kessler, 1993). Later in the late 1970s, some mitigation 

measures were informally put into practice (Klinkrad, 2006). Over the following decades, 
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guidelines, policies, standards and other legislation had incorporated more formally established 

mitigation measures. Presently, remediation of the environment is being considered alongside 

mitigation (LTSSA, 2012; IADC, 2013). Over the last 50 years, our increased knowledge of the 

space environment has led us to adapt in our responses in order to limit the potential risk of 

space debris. This adaptation process is an example of an “informal” adaptive approach; 

whereby some adapting has occurred but without any specific, recognised procedures (Bankes, 

1993). This type of approach can be seen in a wide range of disciplines including global 

warming, forestry and fishery management, energy management transport and health care but 

not the space environment. (Parry, et al., 2007; Department of the Interior, 2010; Wisconsin 

Department of Natural Resources, 2013) and may apply to ADR activities. This is however, a 

sub-optimal approach if the focus is to reach a specific objective, as it may end up removing too 

many or too few objects. This thesis has shown that by formalising such an approach and 

utilising the principles of adaptive management, a solution can be found that starts to optimise 

ADR activities in terms of reaching a specific population size.  

 An alternative to an adaptive approach is to rely solely on a fixed removal rate and have a 

relaxed objective (an objective that has a tolerance in debris population size). This has the 

advantage of being less constraining on manufacturers and operators of ADR missions by 

allowing for a set removal rate, and may simplify guidelines or laws concerning remediation. 
Nevertheless, it is not a robust method to reach a specific population goal, given that the results 

have shown such a wide range in population sizes (up to a tenfold difference in population size 

over 200 years for ADR5). 

8.3.1 Agreeing on an Objective for Sustainable Outer Space Activities 

Active debris removal is being investigated at the international level (LTSSA, 2012; IADC, 

2013) and research into potential concepts, targets, and other non-technical challenges are 

becoming more widespread (Lewis et al., 2012a). One of the challenges to the sustainability of 

outer space activities, is the need for the international community to establish clear, credible 

objectives concerning the future of the LEO environment (Secure world Foundation, 2013). 

Challenges, such as “who will finance ADR?”, “what objects should be removed?” and “who 

will remove them?” become harder if there is no recognised international consensus. Without 

well-defined objectives, it may be difficult for ADR activities to form part of a long-term 

solution for the sustainability of outer space activities.  

Fundamentally, most of the space-faring nations have agreed that the sustainability of 

outer space activities is important and must be ensured (UNCOPUOS, 2011). However, each 

nation has different motivations, individual interests in space, numbers of space-assets, 

computational models, political motivations, policy targets and financial constraints. Thus, it 
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may be a challenge to agree on specific international objectives in the short-term. This may limit 

the use of adaptive management, as it requires clear, well-defined objectives (Nyberg, 1999). 

Furthermore, for an adaptive strategy to be a likely success most (if not all) space-faring nations 

would have to take part and agree on a correct course of action (Table 1.1), as outer space is a 

common resource that all nations have the right to access (UNOOSA, 2002). There is, however, 

a risk involved in setting long-term quantifiable objectives for the space environment, as they 

might not be achieved or have to be modified (Lempert, et al., 2002). This may suggest a “going 

round in circles” approach, or increase the risk of wasting money, resources and time (Bankes, 

1993). 

8.3.2 Investigating and Communicating Future Uncertainty 

There will always be future uncertainty concerning space debris predictions. It is difficult to 

predict how the utilisation of space will continue in the coming decades (Eichler, et al., 1993a; 

White, et al., 2014a). In previous decades, modelling studies have looked at this uncertainty, 

predominately in the form of sensitivity studies (Eichler, et al., 1993a; Walker, et al., 2001). Yet 

in recent years, the investigation of uncertainty in future parameters (such as launch or 

explosions rates) has not been as prolific. For example focusing on the specific effectiveness of 

ADR (IAA, 2010; Liou, 2011; Lewis, et al., 2011a; Lewis, et al., 2012a; White et al., 2012b) or 

the effect of mitigation measures (Anselmo, et al., 2001; Klinkrad, et al., 2002; IADC, 2007). 

One reason for this is the increased computational demands required to investigate 

multiple parameters. Walker, et al. (2001) used 10 MC runs to investigate several parameters, 

whereas modern studies use 100 to 200 MC runs making it more time consuming to run 

multiple different parameters. Perhaps, another reason for not incorporating uncertainty into 

studies of the space environment is that doing so reduces the certainty with which conclusions 

can be drawn; which may increase the likelihood that recommended actions will be ignored 

(Department of the Interior, 2010). Additionally, it may be that studies in the last decade have 

been done before and there is a belief that there is no need to revisit or update previous results.  

Not including uncertainty within modelling studies may lead to readers’ misinterpreting 

results as facts (Nyberg, 1999). Furthermore, modelling only average launch rates or mitigation 

compliance may only show part of the “whole picture” of possible future environments. A key 

example of this is works, stating that ADR is a necessity and without which the debris 

population will become unstable (i.e. Levin, et al., 2012; Bonnal, et al., 2013) amongst many 

others. However, according to works in this thesis, along with other studies such as (Lewis, et 

al., 2012a; 2012b) and the IADC (2013) ADR is not necessarily required to reduce the current 

debris population. In these studies, there have been a proportion of MC runs that have reduced 

in population size without using ADR. 

139 



 Summary and General Discussion 

The uncertainty of the future of the space environment must be communicated effectively 

at all levels, be it to key decision-makers or research institutions investigating areas of ADR. 

Communication concerning uncertainty is one of the most important benefits of adaptive 

management (Nyberg, 1999; Parry, et al., 2007) and the adaptive strategy in this thesis. By 

acknowledging, investigating and creating a strategy based around possible uncertainty, it is 

possible to mitigate the risk of uncertainty when it arises (Lee, 1999; Lempert and Schlesinger, 

2002). 

8.4 The Reality of Removing Objects from Near-Earth Space 

This thesis has focused on simulating the effects of implementing ADR on the space debris 

environment. However, there are substantial differences between modelling ADR activities and 

the challenges of implementing ADR in reality.  

The process of implementing ADR within the models used in this thesis has excluded 

operational constraints present in real ADR missions. For example, in real missions limits may 

be imposed on a target object’s mass, size or spin-rate, or constraints on fuel mass may limit the 

selection of potential ADR targets. These constraints were not included within the target 

selection criterion of Equation (1.3). However, work by White et al., 2012b has incorporated 

fuel mass for removal missions, showing that the effectiveness of ADR reduces by only 8% if 

the fuel mass is added as a constraint to the selection criterion. Also not included within the 

modelling process was the potential increase in risk to the environment in the short-term by 

deploying new objects into the space environment. To remove an object, there must be an 

interaction with it (including non-contact ADR methods). Temporarily the total collision cross-

section and mass in orbit increases and thus, the short-term collision risk also increases. 

Furthermore, if an ADR mission were to fail there would be added mass and an increased 

collision cross-section into the environment. Because the target object is high risk (and probably 

long-lived), any failed ADR mission will also represent a relatively high risk. 

An assumption of the adaptive strategy was that ADR activities would commence in the 

year 2020. It may be that wide-scale ADR will occur not by this time. That said, technology 

demonstration missions are being planned for 2015-16. This assumption was selected to be in 

line with previous ADR modelling studies such as Liou and Johnson (2009) and Lewis, et al. 

(2009a) in order to compare between works already published.  

The adaptive strategy constrained the maximum number of removals to 50 objects per 

year. It was assumed that this would be the maximum number of removals by current 

technology (Eichler, et al., 1993b; Wormnes, et al., 2013) and in previous ADR studies removal 

rates of up to 15 objects per year were quoted (IAA, 2010). There are ADR concepts that could 

potentially increase this maximum removal rate to hundreds of objects per year, through the use 

140 



 Summary and General Discussion 

of tethers, solar sails or rocket motors. However, only 0.5% of all MC runs required 50 

removals per year and this was for no more than five years at a time. This stopped any potential 

massive increased in removal rate within CASCADE. 

The effectiveness of ADR within modelling studies is determined by comparing the 

results of scenarios with ADR to the results of those without ADR. Active debris removal can 

only be seen as effective in reducing the long-term population if the objects removed would 

have gone on to have been involved in a collision. However, in the space debris environment, it 

is difficult to measure the true effectiveness of ADR, as once an object has been removed it may 

be impossible to know if it would have gone on to collide in the future. This means that 

currently you cannot directly measure the effectiveness of ADR (although a reduction in the 

number of objects and collisions is seen in computational models). Only observing the historical 

trends in the number of objects and collisions, after the implementation of ADR can you see if, 

this trend has changed. This however, cannot be attributed to a particular removal.  

The result of applying the target selection criterion in Equation (1.3) is that the removal 

of between 30 and 50 objects are required to prevent one collision from occurring (Liou and 

Johnson, 2009; Lewis, et al., 2009a; White, et al, 2014a; 2014b). Indeed, results in this thesis 

have shown that collision probabilities as low as 0.007% per year were enough, in most cases, 

for objects to be selected for removal (White, et al, 2014a). Instead of removing objects, another 

option proposed by McKnight (2012), is to deploy rapid response missions to move objects that 

are very likely to collide. As these missions are launched quickly (timescales of days/weeks), 

the collision probability of objects can be estimated with greater certainty. This has been coined 

by McKnight as “just-in-time” collision avoidance. 

A third ADR mission option is also possible, launching missions into orbit and waiting 

until objects close by have a high risk of collision and then removing those objects. The benefits 

of this include longer times to conduct ADR operations, whilst removing objects that we have 

greater confidence in their calculated collision probabilities we predict (more likely to collide 

over collision probabilities determined years in advance). 

8.4.1 Balancing the Cost of Removing Objects against the Cost of Sustainability 

A predominant issue in most, if not all, environmental problems is minimising the financial 

cost. There must be a balance between the cost of implementing mitigation and remediation 

measures and the costs associated with an increasing debris population. 

The cost of removing objects from space is likely to exceed billions (Weeden, 2011): 

technologies must be developed, systems manufactured, launched and operated. Costs between 

five and 500 million USDs have been estimated per removal depending on the ADR mechanism 

used (Wiedemann, et al., 2012). On the other hand, the costs associated with an increasing 
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debris population are more difficult to estimate. An increase in the number of collisions 

involving active satellites, an increasing number of collision avoidance manoeuvres, increase in 

shielding costs of satellites and even the long-term risk of orbital regions becoming inoperable 

make financial costs uncertain. The lowest cost option may be to have no ADR activities at all. 

Given that 30% of the MC runs in this thesis did not require any removals to prevent the 

population from increasing in size, the cheapest and easiest “solution” is to have no ADR and 

rely on continuing and improving implementation of mitigation measures. This “wait and see” 

approach is not proactive, nor is it addressing the debris problem (LTSSA, 2012), particularly in 

the long-term.  

In this thesis, the cost function, 𝐽𝐽, identified in the introduction chapter as part of the 

MPCer (Equation (1.4)), had two weighting coefficients, 𝑤𝑤𝑁𝑁 and 𝑤𝑤𝑅𝑅. These coefficients 

determined the ratio of importance between achieving the desired debris population (𝑤𝑤𝑁𝑁) and 

the financial cost of modifying ADR activities (𝑤𝑤𝑅𝑅). Using the weighting coefficients, may 

make it possible to further optimise the adaptive strategy to minimise long-term financial cost. 

The results presented in this thesis were based on the objective to achieve a desired debris 

population, and as such financial cost was ignored as then the objective would have shifted to 

determining removal rates based on optimising financial cost rather than what may be best for 

the environment. 

8.5 Impact of the Work 

In the coming years, guidelines relating to ADR are likely to become a high priority for 

spacefaring nations. Already, this is being discussed at the international level (LTSSA, 2012). 

Ideally, the method used in this thesis, or similar, will be adopted by the space community; and 

if ADR activities commence in a large-scale manner, an adaptive strategy will be used to 

determine how many removals are necessary for the sustainability of outer space activities.  

Perhaps the biggest obstacle in implementing an adaptive approach lies in encouraging 

decision-makers to accept a more formal adaptive approach to the management of the space 

debris problem. It is the author’s desire that works like this thesis will help to highlight the 

uncertain and changing nature of the debris environment and to provide evidence that 

implementing fixed removal rates over the long-term is not the optimum approach to secure the 

sustainability of outer space activities. Dissemination of the works in this thesis, via conference 

and journal paper presentations and individual discussions has already raised substantial interest 

within the space debris community. Therefore, the main impact for this thesis is to communicate 

and provide evidence for an adaptive strategy. This may then prompt further modelling studies 

at the international level, dealing with uncertainties and various degrees of adaptive strategies. 

Any decision-makers constructing ADR guidelines may consider this work of value. 
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9. Conclusion 

We increasingly rely on satellites and their benefits to our quality of life on a day-to-day basis. 

As a result, the sustainability of outer space activities has become a high priority for all nations 

with space assets. Over the last decade, research investigating all aspects of ADR has increased, 

to the point where now demonstration missions are being planned in the next three years. One of 

the key challenges of performing large-scale ADR operations is: how can we make the most 

effective use of ADR to help in ensuring the sustainability of space activities? 

It is difficult, if not currently impossible, to determine exact ADR rates that will achieve 

this with full confidence given the future uncertainty of the space debris environment. This 

thesis highlighted some variability in the parameters used to model the long-term evolution of 

the LEO debris environment, and has shown that the LEO ≥5 cm population can vary by a 

factor of 10 between the minimum (9,242 objects) and maximum (97,664 objects).  

Active debris removal is a proactive measure for assisting in controlling the LEO 

population: on average removing five objects per year is able to reduce the net growth in the ≥5 

cm population over 200 years to only a 4.5% increase from the initial population. However, in 

some cases, removing objects from orbit at a fixed rate cannot be relied upon to maintain the net 

size of the debris ≥5 cm population after 200 years. For example, removing 10 objects per year 

from orbit still resulted in the LEO debris population in one-third of the MC runs increasing in 

size over 200 years. On the other hand, in almost one-third of the MC runs no ADR was 

required to maintain or reduce the ≥5 cm population size.  

This thesis proposes a flexible approach that incorporates uncertainty with respect to 

ADR activities. The adaptive strategy has combined elements of adaptive management and 

control engineering; by monitoring and evaluating the LEO debris environment the adaptive 

strategy, has been shown to be more effective at controlling a desired space debris population, 

compared with a non-adaptive approach. The adaptive strategy removed 6.2 objects per year, on 

average, and had 14% more MC runs maintaining the net size of the population compared to a 

scenario where 10 objects were removed every per year.  

The efficiency of ADR is likely to reduce as the removal rate increases for the target 

selection criterion used in this thesis. This was shown by ERF values that decreased as more 

removals were performed (ERF values for ADR5, AS, and ADR 10 were 118.3, 17.4 and 11.9 

respectively). Whilst ADR is effective, the average number of removals required to prevent one 

collision occurring was 40.9 for ADR10, 26.3 for ADR5 and 25.4 for the AS.  
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 Even in the worst-case simulation, the number of removals required by the adaptive 

strategy was relatively small. The highest average removal rate for one particular MC run was 

just over 26 removals per year. On average, it took 13.6 removals per year to reduce the 

population to its smallest size. Performing more removals than this will have little effect on the 

number of objects in the environment. 

Due to the positive results, it is recommended that future studies involving ADR begin to 

include some sort of a monitoring and adjusting approach to provide a realistic representation of 

how ADR may be utilised in the future.  
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